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Cognitive Predictors of a Common Multitasking Ability: ContributionsFrom Working Memory, Attention Control, and Fluid Intelligence
 Thomas S. RedickPurdue University
 Zach ShipsteadArizona State University
 Matthew E. MeierWestern Carolina University
 Janelle J. MontroyUniversity of Texas Medical School at Houston
 Kenny L. HicksGeorgia Institute of Technology
 Nash UnsworthUniversity of Oregon
 Michael J. KaneUniversity of North Carolina at Greensboro
 D. Zachary HambrickMichigan State University
 Randall W. EngleGeorgia Institute of Technology
 Previous research has identified several cognitive abilities that are important for multitasking, but fewstudies have attempted to measure a general multitasking ability using a diverse set of multitasks. In thefinal dataset, 534 young adult subjects completed measures of working memory (WM), attention control,fluid intelligence, and multitasking. Correlations, hierarchical regression analyses, confirmatory factoranalyses, structural equation models, and relative weight analyses revealed several key findings. First,although the complex tasks used to assess multitasking differed greatly in their task characteristics anddemands, a coherent construct specific to multitasking ability was identified. Second, the cognitive abilitypredictors accounted for substantial variance in the general multitasking construct, with WM and fluidintelligence accounting for the most multitasking variance compared to attention control. Third, themagnitude of the relationships among the cognitive abilities and multitasking varied as a function of thecomplexity and structure of the various multitasks assessed. Finally, structural equation models based ona multifaceted model of WM indicated that attention control and capacity fully mediated the WM andmultitasking relationship.
 Keywords: multitasking, working memory, attention, fluid intelligence
 Supplemental materials: http://dx.doi.org/10.1037/xge0000219.supp
 One hallmark of human behavior is the ability to retrieve andcarry out actions for multiple goals, in rapid succession. To suc-cessfully complete many daily activities, people retrieve previ-ously learned information, establish the appropriate motor program
 given the current context, and plan future actions or intentions.Many individuals are able to perform such functions not only forthe successful fulfillment of one goal, but also for multiple goalsconcurrently. This ability to multitask is important, and has been
 Editor’s Note. Naomi Friedman served as the action editor for thismanuscript.—IG
 Thomas S. Redick, Department of Psychological Sciences, PurdueUniversity; Zach Shipstead, Department of Social and Behavioral Sci-ences, Arizona State University; Matthew E. Meier, Department ofPsychology, Western Carolina University; Janelle J. Montroy, Depart-ment of Pediatrics, University of Texas Medical School at Houston;Kenny L. Hicks, School of Psychology, Georgia Institute of Technol-ogy; Nash Unsworth, Department of Psychology, University of Oregon;Michael J. Kane, Department of Psychology, University of North Car-
 olina at Greensboro; D. Zachary Hambrick, Department of Psychology,Michigan State University; Randall W. Engle, School of Psychology,Georgia Institute of Technology.
 Zach Shipstead is now at Department of Psychology, Alma College.The project described in this article was funded by the Office of Naval
 Research (Award N000140910129) to Randall W. Engle. While writingthis article, Randall W. Engle and Thomas S. Redick were supported by theOffice of Naval Research (Award N00014-12-1–1011).
 Correspondence concerning this article should be addressed to ThomasS. Redick, Department of Psychological Sciences, Purdue University, 703Third Street, West Lafayette, IN 47907. E-mail: [email protected]
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studied extensively in and out of the lab using various paradigms(for review, see Salvucci & Taatgen, 2008). However, severalquestions remain unanswered, especially regarding individual dif-ferences, and we address these in the current research:
 Research Question 1: To what degree does a general multi-tasking ability exist, such that certain people are more suc-cessful (and others are less successful) multitaskers acrossdifferent contexts?
 Research Question 2: What is the relative importance ofworking memory (WM), attention control, and fluid intelli-gence abilities to multitasking performance?
 Research Question 3: Does the nature of the multitaskingsituation affect the relative importance of these cognitiveconstructs?
 Research Question 4: Does the power of WM to predictmultitasking depend on how the WM construct is measured?
 To address these questions, we adopted an approach wherebymultiple computerized tasks were used to assess cognitive abilitiesrelevant to multitasking performance (WM, attention control, andfluid intelligence). In addition, we approached the construct ofmultitasking using a varied set of complex tasks. Finally, weadministered the measures to a large and diverse sample of youngadults, to generate a wide range of individual differences in theabilities assessed.
 Defining Multitasking
 There are varied perspectives among both researchers and lay-persons about what constitutes multitasking. For present purposes,we adopt the definition of multitasking provided by Oswald,Hambrick, and Jones (2007). Multitasking requires (a) performingmultiple tasks, (b) consciously shifting from one task to another,and (c) performing the component tasks over a relatively shorttime span. In the current work, we do not measure aspects ofmultitasking such as media multitasking (Ophir, Nass, & Wagner,2009), which assesses via self-report one’s frequency of concur-rently engaging in multiple computerized technologies. Indeed,multiple studies have observed that one’s self-reported frequencyof, or preference for, multitasking is not a positive predictor ofactual multitasking performance (Poposki & Oswald, 2010; San-bonmatsu, Strayer, Medeiros-Ward, & Watson, 2013). In addition,we do not measure multitasking with traditional laboratory-basedtechniques such as dual tasks designed to measure the psycholog-ical refractory period (for review, see Meyer & Kieras, 1997).
 Previous multitasking research has typically taken one of twoapproaches. One method has been to administer a specific multi-task to novice subjects and examine multitasking performanceafter extensive practice (e.g., Ackerman, 1988, 1992; Salthouse,Hambrick, Lukas, & Dell, 1996). Another, more applied approach,has examined the differences among individuals that work in aparticular multitasking environment, such as emergency medicaldoctors (Ledrick, Fisher, Thompson, & Sniadanko, 2009) or air-traffic controller trainees (Ackerman & Kanfer, 1993). While theseresearch approaches have been informative about how multitask-ing performance changes over time, they have limitations that an
 alternative research tactic may overcome. First, understandingexpertise in multitasking is appropriate for some research goals,but may not be beneficial for applications where extended practiceis neither feasible nor practical. Second, and most importantly,investigation of one particular multitask context may provideinformation that is applicable mainly to that particular context, andnot multitasking more generally. For example, many studies onmultitasking have used the Multiattribute Task Battery (MATB;Comstock & Arnegard, 1992) as the multitasking measure; inbrief, the MATB requires subjects to perform tasks similar to thoseperformed by airline pilots (monitoring, tracking, communication,fuel management, and scheduling future tasks). However, MATBperformance may not be indicative of multitasking ability morebroadly. Perhaps the MATB relies more heavily on spatial versusverbal abilities, or perhaps the number of component tasks withinthe MATB drives any associations with other constructs, comparedto a multitask with just two component tasks. While the MATBmay be relatively insensitive to effects of sleep deprivation (Lopez,Previc, Fischer, Heitz, & Engle, 2012), research using other mul-titasks such as SynWin (Elsmore, 1994) has demonstrated thatsleep deprivation has a considerable detrimental effect on perfor-mance. An analogy can be drawn with the literature on executivefunctions—choosing one particular executive control task (e.g.,Stroop) may provide different results than if another executivecontrol task (e.g., random number generation) is used (Friedman &Miyake, 2004; Miyake et al., 2000).
 One novel goal of the current study, then, was to examine perfor-mance across a variety of multitasks, to assess multitasking in mul-tiple dimensions and also to see whether we could measure, at thelatent-variable level, a general multitasking ability that was indepen-dent of the method-variance used in any one multitask measure. Themultitasks are described in more detail in the Method, but we high-light the varying nature of the multitasks below:
 SynWin: simultaneous performance of four unrelated tasks varying inself- and externally paced timing; visual and auditory informationprocessing; verbal and numerical stimuli
 Control tower: primary speeded, self-paced task with externally pacedinterruptions; visual and auditory information processing; verbal, nu-merical, and symbolic stimuli
 Air traffic control-lab: speeded decisions while accounting for mul-tiple sources of dynamically updating information; visuospatial andtemporal processing; verbal and numerical stimuli
 By measuring multitasking using multiple measures, we were ableto examine whether a general multitasking ability was representedacross the three tasks. Note that previous research has not alwaysobtained significant correlations between multitasking measures. Forexample, Logie, Trawley, and Law (2011) administered the Edin-burgh Virtual Errands Test and the cooking breakfast task (Craik &Bialystok, 2006) to a large sample of healthy young adults andobserved no correlation between performance on the two tasks.
 In addition to our interest in a general multitasking ability, we alsosought to treat each multitask as a separate criterion by which toexamine the relative importance of different cognitive abilities inrelation to each multitask. For example, Ackerman and Beier (2007)observed that WM, intelligence, perceptual speed, and psychomotormeasures were strongly correlated with performance on two differentsimulated air-traffic control multitasks. However, Ackerman and
 Thi
 sdo
 cum
 ent
 isco
 pyri
 ghte
 dby
 the
 Am
 eric
 anPs
 ycho
 logi
 cal
 Ass
 ocia
 tion
 oron
 eof
 itsal
 lied
 publ
 ishe
 rs.
 Thi
 sar
 ticle
 isin
 tend
 edso
 lely
 for
 the
 pers
 onal
 use
 ofth
 ein
 divi
 dual
 user
 and
 isno
 tto
 bedi
 ssem
 inat
 edbr
 oadl
 y.
 1474 REDICK ET AL.

Page 3
                        

Beier (2007) additionally observed that spatial abilities predictedunique variance (beyond other ability measures) in one multitask butnot the other, whereas WM abilities showed the exact opposite pat-tern. Similarly, Logie et al. (2011) observed that both verbal andspatial WM significantly correlated with performance on one multi-task (Edinburgh Virtual Errands Test) but were not correlated withperformance on another (cooking breakfast task). Such findings indi-cate that using one particular multitask measure can influence theinterpretation of how important certain cognitive and noncognitiveabilities are in predicting individual differences in multitasking, andmay limit the generality of such results.
