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31 Abstract

32 Background: Implicit alcohol attitudes are considered important in the etiology of drinking, and 

33 theory posits reciprocal associations (Wiers & Stacy, 2006). Past research testing reciprocal 

34 associations between implicit attitudes (using the Implicit Association Task, IAT) and drinking is 

35 limited by a failure to consider multiple processes influencing performance on the IAT (Houben 

36 & Wiers, 2006a,b) and to disaggregate within- and between-person effects. The current study 

37 addressed these limitations by using a diffusion model to analyze IAT data and Latent Curve 

38 Models with Structured Residuals to test reciprocal associations (Curran et al., 2014). 

39 Methods: The sample included 314 community emerging adults (52% female; predominantly 

40 non-Hispanic Caucasian (76 %) or African American (15%)) assessed annually for three years. 

41 Differences between IAT conditions in the drift rate parameter of the EZ-diffusion model (vΔ; 

42 Wagenmakers et al., 2007) were used as an alternative to traditional response-time-based indices 

43 from the IAT (d-scores). Differences in drift rate have been found to effectively index implicit 

44 attitudes (Klauer et al., 2007; Rebar et al., 2015). 

45 Results: Within-person reciprocal associations were supported, but between-person associations 

46 were not. Positive implicit alcohol attitudes (vΔ) were prospectively associated with heavy 

47 drinking which was positively associated with subsequent positive implicit alcohol attitudes. 

48 Conclusions: Findings suggest that positive implicit alcohol attitudes and heavy drinking 

49 reinforce each other in a negative cascade within individuals. Results highlight the importance of 

50 disaggregating within- and between-person prospective effects when testing dual process models 

51 and suggest that the diffusion model may be a fruitful approach to enhancing the construct 

52 validity of IAT assessed implicit attitudes. 

53 Keywords: Dual process theory; Implicit attitudes; Heavy drinking; Response time measures; 

54 Emerging Adulthood

55

56 Introduction

57 Across the lifespan, alcohol use peaks in emerging adulthood (Chen & Kandel, 1995; 

58 Schulenberg et al., 2020). Prevalence rates of current alcohol use (past 30 days) rise sharply 

59 during emerging adulthood with 60%-70% of 18- to 24-year-olds reporting current drinking and 
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60 46% drinking heavily on one or more occasions in the past year (Chen et al., 2004). In 2020, the 

61 Monitoring the Future study reported that past month alcohol use increases markedly across ages 

62 19 (46%) to 22 (68%) with current heavy drinking also increasing from 21% to 36%  

63 (Schulenberg et al., 2020). This is concerning because alcohol use, and heavy drinking in 

64 particular, has been associated with health risk behaviors including driving while impaired by 

65 alcohol (Naimi et al., 2003), risky sexual behaviors, and dating violence (Miller et al., 2007). 

66 Moreover, past year heavy drinking on one or more occasion has been identified as the major 

67 risk factor for meeting diagnostic criteria for Alcohol Use Disorder (Kranzler & Soyka, 2018). 

68 Therefore, better understanding risk and protective pathways to emerging adults’ drinking is 

69 critical. Notably, implicit attitudes about alcohol have been identified as important in the 

70 etiology of alcohol use and maintenance of heavy drinking (Wiers & Stacy, 2006).

71 Implicit information processing is thought to operate spontaneously, without deliberation 

72 or awareness, and activated by drug-related cues (Stacy & Wiers, 2010). Dual process theories 

73 posit that implicit alcohol attitudes influence use behavior, such that positive implicit attitudes 

74 about alcohol precipitate drinking (Wiers & Stacy, 2006). Moreover, drinking may shape 

75 implicit attitudes; positive experiences with alcohol contribute to positive implicit alcohol 

76 attitudes (Wiers et al., 2007). When alcohol-related cues are encountered, these automatic 

77 processes are activated, triggering impulses to drink alcohol. Moreover, alcohol use becomes 

78 increasingly normative during emerging adulthood (Chen et al., 2004; Schulenberg et al., 2020), 

79 and the socially rewarding aspects of alcohol intensify as parental monitoring weakens and the 

80 importance of peer relationships increases (Borsari & Carey, 2001; White & Jackson, 2004). 

