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AAM 

Advancing our understanding of cognitive development and motor vehicle crash risk: A 

multiverse representation analysis 

Abstract 

Neurobiological and cognitive maturational models are the dominant theoretical account of 

adolescents’ risk-taking behavior. Both the protracted development of working memory (WM) 

through adolescence, as well as individual differences in WM capacity have been theorized to 

be related to risk-taking behavior, including reckless driving. In a cohort study of 84 adolescent 

drivers Walshe et al. (2019) found adolescents who crashed had an attenuated trajectory of WM 

growth compared to adolescent drivers who never reported being in a crash, but observed no 

difference in WM capacity at baseline. The objectives of this report were to attempt to replicate 

these associations and to evaluate their robustness using a hybrid multiverse – specification 

curve analysis approach, henceforth called multiverse representation analysis (MRA). The 

authors of the original report provided their data: 84 adolescent drivers with annual evaluations 

of WM and other risk factors from 2005-2013, and of driving experiences in 2015. The original 

analysis was implemented as described in the original report. An MRA approach was used to 

evaluate the robustness of the association between developmental trajectories of WM and 

adolescents’ risk-taking (indexed by motor vehicle crash involvement) to different reasonable 

methodological choices.  We enumerated 6 reasonable choice points in data processing-

analysis configurations: (1) model type: latent growth or multi-level regression, (2) treatment of 

WM data; (3) which waves are included; (4) covariate treatment; (5) how time is coded; and (6) 

link function/estimation method: weighted least squares means and variance estimation 

(WLSMV) with a linear link vs logistic regression with maximum likelihood estimation. This 

multiverse consists of 96 latent growth models and 18 multi-level regression models. 
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Advancing our understanding of cognitive development and motor vehicle crash risk: A 

multiverse representation analysis 

Maturational theories of adolescent risk-taking stipulate that a comparatively faster rate of 

development of reward processing areas of the brain (limbic system) relative to the executive 

control areas of the brain (pre-frontal cortex) is the neurobiological genesis for an increase in 

risk-taking during adolescence (Casey et al., 2008; Steinberg, 2008). Although leading 

maturational theories have important differences, they also rest on a few key, shared 

assumptions. The first claim is that structural and functional changes in the brain are related to 

changes in adolescent cognition and behavior. Specifically, structural maturation and functional 

responsivity of the prefrontal cortex are related to improved executive functioning (such as 

working memory and inhibitory control) and structural maturation and functional responsivity of 

the striatal and limbic systems are related to the increasing appeal and salience of hedonic 

rewards and difficulties with emotion regulation. The second claim is that the asynchronous 

development of these neurobiological systems results in a neurocognitive imbalance between 

the reward/emotion systems and the executive functioning system, producing a greater 

predilection for risk-taking behavior during the adolescent developmental period compared to 

other developmental periods when that imbalance is smaller. Following from this reasoning, it is 

posited that, within the adolescent developmental period, (1) individual differences in the size of 

that imbalance are related to greater risk-taking behavior and (2) individual differences in 

cognitive abilities, such as working memory (Romer, Reyna & Satterthwaite, 2017), may relate 

to engagement in risk behavior. Support for each of these predictions varies and these models 

have been both praised and critiqued in detail elsewhere (Mills et al., 2014; Pfeifer & Allen, 

2016; Shulman et al., 2016). 

Cognitive functions that rely on pre-frontal cortical regions include control, action planning, and 

memory (Miller & Cohen, 2001), which have demonstrated continued development through 

adolescence (Luciana et al., 2005). Thus, determining how engagement in risk-taking is 

predicted by individual differences in these cognitive faculties, as well as differences in how they 

change over time, is a fertile area of research (Luna, 2010; Luna et al., 2010). Deficits (or 

individual differences) in working memory have emerged as a candidate predisposing factor for 

engagement in risk behavior, or compromised task performance, due to the developing ability to 

hold behavioral or conceptual goals on-line (Kimberg & Farah, 1993) and to theoretical links 

with inhibitory control and impulsivity (Romer et al., 2009). Luna (2010) argues that working 

memory becomes more integrative, efficient, and flexible through adolescence, offering greater 

ability to: (a) perform complex tasks with more accuracy in the face of distraction (Luna, 2010) 

and (b) leverage prior experience toward behavioral and cognitive performance (Murty et al., 

2016). 