 Cognitive Correlates of Multitasking
 Previous research on multitasking has shown that while thereare numerous predictors of multitasking performance, WM ac-counts for significant multitasking variance beyond that predictedby intelligence, attention, perceptual speed, polychronicity (self-preference for multitasking), extraversion, and videogame experi-ence (Ackerman & Beier, 2007; Bühner, König, Pick, & Krumm,2006; Colom, Martínez-Molina, Shih, & Santacreu, 2010; Ham-brick, Oswald, Darowski, Rench, & Brou, 2010; Hambrick et al.,2011; König, Bühner, & Murling, 2005; Morgan et al., 2013).Germane to the current study is the finding that individual differ-ences in WM account for multitasking performance beyond thatmeasured by attention and fluid intelligence. WM, attention con-trol, and fluid intelligence are strongly interrelated constructs(Engle, 2002; Kane, Conway, Hambrick, & Engle, 2007; McCabe,Roediger, McDaniel, Balota, & Hambrick, 2010), although theyare not identical (Heitz et al., 2006; Unsworth, Redick, Heitz,Broadway, & Engle, 2009; but see Martínez et al., 2011). Thefinding that WM accounts for incremental variance in multitaskingafter accounting for fluid intelligence (e.g., Ackerman & Beier,2007; Colom et al., 2010; Hambrick et al., 2010) is importantgiven the ubiquitous role that intelligence plays as a predictor ofhuman behavior (e.g., Hunter, 1986). Indeed, Hambrick et al.(2010) suggested “that [WM capacity] is more fundamental than[fluid intelligence] in accounting for individual differences inmultitasking” (p. 1160), and Colom et al. (2010) concluded that“intelligence is a weaker predictor [of multitasking] than workingmemory” (p. 550). It is probably less surprising that WM is astronger predictor of multitasking than attention is (Hambrick etal., 2011; König et al., 2005), given the relative complexity of WMtasks (see below). We note, however, that the type of attentiontasks used in those studies (e.g., task-switching) has been shown tobe only weakly related to individual differences in WM (Kane etal., 2007; Redick, Calvo, Gay, & Engle, 2011), in contrast to otherattention control measures such as the Stroop and Eriksenflankers tasks (e.g., Unsworth, Spillers, & Brewer, 2009). In thecurrent study, we therefore simultaneously assessed WM, at-tention control, and fluid intelligence using multiple indicatorsof each construct and assessed their relative importance toindividual differences of various types of multitasking criterionmeasures. In addition, we assessed each of the cognitive pre-dictors using a combination of verbal and nonverbal stimuli, incontrast to, for example, Morgan et al. (2013), who used only averbal WM task.
 Measurement of Working Memory
 Another question assessed in the current study was how themeasurement of the WM construct might affect its observed rela-tionship with multitasking. Several studies that have shown strongcorrelations between WM and multitasking measured WM usingonly complex span tasks (Colom et al., 2010; Hambrick et al.,2010; Morgan et al., 2013). An example of a complex span task isoperation span (Turner & Engle, 1989), in which subjects alter-nately mentally solve math problems and encode letter sequencesfor later recall (for further discussion of complex span tasks, seeRedick et al., 2012). An inherent limitation in using only complexspan tasks to measure WM is that complex span tasks are dualtasks themselves, and in fact have even been used as a multitaskcriterion in the literature (Sanbonmatsu et al., 2013). Thus, thefinding that a dual task (viz., operation span) strongly predictsperformance on a multitask would not be particularly surprising,despite differences in the exact components of the measures.
 The simple choice would seem to be to use measures other thancomplex span tasks to represent the WM construct. However, com-plex span tasks have been used in the bulk of the individual differ-ences and aging literature showing that WM is strongly related toattention control and intelligence (Kane et al., 2007). In addition, otherresearch has indicated some differences in what different types ofWM tasks measure. First, a meta-analysis by Redick and Lindsey(2013) showed that the zero-order correlation between complex spantasks and n-back tasks is weak. Second, a latent-variable study (Ship-stead, Redick, Hicks, & Engle, 2012) suggested that complex spanand change detection measures, despite being strongly correlated,accounted for differential variance in fluid intelligence.1
 However, other research has indicated that complex span tasksare not “special” measures of WM, and that the variance tapped insuch tasks is very similar to the variance present in other WMmeasures. Colom, Shih, Flores-Mendoza, and Quiroga (2006)noted the overlapping variance between simple span and complexspan measures of immediate memory, suggesting they largelyreflect the same variance (see also Unsworth & Engle, 2007). Inaddition, Schmiedek, Hildebrandt, Lövdén, Lindenberger, andWilhelm (2009) explicitly tested whether a WM factor composedsolely of complex span tasks was separable from a WM factorcomposed of noncomplex span tasks such as n-back, memoryupdating, and alpha span. Schmiedek et al. concluded that the twoWM factors were correlated at 1.0 and accounted for similarvariance in fluid intelligence, suggesting that individual differ-ences in WM as measured by complex span tasks are nearlyidentical to individual differences in WM as measured by otherupdating tasks. Likewise, previous research has shown that com-plex span tasks and noncomplex span tasks such as running span(Broadway & Engle, 2010; Cowan et al., 2005) and immediate freerecall (Unsworth & Engle, 2007) measure largely (although notidentical) overlapping variance. Given both the prevalence of
 1 Note that Data Set A in Shipstead et al. (2012) is from the currentstudy, and contained analyses specifically on the trial types within thechange detection task in relation to WM and fluid intelligence. Unsworthet al. (2015, Experiment 2) contains analyses of a questionnaire aboutvideo game experience in relation to many of the tasks presented here.Otherwise, the data in the current study have not been previously pub-lished.
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complex span tasks as individual differences measures of WM, andtheir potential limitation as dual tasks to measure the role of WMin relation to multitasks, we included both complex span tasks andnoncomplex span tasks as measures of WM.
 In addition, we conducted analyses to further specify which aspectsof WM are important for the prediction of multitasking. Previouswork has mostly looked at WM tasks as multitasking predictors in anatheoretical nature, without adopting a particular framework to de-compose the WM–multitasking relationship. Based on a multifacetedWM model (Unsworth, Fukuda, Awh, & Vogel, 2014) that suggestsindividual differences in WM are due to (a) differences in capacitylimits, (b) attention control, and (c) secondary memory, we examineda series of models investigating whether attention control and/orcapacity limits mediated the WM–multitasking relationship. Thisanalysis approach has been useful for investigating the relationshipbetween subcomponents of WM and fluid intelligence (Shipstead,Lindsey, Marshall, & Engle, 2014; Unsworth et al., 2014) and goesbeyond previous research that solely examined whether or not WM isa predictor of multitasking.
 Method
 Subjects
 A total of 586 subjects (226 male, 354 female, gender informa-tion missing for six subjects) were tested at four universities:Georgia Institute of Technology, University of Georgia, MichiganState University, and University of North Carolina at Greensboro.All subjects were healthy young adults between the ages of 18 and30. In addition to testing college students, 117 of the subjectstested at the Georgia Tech site were community volunteers notattending Georgia Tech. These subjects included both students atother metropolitan Atlanta colleges and nonstudents. Five hundredthirty-four subjects completed all three test sessions (9% attrition).Of these 534 subjects, due to experimenter error, computer error,and other issues, data for all tasks were not available for 91subjects (missing data for 0.80% of all possible dependent variablecases). Cases of missing data were imputed using a maximumlikelihood parameter estimation algorithm, which is generally re-garded as a better alternative to listwise deletion of subjects withmissing data (Schafer & Graham, 2002). All analyses reported arebased on N � 534 subjects.
 Working Memory–Complex Span2
 All complex span tasks were automated, presenting stimulionscreen and collecting responses via mouse click. Each task firstpresented a brief practice block on the memory portion, then on theprocessing-task portion (in which response times were measured),and then on the combined processing-plus-memory task. In theexperimental task blocks, the processing portion had an individu-alized response deadline, corresponding to the subject’s processingpractice mean reaction time (RT) plus 2.5 SD (exceeded deadlinescounted as processing errors). In each task, the list lengths wererandomly intermixed, meaning that the number of to-be-remembered items was unpredictable on each trial, given researchdemonstrating the increased predictive validity in contrast to se-quential presentation (St. Clair-Thompson, 2012). Each task pre-
 sented three trials of each list length. The complex span tasks areavailable for download from http://englelab.gatech.edu/tasks.html.
 Operation span (Redick et al., 2012; Unsworth, Heitz,Schrock, & Engle, 2005). Subjects must solve a math equation,and then encode a to-be-remembered letter. After three to sevenmath–letter elements, subjects are required to recall the letters inthe order in which they were presented. The score was the numberof letters recalled in the correct order (maximum � 75).
 Reading span (Redick et al., 2012; Unsworth et al., 2009).Subjects must make a veridical decision about the semantic con-tent of a sentence, and then encode a to-be-remembered letter.After three to seven sentence-letter elements, subjects recall theletters in serial order. The score was the number of letters recalledin the correct order (maximum � 75).
 Symmetry span (Redick et al., 2012; Unsworth et al., 2009).Subjects must make a vertical symmetry judgment about a black-and-white grid figure, and then are presented with a red-squarelocation within a 3 � 3 matrix that is to be remembered. After twoto five symmetry–square elements, subjects are required to recallthe squares in serial order. The score was the number of squaresrecalled in the correct order (maximum � 42).
 Rotation span (Kane et al., 2004; Shah & Miyake, 1996).Subjects must make a normal-mirror decision about a rotatedletter, and then are presented with a to-be-remembered short orlong arrow pointing in one of eight specific orientations. After twoto five rotation–arrow elements, subjects are required to recall thearrow directions in serial order. The score was the number ofarrows recalled in the correct order (maximum � 42).
 Working Memory–Other3
 Keeping track (Engle, Tuholski, Laughlin, & Conway, 1999;Yntema & Mueser, 1962). Preceding each list of words, sub-jects are presented with two to six different categories (metals,
 2 In addition to the measures described here, three other measures wereadministered but removed from the final analyses. Math access (Oberauer,2002; Salthouse, Babcock, & Shaw, 1991) was included as a measure ofWM–updating, but due to a programming error, some trials had totals thatviolated the rules given to subjects (e.g., final counts were negative orgreater than 10). A spatial delayed-match-to-sample task (Rowe, Toni,Josephs, Frackowiak, & Passingham, 2000; Rowe & Passingham, 2001)was included as a measure of WM–maintenance, but subjects had difficultyunderstanding the instructions, and the scoring method (mean squared errordeviation from the correct location in the x and y planes) yielded widelyvarying values exceedingly higher than those obtained by subjects in Roweand Passingham (2001). Finally, we also administered a nonadaptiveversion of the dual n-back (Jaeggi et al., 2007) as a measure of multitask-ing, but excluded the task from analyses because there was a relatively highrate of nonresponders on the task. That is, out of the 530 subjects for whichdual n-back data are available, 78 subjects (15% attrition) never made abutton response to the auditory and/or visual component of the task. We arenot sure why this task had such a high rate of nonresponse.