81 These changes in the context of emerging adult drinking likely facilitate increased learning 

82 opportunities about the positive aspects of alcohol, thereby strengthening positive implicit 

83 alcohol attitudes, as well as increased opportunities to encounter alcohol-related cues, 

84 strengthening the impact of implicit attitudes on drinking behavior. Bidirectional associations 

85 between positive implicit attitudes and heavy drinking may result in a problematic cascade, 

86 whereby each reciprocally exacerbates the other over time. Implicit attitudes likely also play a 

87 role in abstaining from drinking as it would be predicted that abstainers hold less positive 

88 implicit attitudes about alcohol (Wiers & Stacy, 2006). Accordingly, it is important to test dual 

89 process theories in a representative sample of emerging adults in order to better understand how 

90 implicit alcohol attitudes precipitate drinking and abstention. Importantly, the dual process 
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91 literature faces two significant limitations: 1) poor construct validity in the measurement of 

92 implicit attitudes and, 2) the failure to disaggregate within- and between-person effects. The 

93 current study aims to address these concerns. 

94 Measurement of Implicit Attitudes

95 The Implicit Association Task (IAT; Greenwald et al., 1998) is one of the most common 

96 tools for assessing implicit attitudes. It is a timed classification task in which two target opposing 

97 concepts are sorted in different combinations with two attribute categories (e.g. positive vs. 

98 negative valence). Many variants of the IAT have been developed, including a single-category 

99 IAT (SC-IAT) that includes only one target concept with two attribute categories (SC-IAT) and 

100 IATs with a single attribute category (unipolar IATs). Notably, the literature on alcohol implicit 

101 attitudes is mixed and this mixed picture does not seem to be systematically related to IAT 

102 version (Kwako & Lindgren, 2019). Several studies have found that positive implicit attitudes 

103 are associated with higher levels of drinking (Houben & Wiers, 2008; Ostafin & Palfai, 2006). In 

104 contrast, some studies have reported that implicit alcohol attitudes are not predictive of drinking 

105 behaviors (Houben & Wiers, 2009). These contradictory findings may be in part attributable to 

106 specific measurement issues of the IAT (Houben & Wiers, 2006a,b). 

107 Indeed, Response Time (RT) differences between the “compatible” and “incompatible” 

108 condition blocks form the basis of scoring algorithms commonly used in the IAT literature, 

109 which often also include corrections for error rates and scale mean RT differences by 

110 individuals’ RT variability (Greenwald et al., 2003). However, RTs are known to be influenced 

111 by multiple construct-irrelevant sources of variability, including measurement artifacts 

112 associated with participants’ level of response caution (e.g., speed/accuracy trade-offs) and 

113 motor response speed (Hedge et al., 2019; Stafford et al., 2020; Lerche & Voss, 2019). These 

114 additional sources of variability may threaten the validity of RT-based indices from the IAT. One 

115 aim of the current study is to demonstrate the utility of using a cognitive process model-based 

116 analytic approach to address these measurement concerns.  

117 The diffusion decision model

118 The diffusion decision model (DDM: Ratcliff, et al., 2016; Ratcliff, 1978) is a widely 

119 used cognitive process model that describes performance on two-choice decision tasks. It offers a 

120 valuable tool for measuring experimental and individual differences in cognitive processing by 

121 precisely indexing efficiency of processing with the drift rate (v) parameter while simultaneously 



This article is protected by copyright. All rights reserved

122 accounting for peripheral influences on RT and accuracy (e.g., response caution). The model 

123 posits that responses to cognitive tasks are the result of gradual accumulation of noisy evidence 