The extent to which these faculties can reliably predict engagement in different types of risk 
behaviors (e.g., unprotected sex, alcohol and other drug use, and driving) is unknown. This is 
important because risk behaviors are not monolithic and vary in (a) their recursive impacts on 
the developing brain, (b) the contribution of practical experience towards behavioral 
performance and consequently level of risk, (c) the influence of contextual factors, and d) if the 
behavior also has a positive or normative function (e.g., substance use vs. driving) (Mirman, 
2018).  

Notably, a recent cohort study of 84 adolescent drivers (Walshe et al., 2019) reported that 

crash-involved adolescents had an attenuated trajectory of working memory (WM) development 



AAM 

compared to drivers who never reported being in a crash (Figure 1, left panel). There was no 

observed effect of individual differences in WM capacity at baseline on future crash likelihood 

(Walshe et al., 2019). This is an odd finding because it means that, when both were included in 

the model, the rate of WM development - but not baseline WM (i.e., WM in early adolescence) - 

differentiated adolescent drivers who crashed from those that did not crash. WM capacity 

measured at the final assessment wave was reported to be inversely associated with crash risk 

in a simple correlational analysis; information about the association between WM and crash risk 

was not reported for prior WM assessment waves. This Walshe et al. (2019) study is of unique 

interest because of the robust measures of working memory, and longitudinal design, as well as 

the counterintuitive nature of the observed result – an effect of WM change but not baseline WM 

capacity. 

Current Study 

To better understand these results, especially in the context of the mixed literature and ongoing 

preoccupation with maturational models of risk-taking among the scientific and lay community, 

whether these models involve an “imbalance” or simply implicate deficient executive functioning 

capacities, we replicated the original analysis and further conducted a Multiverse 

Representation Analysis, which is a hybridization of a multiverse analysis (Steegen et al., 2016) 

and specification curve analysis (Simonsohn et al., 2015).  

A multiverse analysis acknowledges that a research hypothesis – e.g., rate of WM development 

is associated with being in a motor vehicle crash – does not fully specify the data creation 

process. Beyond study design choices, from the point of data acquisition, raw data undergo a 

variety of pre-processing steps that are agnostic to the main question of interest. These steps 

can include how to derive variables (e.g., discretizing, transforming, standardizing) and how to 

construct a longitudinal analytic data set (e.g., binning data, including or excluding 

observations). Importantly, these decisions about how to construct the analytic data set can lead 

to different statistical approaches and consequently the type of conclusions drawn from the data 

(Patel et al., 2015). A specification curve analysis (SCA) extends this idea such that a research 

hypothesis does not fully specify the data analysis process (Simonsohn et al., 2015). Its 

proponents recommend a three-step process: (1) identify reasonable choice points, (2) display 

results graphically allowing for the identification for inflection points in decision-making that lead 

to different results, and (3) statistical analysis of the full set of permutations identified in step 2.  

In the current report, we hybridized these two similar methods to span the data creation to 

analysis pipeline and to allow for a more intuitive and accessible visualization and analysis 

approach in comparison to steps 2 and 3 as outlined in SCA. Clarifying the robustness of the 

Walshe et al. (2019) results is especially important because although maturational models are 

the dominant theoretical account of adolescents’ risk-taking behavior, excitement about these 

models rests on their claim to predict real-world risk-taking behavior. Both the protracted 

development of working memory through adolescence, as well as individual differences in 

working memory capacity have been theorized to be related to risk-taking behavior. However, 

tests of these claims have largely been restricted to cross-sectional studies and lab-based 

assessments, and analyses of these data have not been conducted utilizing open science 

principles, making it difficult to ascertain the basic and applied scientific value of maturational or 

imbalance models of adolescent risk-taking.   

METHOD 
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Data 

This verification report presents the results of a re-analysis and re-interpretation of the data 

presented in Walshe et al. (2019). The protocol was pre-registered and can be found here: 

https://osf.io/r9fgm. 

Briefly, sampling from a community cohort study of teenagers, 84 drivers were identified based 

on their responses to self-report questions about driving. The analysis used assessments of 

working memory (WM) at 6 time points beginning at age 11 to 13 years with the final WM 

assessment occurring in 2013 and 2014, when participants were 18 to 20 years old. In 2015, 

prior crash involvement as a driver was determined through self-report. Participants were 19-20 

years-old at the point of this assessment. Assessments were completed annually except for the 

final assessment (wave 6) that occurred two years after wave 5. The WM battery consisted of 

four assessments: the 2-back, Corsi Blocks, spatial working memory, and Digit Span. The 2-

back was not administered at wave 1. Additional methodological details are available elsewhere 

(Khurana et al., 2013a). 