 3 Our initial intent with this category of tasks was to separately measureupdating and maintenance to further elucidate the contributions of WM to theprediction of multitasking. However, initial analyses suggested very strongrelationships among the intended updating and maintenance tasks, indicatingthere were measuring largely overlapping processes. In hindsight, given theresults of other research using these tasks as either measures of WM orupdating (Cowan et al., 2005; Engle et al., 1999; Poole, 2012), the lack ofdiscriminant validity between the intended updating and maintenance tasks isnot surprising. Therefore, in our analyses examining the WM construct, wecombined the intended updating and maintenance tasks into a WM compositeseparate from the complex span tasks.
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animals, colors, distances, countries, relatives). Then, a list of 16words is presented, with each word shown onscreen for 1,500 ms(and a 250-ms blank screen between each word). After the finalword in the list is presented, the subject must recall the lastexemplar of each category when probed. At recall, six exemplarsare presented for each category cued before the list, and subjectsuse the mouse to click on the most recently presented exemplar foreach category. Each list includes at least one exemplar from eachof the six categories. Each category occurred equally often as acued category across trials. The practice section presented twotrials each of one- and two- category lists; the experimental blockpresented three trials each of two-, three-, four-, five-, and six-category lists (randomly intermixed). The number of correctlyrecalled final exemplars across the 15 experimental lists is used asthe dependent variable (maximum � 42).
 Matrix monitoring (Salthouse, Atkinson, & Berish, 2003).Subjects are presented with either one or two 4 � 4 matrices witha single cell highlighted for 2,500 ms. Next, a series of one to fourarrows are presented, indicating the movement of the highlightedcell within the matrix. A probe matrix is displayed and the subjecthas to indicate whether the probe cell is the correct location of thetarget cell based on the series of arrows. In the experimental block,eight of the 16 trials presented one matrix, while the other eighttrials presented two matrices simultaneously. On half of the trials,the probe cell matched the updated location of the target cell, andthe other half of the trials, the probe cell location was in anadjoining cell of the updated location of the target cell and thus didnot match. Four trials each of one, two, three, or four arrowupdates are presented. The proportion of correct probe decisions isused as the dependent variable.
 Continuous counters (Garavan, 1998; Unsworth & Engle,2008). Subjects are instructed to keep a running count of each ofthe number of squares, circles, and triangles presented on a giventrial (15 trials total). Shapes are presented individually, and sub-jects must add to the existing count for each type of shape. This ismade difficult by randomly switching shape type six or seventimes within each trial, and presenting an unpredictable number ofstimuli for each trial. At the end of the trial, subjects are asked toreport in order the number of squares, circles, and triangles pre-sented. The correct final counts on each trial varied between threeand seven on each trial. The correct proportion of correct finalcounts is used as the dependent variable.
 Change detection (Morey & Cowan, 2004; Shipstead et al.,2012). Subjects are presented for 250 ms with a display of four,six, or eight colored (white, black, red, yellow, green, blue, purple)squares on a light gray background. The display disappears for 900ms, and then the array reappears with all squares in the samelocations. One of the reappearing squares is circled, and subjectsmust report whether the circled squares is the same color as it waswhen originally presented. There were 60 total trials in the exper-imental block, evenly divided among the three set sizes (four, six,eight) and answer type (color change, color same). A bias-corrected measure of capacity (k; Cowan et al., 2005) is used as thedependent variable.
 Visual brief report (Poole, 2012; Sperling, 1960). Subjectsare presented with three to eight letters simultaneously in randomlocations within a 4 � 4 grid. The letters are presented for 100 ms,and the subject then is instructed to report as many letters in anyorder as possible, using the same mouse-click response procedure
 as operation span and reading span. After five practice trials, theexperimental block contains four trials of each array size (three,four, five, six, seven, eight), for a total of 24 trials. The totalnumber of letters correctly reported across 24 trials is used as thedependent variable (maximum � 132).
 Attention Control
 Antisaccade (Hallett, 1978; Kane, Bleckley, Conway, &Engle, 2001). In this task, subjects must identify a briefly pre-sented letter. A variable duration fixation screen (200, 600, 1,000,1,400, or 1,800 ms) displays a string of asterisks (���) in the middleof the screen. An equal sign (�) cues flashes (onscreen for 100 ms,blank for 50 ms, onscreen again for 100 ms), immediately fol-lowed by a backward-masked B, P, or R (for 100 ms). Thesubject’s job is to indicate which letter was presented via keypress, using the left, down, and right arrow keys with stickersmarked as B, P, and R, respectively. First, in the 30 response-mapping trials, the cue and letter are presented in the center of thescreen. Next, subjects complete 15 prosaccade trials, in whichthe cue and letter are presented on either the left or right side of thescreen, but the cue and letter occur on the same side on a particulartrial. On the critical antisaccade trials, the cue and letter also arepresented on the either the left or right side of the screen, but thecue and letter occur on opposite sides on a particular trial. This ismade difficult by the fact that the flashed asterisk tends to captureattention to the opposite side of the screen from where the subse-quent letter stimulus is presented. After completing 10 practiceantisaccade trials, the experimental block includes 60 antisaccadetrials, equally divided between left and right letter locations andamong the three letter responses. The proportion of errors across60 trials is used as the dependent variable.
 Go/no-go (McVay & Kane, 2009; Robertson, Manly, An-drade, Baddeley, & Yiend, 1997). In the semantic version ofthe sustained-attention-to-response task, subjects must decidewhether each backward-masked word (presented for 300 ms, up to1,200 ms to respond) is an exemplar of animal or food. Onlyanimal words required a key press of the space bar with thesubject’s dominant hand, and these “go” stimuli occurred on88.9% of all trials (540 trials total). Food words required subjectsto withhold the response, and these “no-go” stimuli occurred on11.1% of all trials. The ability to withhold a response to no-gostimuli is made difficult by the high frequency of responding to gostimuli. Sensitivity (d=) and RT variability (individual standarddeviations) on correct trials are used as the dependent variables,following McVay and Kane (2009).
 Spatial Stroop (Daniels, 2002; Simon & Rudell, 1967).Subjects are instructed to ignore the location of the arrow (left,center, or right part of the computer screen) and instead respondonly to the arrow’s pointed direction (left or right), using the z and/ keys labeled with left and right arrow stickers, respectively.Subjects first complete 16 response-mapping practice trials, inwhich the arrows appear in the center location onscreen. In theexperimental block, the decision is made difficult because on 75%of the 144 total trials, the location and direction information arecongruent (e.g., a left-pointing arrow on the left side of the screen),whereas on 12.5% of trials, the location and direction informationare incongruent (e.g., a left-pointing arrow on the right side of thescreen), and on the remaining 12.5% of trials (neutral), the arrow
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appears in the center location onscreen. An equal number of leftand right arrows were presented within each trial type. The meanRT difference between correct responses on the incongruent trialsminus the congruent responses is used as the dependent variable.
 Cued visual search (Poole & Kane, 2009). Subjects mustdecide whether an F located within a 5 � 5 array of 25 letters(comprising Es, backward Es, 90°-tilted Ts, 270°-tilted Ts) ismirror-reversed (facing left) or normal (facing right). Subjectsmake their responses using the z and / keys, labeled with leftand right arrow stickers, respectively. Subjects complete eightresponse-mapping trials with a lone mirror-reversed or normal Fbefore proceeding to the cued search section of the task. Each trialbegins with a blank screen (500 ms), and then subjects are givenan arrow cue (500 ms) indicating in which two or four of the eightpossible array locations the relevant letter F may appear (alwaysalong the internal 3 � 3 “ring” of the array). A blank screen is thenshown for 50 ms, before the 5 � 5 grid of 25 possible locations isshown for 1,500 ms. A blank screen of 50 ms is shown again, andthe array of 25 letters is shown until the subject responds (up to4,000 ms). Because other Fs are randomly presented in noncuedlocations as irrelevant distractors, the subject must maintain thecue information to respond correctly. Subjects complete 12 prac-tice trials and 160 trials in the experimental block. Cue type, targetdirection, and target location were randomly and equally presentedin the experimental block. The mean RT for correct responsesacross the 160 experimental trials is used as the dependent vari-able.
 Cued flankers (based on Eriksen & Eriksen, 1974).Subjects must decide whether an F located within a horizontalarray of seven letters is mirror-reversed (facing left) or normal(facing right). Subjects make their responses using the z and / keys,labeled with left and right arrow stickers, respectively. Subjectscomplete 10 response-mapping trials with a lone mirror-reversedor normal F before proceeding to the cued flankers section of thetask. Before each array, subjects see a blank screen (250 ms) andthen are given a location cue (a digit presented for 500 ms) thatindicates which of the following seven letters is the one on whichthe direction decision is to be made. The target was restricted toone of the middle five positions in the row (hence the digits usedas cues ranged from 2 to 6). Another blank screen (250 ms) isshown, and then the horizontal grid of seven locations is presentedfor 1500 ms. Finally, after a blank screen for 50 ms, the letter arrayis displayed until the subject responds (up to 3,000 ms). Aftercompleting the response-mapping practice, subjects practice thecued flankers task with no flankers present for 10 trials. In thesubsequent practice (20 trials) and experimental block (120 trials),there were four different trial types. On compatible trials (50% oftrials), all of the letters face the same direction as the cued targetletter. On incompatible-homogeneous trials (16.7% of trials), allflanker letters face in the opposite direction of the cued targetletter. On incompatible-heterogeneous trials (16.7% of trials), thetarget is flanked by a variety of non-F stimuli (comprising Es,backward Es, 90°-tilted Ts, 270°-tilted Ts). Incompatible-luretrials (16.7% of trials) are very similar to incompatible-heterogeneous trials, except that one of the irrelevant flankerletters adjacent to the cued target letter faces in the oppositedirection as the cued target letter. As an example of anincompatible-lure trial, the cue indicates Position 2 is where thetarget appears, and when the array of seven stimuli is presented,
 the cued F facing to the right is flanked in Position 1 by amirror-reversed F, along with Es and Ts in the other positions. Themean RT for correct responses to the 20 incompatible-lure trials isused as the dependent variable.