124 from the stimulus until a critical threshold of evidence is reached for one of the choices (Ratcliff, 

125 et al., 2016; Ratcliff, 1978). This idea of thresholds can be easily illustrated with a SC-IAT 

126 because of the simplicity of task. In the “compatible” condition SC-IAT trial in which an 

127 alcohol-related stimulus is presented (Figure 1), a participant would gather evidence informing 

128 the choice of whether to press the “alcohol/good” key or the “bad” key. The DDM assumes that 

129 the decision process drifts in a variable pattern between two boundaries which represent each 

130 possible choice (e.g., an upper “alcohol/good” boundary and a lower “bad” boundary). When the 

131 process intersects with one of the two boundaries, the corresponding choice is made. Although 

132 the process generally drifts towards, and most commonly terminates at, the boundary for the 

133 correct choice (the upper “alcohol/good” boundary in this example), errors occur when noise 

134 causes it to instead terminate at the alternate boundary (e.g., the lower “bad” boundary). In this 

135 framework, the drift rate (v parameter) quantifies the efficiency with which an individual gathers 

136 evidence in favor of the correct choice; higher drift rate would be represented in Figure 1 by a 

137 steeper arrow for the average v, which indicates more rapid evidence accumulation, on average, 

138 toward the upper boundary representing the correct choice and therefore causes faster and more 

139 consistent selection of the correct choice. 

140 In case of the IAT, implicit associations may influence the efficiency of the evidence-

141 gathering process and the drift rate, and hence, facilitate response choice in one condition or the 

142 other. Other parameters account for peripheral, and possibly confounding, influences on RT and 

143 accuracy; the boundary separation (a parameter) determines the level of response 

144 conservativeness (e.g., speed/accuracy trade-off settings) and nondecision time (Ter parameter) 

145 accounts for the timing of processes that occur before or after the primary decision process (e.g., 

146 motor response speed). By simultaneously accounting for all of these sources of variability, 

147 application of the DDM to empirical data allows for more specific, and statistically powerful, 

148 tests of effects in processes of interest (Stafford et al., 2020). In an alcohol IAT, the process of 

149 most interest is the degree to which implicit alcohol associations influence response choices, 

150 which is best indexed by the drift rate.  

151 Klauer and colleagues (2007) applied the DDM to the IAT and found that the 

152 “compatible” condition (in which the target category of interest is paired with positive valance) 
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153 was characterized by more efficient information processing (higher v), lower levels of response 

154 conservativeness (lower a), and faster nondecision time (lower Ter). However, variance 

155 associated with implicit attitude criterion variables was primarily concentrated in the drift rate (v) 

156 effect, suggesting that the a and Ter parameters instead account for construct-irrelevant variance. 

157 Drift rate represents efficiency of gathering evidence to make a choice, and high efficiency 

158 when, for example, alcohol is paired with positive valence relative to when alcohol is paired with 

159 negative valence would suggest a positive implicit attitude. The authors concluded that the DDM 

160 offers a valuable measurement method for distinguishing construct-specific variance in v from 

161 variance associated with individuals’ response strategies (e.g., changes in conservativeness/a) 

162 and other construct-irrelevant factors that impact RT effects in the IAT (Klauer et al., 2007). 

163 However, parameters from the standard DDM can be difficult to estimate when error 

164 rates are low and when the number of trials per condition is relatively sparse (e.g., <100), both of 

165 which are often true of IAT data. DDM parameter estimation procedures with simplifying 

166 assumptions, such as the “EZ diffusion model” method (EZDM; Wagenmakers et al., 2007), may 

167 therefore be best suited for these applications (Lerche et al., 2017). The EZDM is a 

168 simplification of the DDM that allows its main parameters (v, a, Ter) to be estimated using a 

169 closed form solution, rather than relying on maximum likelihood or another iterative fitting 

170 process that can be unstable at relatively low trial numbers. It provides an equation that outputs 