We received the original de-identified dataset via an email from the authors subsequent to the 

execution of a data use agreement. Using these data, we conducted a replication of the authors’ 

original analysis to determine if we obtained the same results and then conducted a multiverse 

analysis to determine the robustness of the result. 

Exact replication: Computational verification 

The replication analysis followed the description provided in the original report (Walshe et al., 

2019) as closely as possible; the authors answered a few clarification questions through email 

concerning the analytic code they supplied with their data and variables in the dataset. The 

dataset for the computational verification was thus created by (1) omitting all of wave 1 data 

because the 2-back was not administered in wave 1, (2) excluding the digit span test, (3) 

standardizing each WM measure (Corsi, 2-back, and spatial working memory) within each 

wave, and (4) averaging them together to make a composite WM score. These data were then 

analyzed using a latent growth model with an intercept and linear slope factor. A binarized crash 

variable was regressed on these factors using weighted least squares means and variance 

estimation (WLSMV) thus providing an estimate of the effect of a latent continuous crash risk 

variable on WM initial status and growth. In the original report, the linear slope but not intercept 

factor showed a significant effect on crash risk. 

Multiverse representative analysis (MRA) 

We identified six key choice points across the data creation and data analysis pipeline where a 

reasonable researcher aiming to test the same hypothesis could have made a different choice. 

The choice points are summarized in Table 1 and described in more detailed below. 

Table 1. Summary of Multiverse Representational Analysis 

Choice point Original analysis Multiverse considered 

Model Latent growth model • Latent growth model 

• Multi-level regression 

Working memory 
composite scores 

Within-wave 
standardization 

• Within-wave standardization 

• Common-baseline standardization 

• Longitudinal latent variable model 
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• Factor analysis scores 

Wave inclusion 2-6 • 2-6 

• 1-6 

• 1-5 

Covariate inclusion Yes • Yes (+ sex) 

• No 

Coding of time First wave = 0 • First wave = 0 

• Last wave = 0 

Link function Linear • Linear 

• Logistic 

 

Model 

In the original analysis the authors used a latent growth model to model working memory 

trajectories and regressed crashes on the intercept and linear slope factors. We identified a 

multi-level regression (MLR) model with working memory scores as the outcome and group 

(crash or no crash), time, and time by crash group interaction as predictors as a reasonable 

alternative. This modeling approach also assesses crash group differences in WM scores, but 

inverts their position in the regression: in the MLR model, WM scores are the outcome variable 

and crash group is the predictor variable. 

Working memory scores 

In the original analysis, a composite score was derived by standardizing Corsi block, 2-back and 

spatial working memory scores within each wave and averaging the resultant z-scores (Figure 

1, left panel). This method is likely to distort the between-individual differences in growth trends 

that are the subject of the original authors’ hypotheses, but it corresponds to the analyses of the 

original authors.  

We identified three reasonable alternatives: (1) deriving a composite score using a 

standardization of each task that utilized scores across all waves before averaging the resultant 

z-scores (we call this the “common baseline” approach; Figure 1, middle panel). (2) Using a 

one-step longitudinal latent variable model with the working memory tasks acting as indicators 

of a latent working memory factor (we call this the “latent” approach). This method is 

advantageous because it does not assume that each task is equally well related to working 

memory. Further, we imposed only the minimal constraints necessary for identification in order 

to allow for the possibility that the measurement of working memory does not show 

developmental invariance (Murray et al., 2019). (3) Using a two-step process where 

Confirmatory Factor Analysis (CFA) is used to derive factor scores in a first step (Figure 1, right 

panel), which are then used in the model fitting in a second step.  

Inclusion of waves 

In the original analysis the authors included data from wave 2-6 though wave 1 data were 

available. Their rationale was that the 2-back task was not administered at wave 1. We 

identified two reasonable alternatives: 1) Include data from all 6 waves, basing the wave 1 

composite on the measures that were available and 2) Include data from waves 1-5 because 

the outcome - involvement in a crash as a driver - likely occurred prior to the wave 6 working 

memory assessment for most participants. We do not know exactly when the crashes occurred 
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in this sample as this was not assessed by the original authors, but newly licensed adolescent 

drivers are most likely to crash in the first 6 months of licensure, with (population-level) risk 

rapidly decreasing thereafter (Curry et al., 2015a). Twenty-five participants (30%) reported 

having been in at least 1 crash. Of these, only 1 started driving less than 6 months before the 

wave 6 WM evaluation; 21 (84%) were driving for over a year prior to the wave 6 WM evaluation 

and 18 (72%) were driving for over 2 years. Based on this timing of assessments, it is unlikely 

that a meaningful proportion of those 25 crashes occurred between the wave 6 WM assessment 

in 2013/14 and when they self-reported on their crash involvement as a driver at the follow-up 

assessment in 2015. Rather, it is more likely that wave 6 WM was assessed post-crash. Time of 

crash was not captured in the original study. 