 Arrow flankers (Redick & Engle, 2006; Unsworth et al.,2009). Subjects are presented with an arrow in the center of thescreen pointing toward the left or right, and subjects must indicatethe direction that the arrow points. Subjects make their responsesusing the z and / keys, labeled with left and right arrow stickers,respectively. Subjects first complete 10 response-mapping practicetrials, in which the arrows appear in the center location onscreenwithout any distractors. On the subsequent practice (six trials) andexperimental block (150 trials), the central target arrow is flankedon both sides by two arrows. A fixation cross is present at thecenter of the screen throughout the trial. After a 400-ms fixationdisplay, an asterisk cue appears above fixation for 100 ms, fol-lowed by another fixation display for 400 ms. The five-arrow arraythen appears, with the central target arrow in the same position asthe asterisk cue. The arrows are shown until the subject responds(up to 1,700 ms). There was a 400-ms intertrial interval. Thepractice and experimental trials were equally divided into threetrial types. On compatible trials, all four of the distractor arrowspoint in the same direction as the central target arrow; on incom-patible trials, all of the irrelevant flanker arrows point in theopposite direction as the target arrow; and on neutral trials, thecentral arrow was presented without flanking arrows. The meanRT difference between correct responses on the incompatible trialsminus the compatible trials is used as the dependent variable.
 Fluid Intelligence
 Raven’s progressive matrices (Kane et al., 2004; Raven,Raven, & Court, 1998). Subjects see abstract shapes presentedin a 3 � 3 matrix. The shape in the bottom-right matrix location ismissing, and the subject must select from the eight answer optionsthe item that best completes the overall pattern and series verticallyand horizontally. After completing three practice items, the num-ber of correct responses (out of the original 18 odd-numbereditems) solved within the 10-min time limit is used as the dependentvariable.
 Number series (Thurstone, 1938; Unsworth, Redick, et al.,2009). Subjects are presented on each problem with a series ofnumbers, and the subjects are instructed to identify the responseoption that is the next logical number in the sequence. Aftercompleting five practice items, the number of correct responses(out of 15) solved within the 4.5-min time limit is used as thedependent variable.
 Letter sets (Ekstrom, French, Harman, & Derman, 1976;Redick, Unsworth, Kelly, & Engle, 2012). Subjects are pre-sented on each problem with five sets of letters, with each setcontaining four letters each. Subjects are instructed to find the rulethat applies to four of the five letter sets, and then indicate the letterset that violates the rule. After completing two practice items, thenumber of correct responses (out of 20) solved within the 5-mintime limit is used as the dependent variable.
 Paper folding (Ekstrom et al., 1976; Kane et al., 2004).Subjects are presented with a square piece of paper on the left ofthe problem. The markings indicate that the paper has been foldeda certain number of times, and then a hole was punched through
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the paper. The subject must decide which one of the five responsechoices is what the piece of paper would look like if it wascompletely unfolded. After completing one practice item, thenumber of correct responses (out of the original 10 items on Part1 of the test) solved within the 4-min time limit is used as thedependent variable.
 Multitasking
 SynWin (Elsmore, 1994; Hambrick et al., 2010). The Syn-Win test is a proprietary multitask designed to require simultane-ous performance of up to four unrelated tasks. Visual and auditoryinformation processing is necessary for task success. The taskcharacteristics and method for addition and subtraction of pointswas the same as outlined in the baseline condition of Hambrick etal. (2010). Subjects are presented with a visual display with foursimultaneous subtasks to complete (see Figure 1). (a) Probe-recognition: When the task begins, a six-letter list is presented for5 s and then disappears. For the remainder of the task duration, aprobe letter is presented every 10 s, and the subject must indicatevia mouse click whether the probe letter was one of the six letterspresented on the list. Ten points are added to the subject’s score forcorrect responses, and 10 points are subtracted for incorrect re-sponses, failing to respond within 5 s and if the subject clicks topresent the memory set again. (b) Arithmetic: The subject mustmentally add two three-digit numbers and report via mouse clickthe correct sum. The arithmetic subtask is entirely self-paced, inthat a new math problem is only presented after the subject hassubmitted a response to the previous problem. Twenty points areadded for correct responses and 10 points subtracted for incorrect
 responses. (c) Visual monitoring: The subject must monitor thelevel on a gauge and click on the gauge to “reset” it before itreaches “empty.” Points are awarded each time the subject resetsthe gauge, with more (up to 10) points being added the closer tozero the gauge is before it is reset. However, 10 points aresubtracted for every second that the gauge remains at zero beforebeing reset. (d) Auditory monitoring: High (2,000-Hz) and low(1,000-Hz) frequency tones are presented every 10 s. The subjectmust click a button within the quadrant when the rarely occurringhigh-frequency tone is presented (20% of all tones). Ten points areadded for hits, and 10 points are subtracted for misses and falsealarms. Subjects completed three 5-min blocks of the task. Thesubject’s score is determined by a formula that combines the pointsearned across all subtasks. This composite score is used as thedependent variable.
 Control tower (Redick et al., 2013). The control tower taskis designed such that there is one, ongoing primary task whiledealing with distracting interruptions from four other tasks. Visualand auditory information processing is necessary for task success.Subjects are presented with a visual display with various subtasksto complete (see Figure 1). For the primary task, subjects mustsearch through an array of numbers, letters, and symbols on the leftside of the screen and select the appropriate items from the arrayon the right side of the screen, as indicated by task instructions: fornumbers, subjects click on the identical numbers in the right array;for letters, subjects click on the letter that precedes it alphabeticallyin the right array; and for symbols, subjects refer to a consistentlymapped symbol code book and click on the relevant symbols in theright array. Subjects are instructed to complete as many array
 Figure 1. Screenshots of the multitasks. Clockwise from upper left: SynWin, control tower, air traffic controllab. See the online article for the color version of this figure.
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comparisons as possible over the duration of the task. Meanwhile,distractor tasks (radar, airplane, color, problem-solving) are pre-sented visually and via headphones to reference items listed belowthe arrays at specific times or when specific colors are presented.For the radar task, subjects are instructed to click either the insideor outside button below the radar when a blip occurs. For theairplane task, requests for landing on one of three runways arepresented via headphones and the subject either agrees to or deniesthe request, according to the availability listed in the buttonmarked runway. For the color task, a color flashes briefly and thesubject presses one of three “error” buttons according to the mappingpresented in the button marked protocol. For the problem-solvingtask, trivia and general knowledge questions are presented via head-phones, and subjects click on one of three possible answers presentedat the bottom of the screen. Subjects completed one, 10-min block ofthe task. The subject’s primary score is the mean of the number ofcorrect number, letter, and symbol comparisons completed (no theo-retical maximum score). The subject’s distractor score is the sum ofthe correct decisions across the various distractor subtasks (out of 30).Both the primary and distractor scores are used as dependent vari-ables.
 Air traffic control lab (Fothergill, Loft, & Neal, 2009). Theair traffic control-lab (ATC-lab) task is designed such that multi-ple, speeded decisions are required while accounting for multiplesources of visual information (see Figure 1). Across 15 uniquetrials, subjects are presented with a dynamic display highlightingfour to 10 planes on various flight paths (some intersecting),traveling at various rates of speed indicated in the label for eachplane. The screen refreshes the planes’ locations every 5 s, andsubjects have up to 1 min to make two to four yes/no decisionsabout whether each cluster of two or three probed planes are inconflict given their current locations, flight path, and speed. Forthe example trial presented in Figure 1, the correct response for thedecision about Planes 3, 4, and 5 is “conflict,” because Plane 5’sflight path intersects too closely with Planes 3 and 4 given thespeed of each plane. The proportion of correct potential conflictsdetected is used as the dependent variable.
 Procedure
 All subjects completed the tasks in three sessions, with eachsession taking approximately 2 hr to complete. In addition to themeasures described above, at the beginning of the first session, allsubjects provided demographics information and completed aquestionnaire about video game experience (Hambrick et al.,2010).4 Subjects at the Georgia Tech site were compensated $30for each session; subjects at all other sites received course credit inexchange for participation. All subjects completed the tasks in thesame order (see Table 1). Tasks assumed to measure each con-struct were ordered such that they occurred in the early, middle, orlatter stages of different sessions. For example, control toweroccurred as the second task in the first session, ATC-lab occurredas the ninth task in the second session, and SynWin occurred as thefourth task in the third session.
 Analyses
 For the latent variable analyses, several fit statistics were eval-uated. A nonsignificant (p � .05) �2 value is desirable, although
 with sufficiently large sample sizes such as ours, a significant �2
 value will be obtained and will not necessarily be indicative ofpoor model fit. Values of the nonnormed fit index (NNFI) and thecomparative fit index (CFI) greater than .95 indicate goodmodel fit (Kline, 2011). Root mean square error of approxima-tion (RMSEA) values and standardized root mean square residual(SRMR) values less than .06 indicate good model fit (Kline, 2011).�2, RMSEA, and SRMR provide an indication of the absolute fitof the model, while NNFI and CFI provide an indication of therelative fit of the model (Hooper, Coughlan, & Mullen, 2008). Tostatistically compare nested models, �2 tests of the difference(��2) between the two models were used, with p � .05 indicatingbetter statistical fit. In addition, the Akaike information criterion(AIC) was used to compare models, with the model associatedwith the smallest value representing the best statistical fit.