171 parameter estimates when only three pieces of information are entered for a given task condition: 

172 the accuracy rate, and the mean and variance of correct response times. Previous work (Lerche et 

173 al., 2017) has suggested that, likely because of its simplicity, EZDM may provide more accurate 

174 DDM parameter estimates than iterative fitting methods when trial numbers and error rates are 

175 relatively low, such as in the SC-IAT paradigm. Indeed, the EZDM method has recently been 

176 shown to allow for valid measurements of implicit associations in a SC-IAT focused on 

177 individuals’ evaluation of physical activity (Rebar et al., 2015). In the current study, we similarly 

178 adopt the EZDM method for quantifying implicit alcohol associations in a SC-IAT paradigm.

179 Disaggregating within- and between-person effects

180 In addition to measurement concerns with the IAT, the literature on implicit attitudes and 

181 drinking is limited with regard to study design. Indeed, the majority of past studies have utilized 

182 cross-sectional samples (e.g., Houben & Wiers, 2006a,b). This limits the ability to draw 

183 inferences regarding temporal precedence. Moreover, dual process theories suggest that 
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184 relationships between implicit attitudes and drinking may operate bidirectionally (Wiers et al., 

185 2007), and past cross-sectional studies fail to account for these reciprocal associations. Relatedly, 

186 little (or no) work that has tested dual process theories has examined differences across between- 

187 and within-person associations. 

188 Disaggregating within- and between-person effects is important in this literature because 

189 dual process theories are models of individual differences, suggesting utility of considering both 

190 between- and within-person-level change over time. For example, theory posits that on average, 

191 individuals who have high levels of positive implicit alcohol attitudes tend to drink more heavily 

192 (e.g., between-person association). Additionally, it may be predicted that, for example, if an 

193 individual experiences higher positive implicit alcohol attitudes relative to their underlying 

194 typical level of positive implicit alcohol attitudes at one point in time, they are likely to drink 

195 more heavily relative to their average level of heavy drinking at a subsequent point in time (e.g., 

196 within-person association). Moreover, reciprocal associations between two constructs imply the 

197 disaggregation of between- and within-person effects, as earlier changes in one construct 

198 influence later changes in the other, and vice versa (Curran et al., 2014). This is a critical issue 

199 when testing dual process theories because they posit bidirectional effects, as noted above. The 

200 current study aims to address this gap by using a longitudinal sample and a Latent Curve Model 

201 with Structured Residuals (LCM-SR), which allows us to examine prospective reciprocal 

202 associations and distinguishes within- and between-person associations. 

203 Hypotheses

204 The current study aims to clarify the association between implicit attitudes and heavy 

205 drinking. Notably, this is the first study to test these associations using the DDM’s drift rate (v) 

206 parameter to operationalize implicit alcohol attitudes assessed by the IAT while accounting for 

207 construct-unrelated variance in other DDM parameters. Moreover, we expand upon work in this 

208 area by utilizing an LCM-SR model, which allows distinguishing associations at the between- 

209 and within-person levels. Three hypotheses are proposed:

210 1) On average, positive implicit attitudes (as indexed by the DDM drift rate) will be related 

211 to high levels of drinking (between-person level). 

212 2) Positive implicit attitudes will prospectively predict high levels of drinking, accounting 

213 for average levels in both processes (within-person level).
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214 3) High levels of drinking will prospectively predict more positive implicit attitudes, 

215 accounting for average levels in both processes (within-person level).

216 Materials and Methods

217 Sample

218 Recruitment. The community sample was recruited from [redacted for masked review]. 

219 Eligibility criteria included the child be 10-12 years old, fluent in English, without physical or 

220 mental impairments that would preclude completion of the interview, and a caregiver willing to 

221 participate. There were no eligibility criteria related to substance use risk. Recruitment began in 

222 April 2007 and was completed in February 2009. Only one child per household was recruited 

223 (for more details on recruitment see Authors, 2017).  