Inclusion of covariates 

In the original analysis the authors included three covariates derived from a self-reported 

survey: driving errors, reckless driving, and risk behavior. As these covariates were only weakly 

and (mostly) non-significantly correlated with the outcome, we identified excluding the 

covariates as a reasonable alternative. We also added driver sex as a covariate based on prior 

literature that male adolescents differ from female adolescents with respect to crash risk. 

However, in this sample of 84 participants, 25 reported having been in a crash, of which 11 

were male and 14 were female (of the non-crashers, 28 were male and 31 were female; 

χ2(1)=0.003, p=0.96). 

Link function 

In the original analysis, the authors used weighted least squares means and variance estimation 

(WLSMV) and regressed a binarized crash variable on working memory intercept and slope 

factors and covariates. In doing so they were estimating a linear regression of the observed 

binary crash variable on the predictors. As a reasonable alternative we identified a logistic 

regression of a binary crash variable on the predictors. Note that this applies only to the latent 

growth curve models because the multi-level models used a continuous outcome (working 

memory score) where a logistic regression would not have been appropriate. 

Coding of time 

In their original analysis, the authors set time=0 at the first wave, meaning that the intercept 

factor captured individual differences in WM capacity at baseline. As a reasonable alternative, 

we identified setting time=0 at the last wave in the LGCs because this was the most proximate 

wave to the crashes where individual differences in WM capacity should matter the most. When 

wave 6 was included in the analyses we thus set wave 6=0 and when wave 6 was omitted we 

set wave 5=0. 

Interpretation 

The computational reproduction directly informed our assessment of the internal integrity of the 

original data, code, and reporting pipeline. Second, the pattern of multiverse results was 

inspected for key decision points that lead to different types of results (e.g., does the choice of a 

latent growth curve model versus multi-level model lead to different results?), and thus lead to 

different inferences. We also determined how representative the original result was of the 

specified multiverse by calculating a multiverse representation quotient (MRQ) and by using 

new data visualization approaches we developed (e.g., a stoplight graph). This novel MRQ 
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indicator was calculated as the number of analytical configurations that yield the same 

qualitative result (i.e., a significant effect of WM slope) out of the total number of analytical 

configurations in the multiverse. So, if 5 out of 114 configurations matched the results reported 

in Walshe et al 2019 that would yield an MRQ of 4.39% for the original reported result. The 

stoplight graphing system we developed is a simple visual depiction of each choice point using 

a hierarchical taxonomic diagram with green circles representing replication, orange circles 

representing a marginal trend in the same direction, and red circles representing failed 

replication. Finally, the results were evaluated with respect to their alignment with prevailing 

maturational models of risk-taking. According to the extant literature on WM and risk-taking from 

this cohort study (see Romer et al., 2011) we would have expected an effect of WM capacity to 

be prospectively and concurrently predictive of engagement in crash risk among adolescent 

drivers such that better WM would be associated with less crash involvement; of note, this is not 

what was reported in Walshe et al 2019 but it would have been the effect most consistent with 

prior data and with theoretical frameworks that implicate deficient, or less mature, executive 

functioning and an increased predilection for risk behavior. Specifically, we would have 

expected to observe this pattern especially in the models with zero at wave 6 because this time-

period was likely concurrent with crashes. Relatedly, to our knowledge, there is no prior 

evidence to suggest an independent effect of slope, or rate, of WM change on crash likelihood 

independent of the intercept term, as was reported by Walshe et al 2019. 

Results 

WM composite score trajectories for each group are shown in Figure 1. The common baseline 

standardized and CFA scores (middle and right panels, respectively) show an upward trajectory 

reflecting WM performance improvement in all three groups (non-drivers, drivers with a crash 

history, drivers without a crash history) across the 6 waves of data collection. The original report 

used within-wave standardized scores (left panel), which look approximately flat because these 

scores are computed separately relative to within-wave performance. The critical question is 

whether the crashed and never crashed groups reliably differ in terms of the WM trajectory 

(slope), as claimed by Walshe et al. (2019). Full results are provided in Tables S1 (latent growth 

curve models) and S2 (multi-level regressions) of Supplementary Materials and visualized in 

Figures 2 and 3. Factor loadings are provided in Table S3 -- the factor scores were dominated 

by spatial working memory, which is why their trajectories in Figure 1 are somewhat different 

from the composite scores that weight each WM task equally. 