 To address the relative importance of WM, attention control,and fluid intelligence in predicting variation in the general multi-tasking construct, and each multitask separately, multiple regres-sion was used to provide estimates of (a) standardized regressioncoefficients (�), (b) incremental variance (�R2), and (c) relativeweight analysis (for a primer on the merits of relative weightanalysis, see Tonidandel & LeBreton, 2011; for an example of itsuse in cognitive psychology, see Nairne, VanArsdall, Pandeirada,Cogdill, & LeBreton, 2013). Most germane to the current work,when there is high multicollinearity among predictors, relativeweight analysis provides estimates of the regression weights thatare more appropriate and interpretable than using other techniquessuch as standardized beta weights. Whereas beta weights provideinformation about how much the criterion variable will changewith a unit change in the predictor variable, holding the otherpredictors constant, relative weights can indicate which predictor(if any) matters more than others when predicting the criterionvariable (Tonidandel & LeBreton, 2011). Given that we antici-pated possible multicollinearity among WM, attention control, and
 4 Upon completion of all tasks, subjects were offered the opportunity toprovide a saliva sample for genetics testing and an additional $10. Thegenetics collection was not mentioned during recruitment or until allbehavioral tasks had been completed, and collection occurred at the Geor-gia Tech, University of Georgia, and University of North Carolina—Greensboro about halfway through data collection at each site. The genet-ics results are therefore not included in the current manuscript.
 Table 1Test Orders Used for Three Sessions
 Tasknumber Session 1 Session 2 Session 3
 1 Operation span Matrix monitoring Antisaccade2 Control tower Visual brief report Number series3 Change detection Letter sets Rotation span4 Paper folding Cued search SynWin5 Arrow flankers Keep track Spatial DMTS6 Continuous counters Symmetry span Dual n-back7 Spatial Stroop Go/no-go Cued flankers8 Reading span Raven advanced Math access9 ATC-lab
 Note. ATC-lab � air traffic control lab; DMTS � delayed-match-to-sample. All subjects completed a demographics questionnaire before thefirst test in the pretest session.
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fluid intelligence based both on theoretical grounds (Kane et al.,2007) and empirical evidence from previous multitasking studies(Ackerman & Beier, 2007; Hambrick et al., 2010), our focus in theresults is on the rescaled raw relative weights. The rescaled relativeweights indicate the portion of the overall variance accounted forin the multitasking criterion that is attributable to each cognitivepredictor—that is, for a particular outcome, the relative weights foreach predictor variable sum to equal the total R2, which can thenbe converted to a percentage of the overall variance in the outcomeaccounted for by each predictor. Bootstrap-estimated estimates ofconfidence intervals [CIs] were used to test if two relative weightsare statistically different from each other (Tonidandel & LeBreton,2015).
 Results
 Descriptive Statistics and Bivariate Correlations
 Descriptive statistics for all tasks are provided in Table 2;performance on operation, reading, and symmetry span was con-sistent with published normative data for young adults (Redick etal., 2012). Initially, the kurtosis values for a few dependent vari-ables (SynWin, control tower distract, arrow flankers) were high.To conservatively influence the data, we screened each dependentvariable and replaced values above 4 SDs or below 4 SDs foreach variable with values equal to 4 SD or 4 SD, respectively.Seven of the 24 dependent variables were affected; in sum, 0.2%of all data points were trimmed. Although this trimming had littleeffect on the results and interpretation, the indices of normality ofthe trimmed data for all dependent variables reported in Table 2are in line with recommended levels for the types of analyses usedhere (Kline, 1998). Reliability estimates (see Table 2) were gen-erally high for the dependent variables, with a few exceptions (e.g.,the spatial Stroop RT difference score). Inspection of the correla-tion matrix (see Table 3) indicates that zero-order correlationswere generally moderate to high. Of note, the correlations amongthe three multitasking dependent variables (r � .27 to .48, all ps �.05) indicate that individuals’ multitasking performance is consis-tent across different multitasking situations.
 Confirmatory Factor Analyses: One- or Two-FactorWorking Memory?
 To address the nature of the WM construct, we performed twoconfirmatory factor analyses, specifically comparing the fit between aone-factor WM model with loadings from all WM measures onto onefactor, and a two-factor WM model consisting of separate but corre-lated complex span and noncomplex span factors. The models aredepicted in Figure 2. Modification indices revealed that allowing theresiduals between the operation and reading span to correlate wouldimprove model fit. This modification is justified given that the mem-ory recall parts of these two tasks are identical (serial recall of letters).The fit of the one-factor model was good, �2(26) � 106.801, p � .01;NNFI � 0.962; CFI � 0.973; RMSEA � .0763; SRMR � .041,AIC � 3,317.591. In comparison, the fit of the two-factor model withthe correlated error term was also good, �2(25) � 62.787, p � .01;NNFI � 0.982; CFI � 0.987; RMSEA � .053; SRMR � .034,AIC � 3,275.577. The statistical fit of the two-factor model wasbetter than the fit of the one-factor model, as evidenced by the smaller
 AIC value and significant chi-square test, ��2(1) � 44.014, p � .01.However, the correlation between the WM factors was .84 (95% CI[.81, .87]), indicating that the WM factors shared 71% of theirvariance. Thus, our interpretation is similar to that of Kane et al.(2004) – although statistically the best fit is achieved with the modelwith two separate WM factors, the high amount of shared varianceindicates all of the WM measures tap primarily overlapping processes,with relatively little method-specific variance distinguishing complexspan and noncomplex span tasks. Thus, a combined WM compositefor complex span and noncomplex span tasks is used in furtheranalyses.5
 Regression Analyses: Relative Importance of CognitiveAbilities to General and Specific Multitasking
 As mentioned above, given the presence of multicollinearityamong the cognitive predictor variables and multitasking, we wereunable to use structural equation models to assess simultaneously therelative contribution of WM, attention control, and fluid intelligencein the prediction of multitasking (for similar results, see Ackerman &Beier, 2007; Hambrick et al., 2010). Indeed, our attempts to useconfirmatory factor analyses resulted in path coefficients not signifi-cantly different than 1.0 between WM and multitasking, and fluidintelligence and multitasking latent variables. Thus, we adopted astatistical approach common in the multitasking literature (e.g., Ack-erman & Beier, 2007; Hambrick et al., 2010; König et al., 2005),namely, to use regression analyses to analyze the predictors’ contri-butions to variance in multitasking. For the following regressionanalyses, we created factor composites for each construct. The factorcomposites were created by separately entering all specified tasks fora construct (e.g., Raven, number series, letter sets, and paper foldingfor fluid intelligence) into an exploratory factor analysis (principal-axis factor extraction) and specifying a one-factor solution. Factorscores for each subject, for each construct, were then used in subse-quent analyses (for similar application, see Unsworth, Redick, et al.,2009). As seen in Table 4, all factor composite correlations weresignificant.
 Table 5 provides the results of correlational and regression analy-ses with the multitasking factor composite as the criterion, and alsoeach individual multitask as a separate criterion variable. As men-tioned previously, our focus in interpreting the relative importance ofWM, attention control, and fluid intelligence as predictors of multi-tasking will focus on the rescaled relative weights. These estimatesprovide a more interpretable, additive method of decomposing the
 5 We tested a second series of models without the correlated error terms,to ensure that including the correlated error term did not dramatically alterthe conclusions of the comparison of the one- versus two-factor structure.The fit of the one-factor model was good, �2(27) � 227.998, p � .01;NNFI � 0.910; CFI � 0.932; RMSEA � .118; SRMR � .059, AIC �3,436.788. In comparison, the fit of the two-factor model with no corre-lated error term was also good, �2(26) � 160.299, p � .01; NNFI � 0.937;CFI � 0.955; RMSEA � .098; SRMR � .050, AIC � 3,371.089. As in themodels with the correlated error terms, the fit of the two-factor model wassignificantly better than the fit of the one-factor model, as evidenced by thesmaller AIC value and significant chi-square test, ��2(1) � 67.699, p �.01. The correlation between the WM factors was .82 (95% CI [.79, .85]),indicating that the WM factors shared 67% of their variance, a result thatwas very similar to the model with the correlated error term. Thus, theinclusion of the correlated error term does not change the interpretation ofthe two models.
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total variance (R2) when multicollinearity is present among the pre-dictor variables, compared to hierarchical regression estimates ofincremental variance such as �R2 (Tonidandel & LeBreton, 2011).Examining the relative importance of WM, attention control, and fluidintelligence in the prediction of the multitasking construct, specificpatterns emerged depending on whether the general multitaskingcomposite or each individual multitasking dependent variable wasused as the criterion (Table 5, Figure 3). First, all of the cognitivepredictors had significant and moderate-to-strong correlations withthe multitasking composite and each individual multitask. In addition,the combination of the cognitive predictors accounted for differentamounts of variance in the multitasking criterion variable, rangingfrom 21% for the control tower primary score to an impressive 70%for the general multitasking composite. Within each multitaskingcriterion, there were also different patterns of the relative importanceof the various cognitive predictors. For the general multitaskingcomposite, examination of the rescaled relative weights showed thatthe WM and fluid intelligence composites accounted for equalamounts of the variance (39.8% and 38.4%, respectively), and atten-tion control accounted for the remaining one fifth of the variance(21.8%). Thus, the conclusion from the general multitasking compos-ite is that WM and fluid intelligence are equally strong predictors ofthe common multitasking ability, and both account for significantlymore variance than attention control. Looking at the individual mul-
 titasks, for SynWin performance and the control tower distract score,WM and fluid intelligence were the strongest predictors, and attentioncontrol accounted for significantly less variance (Figure 3, Table 5).However, a different pattern emerged for the control tower primaryscore and the ATC-lab task. For the control tower primary score, fluidintelligence was the strongest predictor, and WM and attention controlaccounted for significantly less variance (Figure 3, Table 5). ForATC-lab performance, fluid intelligence accounted for significantlymore variance than did attention control, and WM did not signifi-cantly differ from either fluid intelligence or attention control.