224 Description. The final sample included 378 child and parent dyads that was evenly split 

225 on gender (52% female). The sample was largely White/non-Hispanic (76%), 15% were 

226 Black/African American, 3% were Hispanic/Latino, 2% were Asian/Pacific Islander, and 4% 

227 other (mostly mixed racial/ethnic background). Median family income was $60,000, and 7% 

228 received some sort of public assistance income. The current study utilized data from the last 

229 three of nine annual assessments when heavy drinking peaks (emerging adulthood; Waves 7-9). 

230 Average age at each of the annual assessments was 19.13 (0.99), 20.22 (1.05), and 21.26 (1.06) 

231 for Waves (W) 7 – 9, respectively.

232 Missing Data. Retention across W7-9 was 83% (n = 314), 78% (n = 294), and 71% (n = 

233 270), respectively. Of W1 demographic (i.e. minority status, gender, income, parent education) 

234 and substance use (i.e. lifetime alcohol use without parental permission) variables, only parent 

235 education (Cohen’s d = 0.24, p < .05) was associated with missingness. Lower parent education 

236 predicted higher attrition, but this was a small effect. Full-information maximum likelihood 

237 estimation was used to minimize the impact of missing data. This approach allows for inclusion 

238 of cases with missing data.

239 Procedure

240 Emerging adults completed the survey portion of W7-9 online via Qualtrics (Qualtrics, 

241 Provo, UT) and were given the choice to complete it at home or in our research offices. 

242 Computer tasks (e.g., SC-IAT) were completed at university research offices. Caregivers 

243 completed consent and permission for their child to participate if they were under the age of 18 

244 before completing surveys. Emerging adults completed assent (if under 18 years of age) or 
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245 consent (if over 18 years of age) before completing the surveys and computer tasks. Follow-up 

246 assessments were generally completed within a 2-month range of the anniversary of the prior 

247 assessment (90%). Similar procedures were used across W7-9 assessments. Families were 

248 compensated $125, $135, and $145 at W7-9, respectively, for completing surveys and tasks. All 

249 study procedures were approved by the university’s Institutional Review Board.

250 Measures

251 Demographics. Emerging adult gender (0=male, 1=female) was assessed at W7. 

252 Caregivers reported on their child’s minority status (0=Caucasian/non-Hispanic white, 

253 1=Minority) at W1.

254 Alcohol SC-IAT. Young adults completed an alcohol SC-IAT. The SC-IAT (Karpinski 

255 & Steinman, 2006) is a modification of the IAT (Greenwald et al., 1998) that measures the 

256 strength of implicit evaluative associations with a single attitude object. The SC-IAT maintains 

257 bipolar, contrasting bivalent evaluative categories (e.g., positive vs. negative), allowing for a 

258 more ecologically valid assessment of substance-related attitudes since substance use is often 

259 associated with competing positive and negative cues. Additionally, the SC-IAT does not 

260 evaluate an implicit attitude relative to an opposing category as does the more common two 

261 category IAT. This is advantageous because alcohol does not have a naturally opposing attitude 

262 object. Indeed, non-alcoholic objects include other drugs, healthy drinks, soft drinks, household 

263 objects, food, etc. This raises concerns about the construct validity of an opposing alcohol 

264 category. For these reasons, the current study elected to use the SC-IAT.

265 The task requires participants to discriminate between an evaluative dimension (good and 

266 bad words) and an object category (pictures of alcoholic beverages). Participants were instructed 

267 to press the left-hand key (Z key) on the keyboard when they heard a good word (e.g., beautiful) 

268 and to press the right-hand key (?/ key) when they heard a bad word (e.g., sickness). The object 

269 category (alcohol) was paired with the response key for bad and then good words in two separate 

270 blocks (n=72 trials in each). Blocks were counterbalanced between participants and the ordering 

271 effects was controlled for in all analyses. More detail is provided below regarding computation 

272 of the EZ-diffusion model parameters. 