Computational verification 

We first reviewed the code and data set provided by the authors and identified some 

discrepancies with the original report. For example, for the Corsi Blocks Tapping task the paper 

reports percent correct, but the data set has whole numbers that only go up to 15 except for 

wave 6, which has values very slightly less than whole numbers (e.g., 9.996, 7.980); these 

values cannot produce the central tendency statistics shown in Table 2 of the original report. 

Also, there were 18 observations with Corsi = 0, which is a possible value but would mean 

severe failure on the task. Similarly, in reviewing the model code it was clear it specified a 

different model from the one reported in the paper (e.g., in the code provided no covariance 

between the covariates was included and the slope factor loading for the wave 6 working 

memory composite was freely estimated). The authors however confirmed that both the code 

and the data were correct. Given this, we a) ran the model specified by the authors’ code on the 

data provided to determine if we could produce the results reported in the paper and b) 
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implemented the methods reported in the paper (which is the official research record) and ran 

that on the data provided by the authors. 

Running the code provided by the authors on the data provided by the authors did not replicate 

the key result reported in the manuscript. Instead, we found that the variation in linear slope of 

WM growth was not related to reporting a crash (P = .183).  Variation in the WM intercept was 

not associated with crashes (P = .624). The model fit was acceptable but did not reach 

conventional cut-offs for good fit (CFI=.92, TLI=.90, RMSEA=.06, SRMR=.17)  

Following the methods exactly as reported, the variation in linear slope of WM growth was not 

related with reporting a crash (P = .425).  Variation in the WM intercept was not associated with 

crashes (P = .198) and model fit was poor (CFI=.71, TLI=.60, RMSEA=.13, SRMR=.24) 

Multiverse representative analysis (MRA) 

We specified a multiverse of 114 possible models consisting of 96 (84%) latent growth curve 

models and 18 (16%) multi-level regressions. Of the 96 latent growth curve models fit in our 

multiverse analysis, the effect of WM slope on crash risk was p>.05 in all models (Figure 2). 

One model produced a statistically marginal effect (p = 0.066; shown in orange in Figure 2), all 

others had clearly non-significant effects of WM trajectories (p > 0.2). Convergence failures 

were observed in 23 models. Estimation issues that rendered the test of the WM slope 

untrustworthy occurred in 7 models. Thus, this branch of the multiverse that contained 84% of 

the total number of models yielded a MRQ of 0%. 

Of the 18 multi-level regressions fit in the multiverse analysis (Figure 3), the key effect was 

p<.05 in 6 out of 18 (33%) of the models; p-values ranged from p=.031 to p=.049 (shown in 

green in Figure 3). Two models produced statistically marginal effects (both p = 0.062, shown in 

orange in Figure 3) and the remaining 10 out of 18 models (56%) produced clearly non-

significant effects of WM trajectory (p>.4). Convergence warnings were observed in 8 models. 

Thus, this branch of the multiverse that contained 16% of the total number of models yielded a 

MRQ of 33%. 

Considering both branches together, a statistically significant effect of slope (p<.05) was found 

in 6 out of 114 (5.3%) of the models, and 3 additional models (2.6%) showed statistically 

marginal effects. In other words, 105 out of 114 (92%) of the models yielded clearly non-

significant associations between crash risk and WM trajectories. 

The pattern of multiverse results revealed the following consequential decision points. The first 

was statistical framework: latent growth curve model versus multi-level model which may reflect 

differences in the distributional properties of the outcome variable (continuous WM score for 

MLR, binary crash outcome for LGC), the models’ assumptions about distributional properties, 

and the extent to which those assumptions were violated. The second critical decision point was 

the inclusion of wave 6 data: none of the multi-level regression models that excluded wave 6 

data produced the originally reported result, thus identifying this decision point as critical to the 

association between WM trajectory and crash group observed in this branch of the multiverse. 