 Structural Equation Models: Working Memory andAttention Control Predictors of Multitasking
 Finally, although multicollinearity prevented us from usingstructural equation models when simultaneously considering all ofthe cognitive predictors of multitasking, we did test a series ofspecific structural equation models using the WM tasks and theattention control tasks to predict multitasking. In addition, ourinterest in examining these specific predictors of multitasking wasdriven by previous research (Engle, 2002; McVay & Kane, 2012)that proposed that the relationship between WM and higher-ordercognition such as fluid intelligence and reading comprehension isprimarily due to the shared attention-control processes among WM
 Table 2Descriptive Statistics and Reliability Estimates for All Measures
 Measure M SD Range Skew Kurtosis Reliability
 WM–complex span1. Operation span 54.33 14.65 73 .96 .54 .84a
 2. Reading span 51.87 14.18 75 .80 .47 .83a
 3. Symmetry span 25.38 9.20 42 .52 .33 .81a
 4. Rotation span 27.44 8.82 42 .81 .40 .80a
 WM–other1. Keeping track 34.76 8.98 47 .67 .13 .85a
 2. Matrix monitoring .80 .15 .69 1.06 1.14 .57a
 3. Continuous counters .82 .19 .91 1.54 1.85 .91a
 4. Change detection 3.40 1.29 5.80 .97 1.01 .78a
 5. Brief report 94.24 11.05 58 .37 .15 .73a
 Attention control1. Antisaccade .48 .16 .73 .39 .64 .86a
 2. Go/No-go d= 1.63 1.10 9.09 .79 1.55 .96b
 3. Go/No-go RT ISD 174 57.01 334 .86 .67 .86b
 4. Spatial Stroop 138 74.63 533 1.20 2.36 .48b
 5. Cued visual search 1,276 286.26 2,067 .41 .83 .89b
 6. Cued flankers 723 249.69 1,634 1.41 2.55 .87b
 7. Arrow flankers 101 67.95 796 1.07 4.00 .61b
 Fluid intelligence1. Raven APM odd 8.97 3.68 17 .32 .54 .79a
 2. Number series 8.66 2.98 14 .18 .32 .75a
 3. Letter sets 10.14 3.18 17 .01 .30 .72a
 4. Paper folding 5.86 2.67 10 .46 .59 .78a
 Multitasking1. SynWin 527.39 267.47 3,108 1.27 3.89 .86b
 2. Control tower primary 30.24 11.38 58 .43 .11 .96b
 3. Control tower distract 24.76 3.88 25 1.82 4.05 .54b
 4. ATC-lab .68 .11 .60 .43 .17 .71a
 Note. WM � working memory; RT � reaction time; ISD � individual standard deviations; APM � advancedprogressive matrices; ATC-lab � air traffic control lab. Reliability estimates calculated using either a Cronbach’salpha or b Spearman-Brown formulas. M, SD, range, and reliability values based on data before trimming datapoints �4 SDs (see text). Skew and kurtosis values based on trimmed data, and represent data used in allcorrelational, regression, and latent-variable analyses.
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and attention tasks. Using alternative models, we examined thepotential role for attention control to account for the shared vari-ance between WM and multitasking (see Table 6).
 We tested a series of structural equation models where multi-tasking was the criterion and WM and attention control were thepredictors (for similar approach with fluid intelligence as the
 criterion, see Unsworth et al., 2009). Based on modificationindices, correlated errors were allowed between (a) operationspan and reading span, (b) go/no-go d= and go/no-go RT indi-vidual standard deviation, and (c) control tower primary andcontrol tower distract scores, for these and all subsequent latentvariable models. Although allowing these correlated error termssubstantially improved overall model fit indices, the compari-son of model fits among models without any correlated errorsled to the same conclusion. In Model A (see Table 6), thecorrelation between WM and attention control, the path fromWM to multitasking, and the path from attention control tomultitasking were freed. Using Model A as a baseline model,we compared the relative fits of Model B (the path fromattention control to multitasking was fixed to 0), Model C (thepath from WM to multitasking was fixed to 0), and Model D(the correlation between WM and attention control was fixed to0) to Model A. As can be seen in Table 6, the fit statistics forModel A were good. More importantly when comparing mod-
 Table 3Correlation Matrix for All Measures
 Measures 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
 1. Operation span2. Reading span .643. Symmetry span .39 .434. Rotation span .40 .47 .585. Keeping track .28 .42 .41 .426. Matrix monitoring .26 .31 .37 .40 .397. Continuous counters .39 .48 .43 .47 .55 .458. Change detection .23 .30 .42 .42 .39 .42 .539. Brief report .30 .28 .25 .28 .24 .24 .26 .27
 10. Antisaccade .22 .24 .38 .37 .32 .38 .36 .34 –.1411. Go/No-go d= .13 .22 .29 .27 .47 .26 .40 .28 .16 –.3012. Go/No-go RT ISD .14 .25 .29 .32 .48 .22 .43 .28 .17 .34 –.7013. Spatial Stroop .12 .12 .15 .20 .12 .12 .20 .18 .15 .22 .07 .1114. Cued visual search .11 .15 .25 .22 .14 .16 .22 .14 .05 .29 .20 .22 .2015. Cued flankers .06 .18 .31 .33 .35 .18 .29 .23 .09 .33 .25 .32 .11 .3816. Arrow flankers .04 .02 .15 .15 .04 .04 .11 .07 .03 .14 .05 .10 .17 .24 .1817. Raven’s APM odd .27 .36 .46 .45 .54 .45 .58 .46 .28 .39 .40 .43 .14 .27 .32 –.1218. Number series .32 .34 .43 .45 .40 .44 .50 .40 .30 .37 .30 .30 .07 .25 .24 .09 .5719. Letter sets .30 .34 .39 .38 .42 .39 .43 .34 .24 .37 .34 .34 .18 .27 .22 .08 .48 .5520. Paper folding .26 .31 .40 .34 .28 .35 .35 .29 .17 .29 .22 .23 .16 .29 .23 .09 .44 .42 .3921. SynWin .44 .45 .49 .56 .47 .45 .56 .42 .29 .47 .38 .42 .18 .28 .34 .09 .55 .57 .50 .3822. Control tower primary .22 .25 .33 .29 .25 .29 .27 .22 .28 .28 .17 .21 .09 .31 .16 .09 .29 .41 .41 .26 .3523. Control tower distract .28 .32 .33 .33 .44 .40 .58 .41 .24 .34 .31 .31 .14 .23 .27 .10 .47 .45 .36 .35 .48 .1024. ATC-lab .18 .26 .39 .40 .40 .40 .43 .38 .16 .38 .27 .29 .12 .19 .30 .16 .52 .43 .34 .44 .40 .27 .38
 Note. RT � reaction time; ISD � individual standard deviations; APM � advanced progressive matrices ATC-lab; � air traffic control lab. N � 534.All correlations r � .09 and �–.09 are significant (p � .05).
 Table 4Correlations Among Factor Composites
 Composites WM ATTN GF
 WMATTN .57GF .72 .56MULTI .77 .61 .76
 Note. All factor composite correlations are significant (p � .05). WM �working memory; ATTN � attention control; GF � fluid intelligence;MULTI � multitasking.
 Figure 2. One- (left panel) versus two-factor (right-panel) working mem-ory confirmatory factor analysis models are compared. Numbers appearingnext to each manifest variable represent the loadings for each task on thelatent variable. Numbers appearing next to the paths connecting the latentvariables in the two-factor models reflect the latent-variable correlations.Numbers appearing next to the curved path between operation and readingspan reflect the correlated error terms. WM � working memory; WM–cs � complex span working memory tasks; WM–other � working mem-ory tasks that are not complex span tasks.
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els, Model A also had a smaller AIC value, and provided asignificantly better fit to the data, than Model B, ��2(1) �16.305, p � .01, Model C, ��2(1) � 37.805, p � .01, or ModelD, ��2(1) � 217.322, p � .01.
 Finally, a fifth model (Model E) was tested (see Figure 4), in whichthe variance common to both the WM tasks and the attention controltasks loaded onto one variable, while the WM latent variable wascomposed of the common variance among the complex span tasks
 Table 5Regression and Relative Importance Estimates for Cognitive Composites Predicting MultitaskingComposite and Individual Multitasks
 Variables
 Raw importance estimates
 Rescaled RWr RW �R2
 Multitasking composite (total R2 � .70)Working memory .77 .28a .070� 39.8%Attention control .61 .15b .020� 21.8%Fluid intelligence .76 .27a .062� 38.4%
 SynWin (total R2 � .54)Working memory .69 .23a .068� 42.1%Attention control .55 .12b .019� 23.0%Fluid intelligence .65 .19a .033� 34.9%
 Control tower primary (total R2 � .21)Working memory .39 .06b .005 29.7%Attention control .32 .04b .003 18.5%Fluid intelligence .45 .11a .049� 51.7%
 Control tower distract (total R2 � .35)Working memory .56 .15a .047� 43.6%Attention control .42 .07b .007� 19.9%Fluid intelligence .53 .13a .024� 36.4%
 Air traffic control lab (total R2 � .33)Working memory .50 .11a,b .015� 33.2%Attention control .41 .07b .008� 20.7%Fluid intelligence .55 .15a .055� 46.1%
 Note. RW � raw relative weights; Rescaled RW � rescaled raw relative weights as a proportion of R2. Allzero-order correlations and raw relative weights are significant (p � .05). Subscripts indicate relative weightsthat are statistically different from each other.� p � .05.
 Figure 3. Rescaled relative weights for cognitive predictors of multitasking composite and individual multi-tasks. See the online article for the color version of this figure.
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which was independent of the variance shared with the attentioncontrol tasks (similar to Unsworth et al., 2009). The fit for Model Ewas good (see Table 6), and the model is shown in Figure 4. Criti-cally, compared to Model A, Model E had a smaller AIC value.
 Model E (see Figure 4) indicates that although attention controldoes account for substantial variance in multitasking, other pro-cesses that are common only to the WM tasks, are also importantfor the prediction of multitasking performance. Also, as shown inFigure 4, the loadings of the multitasking manifest variables wereall significant, indicating there was sufficient common varianceshared across all of the multitasks, independent of method-specificvariance or measurement error.
 To further explore which aspects of WM may account for theresidual WM–multitasking relationship, we tested a structuralequation mediation model in which WM capacity (as measured bycomplex span tasks and abbreviated here with WMC to delineate
 from previously defined latent variable) had indirect effectsthrough both capacity and attention control to multitasking, andexamined whether the direct effect of WMC and multitasking wassignificant. These analyses are based on multifaceted models ofWMC indicating that variation in subcomponents all contribute toindividual differences in WMC (Shipstead et al., 2014; Unsworth etal., 2014), and the relationship between WMC and fluid intelligence.