273 Past 90 Day Heavy Drinking and Past Year Alcohol Use. Alcohol use variables were 

274 assessed at W7-9 using items taken from the Monitoring the Future Study (Johnston et al., 2012) 

275 and the Daily Drinking Questionnaire (DDQ; Collins et al., 1985). Emerging adults were asked 
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276 to reflect on typical activities during their heaviest drinking week in the past 90 days using 

277 timeline follow-back procedures. They were then asked on average how many drinks they 

278 consumed on drinking days during a heavy drinking week. This measure was used to calculate an 

279 index of drinks per drinking day during the heaviest alcohol use week. For descriptive purposes 

280 in the current study, we also examined past year alcohol use using one item: “In the past year, 

281 how often have you had a drink of beer, wine, wine cooler, or liquor?” 

282 Data Analytic Strategy

283 EZ Diffusion Model

284 The EZDM method (Wagenmakers et al., 2007) offers a closed form algorithm for 

285 estimates of the v, a and Ter parameters of the DDM that are obtained from three input values: 

286 the accuracy rate and the mean and variance of RTs on correct choices. Following prior 

287 applications of the DDM to developmental data (Ratcliff et al., 2012), we excluded trials with 

288 RTs <300ms as fast guesses before estimating parameters. Although it is also common to use 

289 upper exclusion bounds (e.g., 3000ms: Ratcliff et al., 2012) to exclude long outlier RTs, the 

290 response window in the task had a 1500ms cutoff, which operated as a natural upper bound. We 

291 used the R code available from Wagenmakers et al. (2007) and the standard edge correction 

292 methods recommended by the authors (e.g., for participants with 100% accuracy) to separately 

293 estimate individuals’ DDM parameters for the condition in which alcohol was paired with 

294 positively valanced words (“compatible” block) and the condition in which alcohol was paired 

295 with negatively valanced words (“incompatible” block). This led to estimates of v, a, and Ter for 

296 each of the two conditions at each wave for each individual. We note that, as the EZDM is a 

297 simplification of the standard DDM (with start point biases and between-trial variability 

298 parameters left out), these parameter estimates are interpreted similarly to the corresponding 

299 parameters in the standard model. Despite the EZDM’s simplifying assumptions, both 

300 simulation-based (Lerche et al., 2017; van Ravenzwaaij Donkin & Vandekerckhove, 2016) and 

301 empirical (Dutilh et al., 2018) studies have demonstrated that inferences about the main DDM 

302 parameters (v, a, Ter), rarely differ between standard DDM analyses and EZDM analyses.

303 Cross-condition difference scores (vΔ, aΔ, and TerΔ) were then computed for each wave 

304 and individual by subtracting parameter estimates for the “incompatible” condition from those in 

305 the “compatible” condition. The main difference score of interest was that for drift rate (vΔ), as 

306 this DDM parameter has been found in prior work to be the most closely related to implicit 
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307 attitudes (Klauer et al., 2007; Rebar et al., 2015) and it represents efficiency of gathering 

308 evidence to make a choice. More efficient processing of information during the compatible 

309 condition would suggest a positive alcohol implicit attitude. Positive associations with alcohol 

310 were therefore expected to lead to positive values of vΔ while negative associations with alcohol 

311 were expected to lead to negative values.

312 Hypothesized Pathways

313 An LCM-SR model (Curran et al., 2014) was used to test hypotheses because it allowed 

314 us to disaggregate within- and between-person effects and test prospective cross-lags (see Figure 

315 2). A major advantage of the LCM-SR framework is that it imposes a structure onto the time-

316 specific residuals of the observed repeated measures for each construct. Therefore, the residuals 

317 are conceptualized as time-specific deviations between the observed repeated measure and the 

318 underlying growth curve. This time-specific residual structure represents the within-person 

319 portion of the model. The growth factors represent the between-person variance (Curran et al., 

320 2014).