Finally, equal weighting of WM measures in a WM composite score (within-wave and common 

baseline) was more likely to produce a statistically significant effect. The CFA method, which is 

based on covariance between the WM measures, showed no difference between groups, 

possibly because those scores were dominated by the spatial WM test. 
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Post-hoc analysis: Longitudinal measurement invariance 

To gain further insights into the source of differences across branches with different working 

memory scoring methods we tested longitudinal invariance (configural, metric, and scalar), 

using a longitudinal CFA approach (Murray et al., 2019). First, a configural model with the 

minimal identification constraints was fit, where one loading and one intercept was fixed equal 

over time and the mean and variance of the wave 1 working memory factor were fixed to 0 and 

1 respectively. Residual covariances between the same items measured over time were also 

freely estimated. Configural invariance was judged to hold if this baseline model showed good fit 

based on TLI>.95, CFI>.95, RMSEA<.05 and SRMR<.08 (Hu & Bentler, 1999; Schermelleh-

Engel et al., 2003). Metric invariance was tested by imposing loading equality constraints for 

each item over time. Metric invariance was judged to hold if the decrease in CFI was <.050, the 

increase in RMSEA <.010, and the increase in SRMR <.025 (Chen, 2007). If metric invariance 

held, scalar invariance was tested by imposing equality constraints for all intercepts over time. It 

was judged to hold if with the addition of scalar invariance constraints CFI decreased by no 

more than .05, RMSEA increased by <.010 and SRMR increased by <.005. If at the metric 

stage invariance did not hold, modification indices and expected parameter changes were used 

to guide the iterative release of constraints to aim to achieve partial metric invariance. In these 

cases, scalar constraints were not added for any items that did not show metric invariance. 

The configural model showed acceptable fit (CFI=.950, TLI=.921, RMSEA=.049, SRMR=.075). 

The addition of metric invariance constraints resulted in a substantial deterioration in fit that 

exceeded recommended thresholds (CFI=.894, TLI=.845, RMSEA=.068, SRMR=.112). Partial 

metric invariance was, however, achieved according to CFI and RMSEA by removal of 

constraints on spatial working memory at wave 2, then at wave 1. Though the SRMR difference 

remained above the recommended threshold (CFI=.918, TLI=.888, RMSEA=.060, SRMR=.108), 

modification indices and expected parameter changes did not point to the removal of any further 

constraints, therefore, this model was used as the baseline for testing scalar invariance. The 

addition of scalar constraints to this model led to an improvement in fit (CFI=.938, TLI=.915, 

RMSEA=.050, SRMR=.101) and suggested that partial scalar invariance held.  

These results suggest that there was some non-invariance in the spatial working memory test 

that may have contributed to the difference between using unweighted composites and 

weighted composites (factor scores and latent models).  In particular, the spatial working 

memory threshold loadings at wave 1 and 2 were much larger than at later waves, suggesting 

that they were more strongly related to overall working memory performance at earlier ages. 

Further, the intercept of spatial working memory was higher at wave 2 than at other waves, 

which could affect estimates of working memory trajectories. 

DISCUSSION 

The computational verification was not successful, and the robustness evaluation indicated the 

originally reported results are not representative of the multiverse. The original effect was only 

observable under narrow data processing and analytic parameters. Therefore, we found no 

compelling evidence that the effect reported in Walshe et al 2019 - that crash risk is associated 

with an attenuated trajectory of WM, but not baseline WM - exists in either the sample or the 

population. 

Alternative interpretations of the original result  
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On balance, there was very limited evidence to support any association between WM trajectory 

and crash involvement and it is difficult to generate implications that concern only an attenuated 

WM trajectory without implicating WM capacity. Monitoring, screening, or training WM as 

advised by the original authors will not be useful in predicting or preventing crash risk because 

WM capacity was never prospectively associated with crashing in any of the models. Indeed, 

reliable longitudinal WM measurement is itself a substantial challenge, as suggested by our 

measurement invariance analyses and other work (Taylor et al., 2020). Even if we assume the 

unlikely possibility that the association exists, because crash timing was not assessed we must 

logically allow the alternative interpretation that crashing led to reduced WM performance (via a 

crash-related injury) rather than slow WM development predisposed adolescents to crash. As 

described in the methods section, 21 (84%) of adolescents had over a year of driving 

experience prior to the wave 6 WM evaluation and 18 (72%) were driving for over 2 years prior 

to the wave 6 WM evaluation. Thus, it is likely that wave 6 WM was assessed post-crash for the 

majority of participants, rather than pre-crash. Concussions or mild TBI in young people have 

been shown to negatively affect WM performance (Keightley et al., 2014). Of note, we cannot 

determine from the original study data whether the crash caused an injury. Unfortunately, time 

of crash was not captured in the original study, nor was whether the young person was at-fault 

for the crash.  