 First, we tested alternative models of the complex span (oper-ation, reading, symmetry, rotation span) and capacity (changedetection, Sperling brief report) WM tasks, in relation to multi-tasking (see Table 6). The baseline model (Model F) was aone-factor model in which all six WM tasks loaded onto onefactor. We then contrasted the fit of this model with a two-factormodel (Model G) based strictly on domain, in which the threeverbal tasks loaded onto a verbal WM factor, and the three spatialtasks loaded onto a spatial WM factor; a two-factor model (ModelH) with a domain-general WMC factor (with loadings from thefour complex span tasks) and a domain-general capacity factor(with loadings from the two capacity tasks); and a three-factormodel (Model I) based on domain and function (verbal WMCfactor with operation and reading span loadings; nonverbal WMCfactor with symmetry and rotation span loadings; capacity factorwith change detection and Sperling brief report loadings).
 Fit indices, which were good for all models, are provided inTable 6. Compared to the baseline, one-factor model (Model F),and to the two-factor domain model (Model G), the two-factorfunction model (Model H) had a smaller AIC value, and provideda significantly better fit to the data, than Model F, ��2(2) �12.714, p � .01, and Model G (same degrees of freedom, butsmaller �2). The three-factor model (Model I) had a larger AICvalue and did not fit significantly better than Model H, �2(2) �1.880, p � .39, so the structure of Model H was retained for thesubsequent mediation analysis.
 The mediation (Model J) examined whether capacity and atten-tion control together mediated the WMC–multitasking relation-ship. Specifically, we constructed a model in which WMC pre-dicted capacity, attention control, and multitasking, and capacityand attention control separately also predicted multitasking. Ifcapacity and attention control mediate the relationship betweenWMC and multitasking, WMC will significantly predict capacity
 Table 6Fit Statistics for Structural Equation Models (SEMs)
 Model �2 df NNFI CFI RMSEA SRMR AIC
 WM, ATTN SEMA: WM–multi and ATTN–multi free 497.685 164 .960 .966 .062 .051 7,425.814B: WM–multi free, ATTN–multi fix 513.990 165 .959 .964 .063 .052 7,440.119C: WM–multi fix, ATTN–multi free 535.490 165 .956 .962 .065 .053 7,461.620D: WM–ATTN fix, WM–multi & ATTN–multi free 715.007 165 .935 .943 .079 .154 7,641.136E: Common ATTN, residual WM 465.004 156 .961 .968 .061 .046 7,409.134
 WM–complex span, scope SEMF: One-factor WM 97.699 32 .970 .979 .062 .039 3,795.525G: Two-factor domain (WM–verbal, WM–spatial) 91.599 30 .970 .980 .062 .038 3,793.425H: Two-factor function (WMC) 84.985 30 .974 .982 .059 .037 3,786.811I: Three-factor (WMC–verbal, WMC–spatial, capacity) 83.105 28 .972 .982 .061 .037 3,788.931J: Two-factor function attention mediation 253.967 111 .970 .978 .049 .044 6,605.157
 Note. NNFI � nonnormed fit index; CFI � comparative fit index; RMSEA � root mean square error of approximation; SRMR � standardized root meansquare residual values; AIC � Akaike information criterion; WM � working memory; ATTN � attention control; WMC � working memory capacity.
 Figure 4. Structural equation models depicting relationships amongworking memory capacity, attention, and multitasking latent variables. Allloadings, path coefficients, and correlations between errors are significant(p � .05). rWM � residual working memory variance after accounting forcommon attention control variance; ATTN common � attention commonto all predictors; MULTI � multitasking.
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and attention control, and these two intervening variables will inturn significantly predict multitasking, but the direct path betweenWMC and multitasking will no longer be significant. The resultingmodel is shown in Figure 5, and fit statistics, which were good, areprovided in Table 6. The critical point to take away from Figure 5is that full mediation was exhibited—the direct path betweenWMC and multitasking was not significantly different from 0 afteraccounting for capacity and attention control. Note that in themodel shown in Figure the residual correlation between capacityand attention control is fixed to zero; freeing the residual correla-tion does not change the model fit or interpretation, given that itwas estimated at r � .07.
 Finally, to investigate whether capacity and attention controlcould also mediate the relationship between fluid intelligence andmultitasking, the same mediation structural equation model wasconstructed, except that the exogenous WMC factor derived fromthe four complex span tasks was replaced by a fluid intelligencefactor derived from its four manifest variables. The resultingmodel (not shown) indicated excellent fit, �2(112) � 268.136, p �.01; NNFI � 0.972; CFI � 0.977; RMSEA � .051; SRMR �.044, AIC � 6,526.336. Critically, and in contrast to the previousmodel with WMC, the direct path between fluid intelligence andmultitasking was still strong (.55), and significant, t � 2.960, p �.05.
 Discussion
 The results are discussed below in relation to the four mainquestions outlined in the introduction.
 Question 1: Is There a General Multitasking Ability?
 One novel aspect of the current research was the attempt to mea-sure a general multitasking ability using multiple indicators withvaried demands and content domain. Previous research examiningnumerous cognitive predictors of multitasking has used at most twodifferent tests to measure multitasking (Ackerman & Beier, 2007;
 Colom et al., 2010), but in both cases the tasks were highly similar interms of content and abilities assessed (air-traffic control scenarios inAckerman & Beier, 2007, and two visuospatial tasks involving mov-ing colored dots to a particular location onscreen using the sameresponse controls in Colom et al., 2010).
 The pattern of correlations among the multitasks (r � .27 to .48),along with the moderate-to-high loadings of each multitask on thespecified latent variable in the structural equation model (see Figure4), confirm the presence of a general multitasking ability. Despite thenumerous surface differences among the three multitasks, the signif-icant correlations indicate that certain individuals are superior multi-taskers across different contexts. This finding fits with recent work on“supertaskers” by Watson, Strayer, and colleagues (Watson &Strayer, 2010; Medeiros-Ward, Watson, & Strayer, 2015). We alsonote that the zero-order correlations among the multitasks did notapproach 1.0, indicating separable but related aspects of multitaskingthat were tapped by each multitask. This conclusion is similar to thatarising from executive function research by Friedman, Miyake, andcolleagues (Friedman et al., 2006; Miyake et al., 2000), who observedseparate but correlated factors representing different executive func-tions.
 Question 2: What Is the Relative Importance of thePredictors of Multitasking?
 Guided by previous research and theories based on individualdifferences in higher-order cognition, we examined three cognitiveconstructs – WM, attention control, fluid intelligence—to understandwhich abilities are most important for multitasking. As expected,WM, attention control, and fluid intelligence were highly related toone another. However, although the correlations between each cog-nitive predictor and multitasking performance were moderate-to-strong, application of relative importance analysis (via relativeweights) revealed that, overall, WM and fluid intelligence accountedfor more variance in general multitasking ability than did attentioncontrol. Because WM and fluid intelligence accounted for significantunique multitasking variance over and above the variance accounted
 Figure 5. Structural equation model for working memory capacity (WMC), attention control (ATTN),capacity, and multitasking (MULTI). Single-headed arrows connecting latent variables (circles) to each otherrepresent standardized path coefficients. Solid lines are significant (p � .05); note that the capacity-to-multitasking path is only significant when one-tailed, due to a large standard error.
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for by each construct alone, the current results provide further evi-dence that WM and fluid intelligence are not isomorphic (Ackerman,Beier, & Boyle, 2005), despite the strong relationship between the twoconstructs (Kane, Hambrick, & Conway, 2005; Oberauer, Schulze,Wilhelm, & Süss, 2005). As multitasking is often used as a means tostudy the limitations of the human information-processing system(Kahneman, 1973; Meyer & Kieras, 1997), a focus on theories ofWM instead of intelligence may provide a more tractable means tounderstand variations of multitasking performance between andwithin individuals.
 The finding that WM accounts for as much variance in multitaskingability as fluid intelligence has practical implications, too. As sug-gested by Colom et al. (2010) and Hambrick et al. (2011), organiza-tions whose personnel must perform in multitasking situations may bewise to use WM tests instead of, or in addition to, IQ tests in personnelselection to align employees’ abilities with the appropriate occupa-tion. The current data indicate that WM is an equally strong predictorof general multitasking, but it is also noteworthy that the WM testsused here are much shorter in duration than are typical IQ tests. Froma practical standpoint, it may be desirable to predict multitaskingperformance as quickly and accurately as possible using a minimalamount of testing. While we have used multiple indicators to avoidthe problems that can arise when using only one task to define andmeasure a hypothesized construct, in applied research and militarysettings, it may be necessary to administer as few measures as pos-sible without sacrificing much in terms of predictive validity. Indeed,the recent development of reliable time-shortened measures of WMthat have the same predictive utility may be particularly suitable forsuch applied situations (Foster et al., 2015; Oswald, McAbee, Redick,& Hambrick, 2015).
 In the results described thus far, we used only the memory taskcomponent (e.g., remembering the order of letters) from the WMcomplex span tasks as the dependent variable for these tasks, which isthe common practice in the literature (Conway et al., 2005). However,accuracy on the processing task (e.g., solving simple math problems)within the WM complex span tasks is also predictive of higher-ordercognition (Unsworth, Redick, et al., 2009). If the goal is to predict asmuch variance as possible in a criterion variable, then includingprocessing task accuracy can contribute additional unique variance.Processing and memory performance on symmetry span accountedfor 46.7% of the variance in the general multitasking factor compos-ite, more than any other individual task administered in the currentstudy. Note that symmetry span (a) can be administered in 10–12min, (b) is entirely automated using only the computer mouse, (c) isautomatically scored at the end of the program, and (d) can becompared to the existing norms of thousands of scores obtained overthe past 10 years (Redick et al., 2012).
 Question 3: Does the Relative Importance of thePredictors Vary by Multitask?
 Although WM and fluid intelligence equally contributed to theprediction of general multitasking ability, the results for eachindividual multitask indicate differential strength of WM and fluidintelligence as a function of the nature of the multitask. First, notethat while the three cognitive predictors accounted for 54% of thevariance in SynWin, only 21% of the control tower variance wasaccounted for, indicating that 79% of control tower performance isdetermined by other factors (see Table 5). Within each multitask,
 the relative importance of WM and fluid intelligence varied: forSynWin, control tower distract, and ATC-lab, WM and fluidintelligence were equally strong predictors, whereas for controltower primary, fluid intelligence was the stronger predictor. For allmultitasks, attention control accounted for significantly less uniquevariance than fluid intelligence. Consistent with Ackerman andBeier (2007), who found that WM and reasoning alternated as thestrongest predictors of performance on two multitasks, the currentresults provide direct evidence that the manner in which multi-tasking is operationally defined contributes to the relative impor-tance of different cognitive abilities. Colom et al. (2010) andHambrick et al. (2010) asserted that WM is a stronger predictor ofmultitasking than fluid intelligence is, based on the results of theirrespective studies. The current results show that such assertionsmay critically depend upon the particular multitasking contextsthat serve as criterion variables in a study. Indeed, Sanbonmatsu etal. (2013) observed a negative relationship between operation spanperformance and self-reported measures of frequency of mediamultitasking and cell phone use while driving. We note that thecurrent SynWin results do nicely replicate Hambrick et al. (2010),which was used as the lone multitasking measure in theirstudy—WM accounts for substantial SynWin variance above andbeyond the variance for which fluid intelligence accounts.