321 Model building occurred in several steps. First, univariate growth curves for implicit 

322 attitudes represented by difference in drift rate across conditions and heavy drinking were tested. 

323 Next, we imposed a structure on the time-specific residuals and specified autoregressive and 

324 cross-lagged parameters of this residual structure. We then compared the fit of a series of models 

325 resulting from imposing equality constraints on several model parameters (i.e., time-specific 

326 covariances, autoregressions, and cross-lags). Finally, covariates (between-condition changes in 

327 nondecision time, between-condition changes in response conservativeness, gender, and minority 

328 status) were added to the model. All models were specified using Full-information Maximum 

329 Likelihood estimation (FIML) in Mplus 8.2 (Muthén & Muthén, 1998–2018). Model fit was 

330 assessed using conventional absolute and incremental structural equation modeling fit indices. 

331 Since cutoffs for “good” fit can vary between models, ranges were used to determine 

332 acceptability of model fit (Hu & Bentler, 1999; Marsh et al., 2004). Fit indices and ranges 

333 included model chi-square (a significant chi-square indicates poor fit), the comparative fit index 

334 (CFI) and Tucker-Lewis index (TLI; for both <.90 is poor, .90 to .94 is acceptable, and >.95 is 

335 excellent), root mean square error approximation (RMSEA; >.08 is poor, .05 to .07 is acceptable, 

336 and <.05 is excellent), and standardized root mean square residual (SRMR; SRMR, >.09 is poor, 
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337 .06 to .09 is acceptable, and <.06 is excellent). Nested chi-square difference tests were used to 

338 assess equality constraints. 

339 Results

340 Descriptive Statistics

341 Descriptive statistics for observed variables can be found in Table 1. Skewness and 

342 kurtosis for all study variables were within the acceptable range. The mean values for differences 

343 in drift rate between SC-IAT conditions in which alcohol was associated with positive versus 

344 negative valence (vΔ) were negative, indicating that on average, emerging adults hold negative 

345 implicit attitudes about alcohol use. On average, difference scores in responsive conservativeness 

346 (aΔ) and nondecision time (TerΔ) were negative and positive, respectively. Additionally, aΔ and 

347 TerΔ were weakly to moderately correlated with vΔ (see Table 1). Therefore, aΔ and TerΔ 

348 variables were entered as covariates in the LCM-SR model. The proportion of the sample that 

349 endorsed past year alcohol use ranged from 85%-90% across W7-9. Across Waves 7, 8, and 9,  

350 36%, 37%, and 28% of our sample reported that they abstained from alcohol use in the past 90 

351 days, respectively, and we set their frequency of heavy drinking to 0. Among participants who 

352 endorsed drinking in the past 90 days, men on average drank 5.28, 4.96, and 4.82 drinks and 

353 women on average drank 3.77, 3.62, and 3.40 drinks on heavy drinking days across Waves 7, 8, 

354 and 9, respectively. This suggests that heavy drinking in our sample was comparable to “binge 

355 drinking” for men and a bit lower than the threshold for “binge drinking” for women (e.g., 5/4 or 

356 more drinks on one drinking occasion for men/women; Wechsler et al., 1994). This distribution 

357 of heavy drinking is comparable to data from national samples (Schulenberg et al., 2020). Across 

358 our three repeated measures, White emerging adults endorsed higher levels of heavy drinking 

359 than their non-White counterparts. At W9, males endorsed heavier drinking than females.

360 Univariate growth models. Means and variances of slope factors were nonsignificant 

361 across a series of univariate growth curves (e.g., linear, quadratic, piecewise, etc.) for both 

362 implicit attitudes, as operationalized by vΔ, and heavy drinking, indicating that there was no 

363 significant growth in either process across our three repeated measures. Accordingly, subsequent 

364 models included a latent random intercept, but no slope, for each construct (see Figure 2). 