Implications for Research on Adolescent Risk Behavior 

Other papers arising from this same cohort study have reported an inverse association between 

WM measured at an earlier wave with different types of health risk-behavior measured at a 

future wave that has primarily been mediated through impulsivity operationalized as “acting 

without thinking” and/or a behavioral delayed discounting task. This general pattern appears to 

have been reported for a composite risk behavior index (e.g., alcohol use, gambling, cigarettes, 

fighting) (Romer et al., 2009, 2011), substance use (Khurana et al., 2015b), and risky sex 

(Khurana et al., 2012, 2015). Interestingly (Khurana et al., 2013) found the opposite pattern as 

Walshe et al., 2019 with baseline WM, but not growth trajectories predicting alcohol use. It is 

hard to pinpoint the source of this variation theoretically because maturational models of risk-

taking stipulate no differences by behavior type, and empirically one would expect consistency 

within the same dataset. 

Across the papers arising from this dataset there is variation with respect to: waves used (also 

how waves are referenced changes across papers with different waves being called baseline or 

time one for example), which variables are included (e.g., other predictor variables and 

covariates), how variables were derived (e.g., which measures and items were included, 

arithmetic and statistical methods employed for derivation), whether the analysis focused on 

WM capacity vs. trajectory influences, and whether this association would be direct or mediated, 

and the overall analytical frameworks employed (SEM vs LGCM). Terminology also changes 

across papers (e.g., the same monetary reasoning task was called Temporal Discounting, Delay 

Discounting, and Inability to Delay Gratification). Variation like this could be due to a number of 

non-mutually exclusive reasons such as researchers’ knowledge and expertise with the data 

growing over the course of the study, vagaries of the peer review process including idiosyncratic 

reviewers across papers (Smith, 2006), the substantial amount of researcher degrees of 

freedom inherent in a cohort study with multiple measures of multiple constructs (Steegen et al., 

2016), as well as questionable research practices (Chambers, 2013; John et al., 2012; Klapwijk 

et al., 2021). Irrespective of the reason, as consumers of the literature it is difficult to be 



AAM 

confident about the strength and nature of the relationship between working memory (capacity 

or trajectory), potential mediators such as impulsivity, and health risk behaviors in this sample or 

in the population.  Measurement and scientific reporting issues such as these (Dang et al., 2020; 

Flake & Fried, 2019) are not limited to this particular area but rather are broad-reaching in the 

psychological sciences. 

Although it is not currently a component of maturational models of adolescent risk-taking, 
another source of variation is the type of risk behavior. Risk behaviors vary in the influence of 
contextual factors and biobehavioral underpinnings, so the contribution of cognitive factors may 
vary by behavior type. For example, automobile crashes are often cited as a prototypical 
example of adolescent risk-taking behavior. Importantly, the majority of adolescent drivers’ 
crashes are caused by task inexperience (e.g., not slowing down entering curve, then over-
correcting coming out it) (Curry et al., 2011; McCartt et al., 2009). Although younger age at 
licensure is associated with increased crash risk, population-level crash rates peak at licensure, 
then decrease rapidly (Curry et al., 2015b) – much too fast to be attributed to person-level brain-
based maturation. A multi-level (individual- and population-level) computational cognitive 
modeling analysis involving two randomized controlled trials of effective crash prevention 
behavioral interventions for young drivers (Mirman et al., 2018; Thomas et al., 2016) and 
administrative crash databases from the United States, Australia, and Canada indicated strong 
evidence for skilled learning processes consistent with spontaneous discoveries of superior 
cognitive-behavioral strategies (e.g., how to manage scenarios with impeded sight lines) as 
underpinning the near universal patterns of changes in population-level crash rate reductions 
following licensure (Mirman et al., 2019).  

Moreover, the kinds of crashes and behaviors that are considered to be overtly risky, such as 
speeding, reckless driving, and driving while impaired, are both uncommon and have a large 
gender disparity. Male adolescents have twice the motor vehicle fatality rate than female 
adolescents (Swedler et al., 2012). Compared with females, the higher death rate among male 
adolescents is due to driving less crashworthy vehicles, greater likelihood of not wearing a 
seatbelt, more frequent reckless driving/speeding (i.e., higher velocity crashes that confer 
greater risk for serious injury), and driving with multiple male adolescent passengers (McCartt & 
Teoh, 2015; Simons-Morton et al., 2011; Swedler et al., 2012; Williams et al., 2003). 