 The differing relative importance of WM, attention control, andfluid intelligence across multitasks provides information about thecognitive processes that each type of multitasking taps. For exam-ple, WM is most strongly related to SynWin performance—onespeculative interpretation is that WM is critically important whenjuggling the cognitive demands of multiple simultaneous, ongoingtasks. A question for future research is to investigate whether thenumber of ongoing tasks is necessary for WM involvement, or ifthe cognitive load imposed by SynWin is so taxing that higherlevels of WMC are critical for an individual to avoid mind-wandering or lapses of attention that are critical for avoidingperformance decrements (McVay & Kane, 2009; Unsworth, Mc-Millan, Brewer, & Spillers, 2012). Moreover, because our threemultitasks differed from one another along multiple dimensions,testing hypotheses about the critical features predicted by differentabilities will require designing multiple multitasks for each osten-sible feature of interest. For example, to test whether the predictorsof SynWin and control tower differed because SynWin presentedfour simultaneous subtasks whereas control tower presented aprimary task interrupted by distractors, a future study would needmultiple multitasks that presented several simultaneous subtasksand multiple multitasks that presented a primary task interruptedby distractors.
 Question 4: How Similar Are Individual Differences inVarious WM Measures?
 A final question addressed the nature of the WM construct.Namely, at the latent level, how similarly do complex span tasksand other types of tasks measure individual differences in WM?We observed moderate-to-strong correlations (see Table 2) amongthe complex span tasks (r � .39 to .64) and among the noncomplexspan tasks (r � .24 to .55), as well as across the categories of WMtasks (r � .23 to .47). The confirmatory factor analyses (see Figure2) revealed that a two-factor model statistically fit better than aone-factor model, although the correlation between the WM fac-
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tors was strong, indicating the two latent variables shared 71% oftheir variance. In the interest of parsimony, we endorsed theone-factor model given the high degree of shared variance amongthe complex span and noncomplex span tasks, consistent with priorresearch (e.g., Broadway & Engle, 2010; Colom et al., 2006;Schmiedek et al., 2009).
 One issue with previous studies of WM and multitasking is thatthe WM tasks were often dual tasks themselves, and thus our WMcomposite comprised both complex span and noncomplex spantasks reflects the variance common across tasks regardless of themethod-specific variance. In addition, we conducted a supplemen-tal analysis with separate WM composites (complex span andnoncomplex span tasks). Critically, the WM composite based onnoncomplex span tasks accounted for significant multitasking vari-ance, indicating that previous studies that used only complex spantasks to represent WM did not observe strong relationships withmultitasking solely because of the dual-task nature of complexspan tasks.
 Finally, the structural equation models (Figures 4, 5) with theWM, attention control, and multitasking tasks were both consistentand inconsistent with previous research using fluid intelligence asthe criterion (Shipstead et al., 2012; Unsworth et al., 2009, 2014).Namely, the variance that is common to both WM and attentioncontrol tasks accounted for significant variance in general multi-tasking ability, but the residual variance unique to WM tasks alsoaccounted for significant multitasking variance (see Figure 4). Thisresult is similar to the fluid intelligence findings of Unsworth et al.(2009), who tested the same series of models and came to a similarconclusion about the role of attention control to account for some,but not all, of the WM–fluid intelligence relationship (note also thesimilarity between these models and the executive functionliterature—e.g., Friedman et al., 2008—who also observed signif-icant relationships between common and unique executive func-tion latent variables and intelligence).
 Because residual WM still accounted for significant multitask-ing variance, even after removing the variance common to the WMand attention control tasks, the implication is that other WMprocesses are also important for successful multitasking perfor-mance. Therefore, we tested a structural equation mediation modelexamining whether capacity and attention control fully mediatedthe WM–multitasking relationship. In contrast to previous workdemonstrating that capacity and attention control only partiallymediate the WM–fluid intelligence relationship (Shipstead et al.,2014; Unsworth et al., 2014), the current results showed that theWM–multitasking relationship was fully mediated when account-ing for capacity and attention control (see Figure 5).
 A limited-capacity buffer is part of many influential WM the-ories, although it goes by different labels in different models:capacity (Fukuda, Awh, & Vogel, 2010); focus of attention(Cowan et al., 2005); primary memory (Shipstead et al., 2014;Unsworth & Engle, 2007); and region of direct access (Oberauer,Sü�, Wilhelm, & Sander, 2007). The mediation results indicatethat the specific processes that make WM important for successfulmultitasking are the ability to actively maintain a number of taskgoals to guide behavior, and the ability to control attention to thecurrently relevant task. Critically, in support of the idea that WMCand fluid intelligence are closely related but not isomorphic (Heitzet al., 2006; Kane et al., 2005; Oberauer et al., 2005; but seeMartínez et al., 2011), although the WMC–multitasking relation-
 ship was mediated by the subcomponents capacity and attentioncontrol, the fluid intelligence–multitasking relationship was stillsignificant even after accounting for capacity and attention control.So, although WM and fluid intelligence contribute similarly togeneral multitasking, in terms of the absolute magnitudes, themechanisms underlying their contributions vary.
 Limitations and Future Directions
 We note that despite the many strengths of our current approachto study multitasking, future work should address shortcomingsidentified here. First, although the mediation results give somespecificity to the nature of the WM–multitasking relationship,future work could bring further clarity to why the other cognitivepredictors account for multitasking variance. For example, a fur-ther decomposition of attention control may identify that selective,divided, or sustained attention is the critical attention componentdriving its relationship with multitasking. In addition, although thecurrent work indicates that retrieval from secondary memory is notnecessary to fully account for the WM–multitasking relationship,there could be multitasking situations where such processing iscritical for successful performance. For example, the EdinburghVirtual Errands Test used as a multitask in Logie et al. (2011)requires participants to remember the necessary errands to com-plete while navigating through a virtual environment. It seems thatvariation in an individual’s ability to quickly and accurately re-trieve information from secondary memory would be an importantdeterminant of overall performance on the Edinburgh VirtualErrands Test, and indeed, immediate free recall was a significantpredictor of multitasking performance in Logie et al. (2011). Thus,although we did not include measures of secondary memory in thecurrent study, future work should include such measures to fullyunderstand how individual differences in retrieval contribute toWM’s relationship with multitasking.
 Our approach focused on the aggregate scores on each multi-task, to create a common multitasking factor across differentmultitasks. However, research analyzing a specific multitask, andexamining performance on all of its subtasks in-depth, can bevaluable in gaining further knowledge about particular multitask-ing situations. Examples in the literature include the detailedanalyses of SynWin by Hambrick et al. (2010) and the EdinburghVirtual Errands Test by Logie et al. (2011).
 In addition, we note that although we measured multitaskingbroadly by using multiple indicators, we examined performance oneach task with relatively little practice. Given the substantialliterature on skill acquisition that demonstrates that the predictionof multitasking performance varies as a function of the amount ofexperience on the task (Ackerman, 1987, 1988), future workshould examine if the patterns of relative importance and theamount of multitasking variance accounted for by the cognitivepredictors are different after extensive multitasking practice. Onecould argue that labeling the ATC-lab task a “multitask” is amisnomer—compared to SynWin and control tower, the subjectdoes not alternate between different tasks, but rather the subjectmust switch among different groups of planes, and different di-mensions of their flight paths, in monitoring each display. How-ever, ATC-lab performance was still significantly correlated withSynWin performance (r � .40) and the primary score from thecontrol tower task (r � .27), suggesting an association between the
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kind of mental timesharing demanded by ATC-lab and that de-manded by switching among discrete tasks in SynWin and controltower. Our use of ATC-lab was motivated by the desire to have amilitary-relevant, complex task, as in previous multitasking re-search (e.g., Ackerman & Beier, 2007), but future research usinga more high-fidelity air-traffic control measure that requires theoperator to switch between different kinds of tasks would beinformative. Our results also do not speak to the underlying neuralmechanisms involved in multitasking, including the intriguingresult in previous work demonstrating that brain-injury patientsand controls who showed equivalent fluid intelligence (as indexedby Raven’s progressive matrices) nevertheless showed strikinglydifferent profiles of multitasking performance (Burgess, Veitch, deLacy Costello, & Shallice, 2000).
 Finally, gender differences in multitasking have been a topic ofgreat interest in the literature in recent years (e.g., Hambrick et al.,2010; Mäntylä, 2013; Stoet, O’Connor, Conner, & Laws, 2013;Strayer, Medeiros-Ward, & Watson, 2013). Although our studywas not designed with the goal of examining gender differences,because our sample was so large and included a number of differ-ent multitasks, we have included gender analyses for the interestedreader (see Table S1 in online supplementary material). None ofthe gender comparisons reach conventional statistical significance,and the effect sizes for all of the multitasking dependent variablesfall below d � .20, which is the cutoff for an effect to beconsidered “small” (Cohen, 1992). Thus, gender differences inmultitasking ability in the current sample are minimal, consistentwith previously published work with the WM complex span tasks(Redick et al., 2012).
 Conclusion
 In a large sample of young adults, we observed strong relation-ships among WM, attention control, fluid intelligence, and multi-tasking. Although the three multitasks differed greatly in their taskcharacteristics and demands, a multitasking construct of the vari-ance common to the three tasks was identified. Although WM andfluid intelligence emerged as the constructs accounting for themost multitasking variance compared to attention control, themagnitude of the relationships among the cognitive abilities andmultitasking varied as a function of the complexity and structure ofthe particular multitasking criterion. Finally, when analyzing thesubcomponents of individual differences in WM that are criticalfor multitasking, we found that capacity and attention control fullymediated the WM and multitasking relationship.
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