In the real-world negative effects of peer passenger carriage are largely (but not exclusively) 
caused by a small subset of adolescent male drivers, driving with their male friends who share 
similar interests, risk-accepting normative beliefs, enjoyment of sensation-seeking activities, and 
concern fatal crash scenarios (not all crash scenarios) (Chen et al., 2000; Curry et al., 2012; 
Mirman et al., 2012; Mirman, 2018; Ouimet et al., 2015; Simons-Morton et al., 2011). Further, 
other studies demonstrate positive effects of adolescents being pro-social passengers (e.g., 
helping the driver manage their cell phone, wayfinding) (McDonald & Sommers, 2015). As such, 
the real-world data from field trials, on-road behavioral studies, computational modeling studies, 
and actuarial data point to important roles of gender and sex differences, context, and practical 
experience. These findings are illustrative of the importance of calls to re-tool models of risk-
taking to better consider how risk-taking behaviors are constrained socio-culturally (Willoughby 
et al., 2014). Currently, maturational models of risk-taking make no claim about why these 
effects might exist.  

Among young drivers, the extant laboratory-based research has found small and inconsistent 
associations on between individual differences in various aspects of executive functioning and 
driver behavior (Walshe et al., 2017). For example, some studies report that measures of 
executive functioning are positively associated with riskier driving (e.g., speeding) (Graefe & 
Schultheis, 2013), including working memory specifically (Starkey & Isler, 2016). Inverse 
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associations between executive functioning abilities and risky driving have also been observed 
(Mantyla et al., 2009), while other studies show positive associations between working memory 
and driver performance (e.g., lane changing) (Ross et al., 2014). Clearer, is the work with 
atypically developing youth. For example, atypically developing youth with deficits in executive 
functioning, such as those with attention deficit/ hyperactivity disorder (ADHD), are known to be 
at greater risk for crashing (Curry et al., 2017) and for aberrant driver behaviors compared to 
drivers without ADHD (Bishop et al., 2019; Fabiano et al., 2011). However, among the 
laboratory and experimental studies, methodological problems include heterogeneity in how 
executive functioning and driver behavior were assessed, reliance on cross-sectional designs 
that introduce temporal ambiguity, and small sample sizes that can produce unstable effect 
sizes.  

Collectively, these issues have made it difficult to integrate the evidence base. Further, as 
shown by our analysis, these variations can also be simply due to researcher degrees of 
freedom and have nothing to do with the underlying constructs of interest. Cohort studies 
involving many self-report measures across measurement periods are particularly susceptible to 
having high researcher degrees of freedom across the data construction to analysis pipeline 
and should be subjected to intense scrutiny.  

Implications  

A more accurate and comprehensive evidence base is essential for the development of theories 

of young people’s risk-taking and for realigning and refocusing prevention efforts on the 

modifiable psychological, behavioral, and contextual factors that truly have the most potential to 

advance public health for young people.  

The importance of this sea change is critical. For example, motor vehicle crashes are the 

leading cause of death and disability for young people around the world (Global Status Report 

on Road Safety 2018). Graduated driver licensing provisions remain the single most effective 

population-level intervention available to reducing the risk for young drivers (Masten et al., 2011; 

Williams, 2017) but the identification of individual-level behavioral interventions that can be 

deployed at scale has severely lagged, with calls for methodological rigor and for innovation 

increasing (Mirman, 2019; Mirman et al., 2019; Peek-Asa et al., 2014; Scott-Parker & 

Senserrick, 2017).  

It is difficult to construct evidence-based behavioral interventions if the evidence base on 

individual-level risk and protective factors is substantially weaker than it appears. Our results 

highlight the importance of evaluating published literature with extreme skepticism. This 

skepticism should not be restricted to interrogating counterintuitive results. Intuitive results 

require a similar level of interrogation and transparent evidentiary support. 
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Figure Titles and Captions  

Figure 1. WM composite scores by group. The left panel shows within-wave standardized 

composite scores published in Walshe et al 2019; middle panel shows the same data with 

common baseline standardized scores; left panel shows the CFA-based composite scores. 

Points with vertical lines show the observed group means and SE in each wave. Lines are 

approximate linear trendlines to illustrate the trends. 

Figure 2. Multiverse of LGC models. Decision points are indicated by grey rectangles and row 

labels on the left side. The filled circles represent the model outcomes, color-coded to indicate 

statistical significance of the WM slope term: p > .10 are red, .10 > p > .05 is orange, and gray 

indicates model convergence failure. 

Figure 3. Multiverse of MLR models. Decision points are indicated by grey rectangles and the 

filled circles represent the model outcomes (top row is with covariates included, bottom row is 

without covariates). The model outcomes are color-coded to indicate statistical significance of 

the WM slope term: p > .10 are red, .10 > p > .05 is orange, p < 0.05 is green. 
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