365 LCM-SR Model

366 The intercepts for implicit attitudes and heavy drinking (i.e., the between-person aspects 

367 of the model) were allowed to covary. Regarding the within-person portion of the model, 



This article is protected by copyright. All rights reserved

368 equality constraints were supported for all autoregressive paths as well as within-time 

369 covariances between implicit attitudes and heavy drinking at Waves 7 and 9. Equality constraints 

370 were also supported for cross-lagged paths between the residuals for implicit attitudes and heavy 

371 drinking. The final LCM-SR model provided an excellent fit to the data (χ2 (df) = 68.09 (66), p = 

372 .41, CFI = .99, TLI =.99, RMSEA =.01, 90%CI[0.000, 0.035], SRMR =.05). Parameter estimates 

373 are provided in Figure 2. 

374 Regarding between-person associations, variances for the intercepts of implicit attitudes 

375 and heavy drinking were significant, indicating significant individual differences in initial levels 

376 of implicit attitudes and heavy drinking across individuals. The covariance between the 

377 intercepts was nonsignificant suggesting that at the between-person level, implicit attitudes and 

378 heavy drinking were unrelated. With respect to demographic covariates, vΔ was not related to 

379 gender or minority status. Males endorsed higher levels of heavy drinking. Minority status 

380 significantly predicted heavy drinking, such that White emerging adults reported higher levels of 

381 heavy drinking at the between-person level. 

382 Within-person associations provided information distinct from the between-person 

383 component of the model. Autoregressive paths were nonsignificant for heavy drinking and 

384 implicit attitudes. This indicates, for example, that when an individual drank more heavily than 

385 usual at one wave of assessment, they did not tend to report heavier drinking than expected at the 

386 following assessment. The within-time covariance between implicit attitudes and heavy drinking 

387 was nonsignificant at W7. However, covariances at Waves 8 and 9 were significant and positive, 

388 such that individuals who had more positive implicit attitudes than usual also engaged in more 

389 heavy drinking than expected. Regarding the other parameters that were entered as covariates, 

390 nondecision time (TerΔ) was positively associated with implicit attitudes at W7 ( = 0.23, p < �
391 .01), W8 ( = 0.18, p < .05), and W9 ( = 0.26, p < .01). Pathways between responsive � �
392 conservativeness (aΔ) and implicit attitudes were nonsignificant across W7-9. 

393 With respect to the cross-lags, the cross from implicit attitudes to heavy drinking was 

394 significant and positive. High positive implicit attitude than usual at one wave of assessment was 

395 associated with heavier drinking than expected (accounting for average levels of heavy drinking) 

396 at the following assessment. Additionally, prospective paths from heavy drinking to implicit 

397 attitudes were significant and positive. High levels of heavy drinking at one wave was associated 

398 with higher-than-expected levels of positive implicit alcohol attitudes one year later.
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399 LCM-SR Model: D-scores

400 We also estimated an LCM-SR model with implicit attitudes represented by D-scores to 

401 examine differences between analyses utilizing the difference score for drift rate (vΔ) and the 

402 traditional measure for the IAT (D-scores). More detail on these analyses are provided in 

403 Supplemental Material 1. There were some consistencies across the two models. Indeed, the 

404 covariance between the intercepts was nonsignificant, indicating that implicit attitudes and heavy 

405 drinking were not related at the between-person level. With respect to the hypothesized 

406 pathways, there were some notable differences from the primary model using drift rate. Cross-

407 lagged associations between implicit attitudes and heavy drinking were significant and positive; 

408 however, standardized path coefficients were smaller in the model utilizing D-scores. 

409 Additionally, distinct from our primary model, prospective pathways between heavy drinking 

410 and implicit attitudes were nonsignificant (p = 0.52). 

411 Discussion

412 Elucidating risk and protective pathways to emerging adult heavy drinking is a critical 

413 public health issue, and previous investigations have yielded inconsistent findings regarding 

414 whether implicit alcohol attitudes precipitate use (Kwako & Lindgren, 2019). Notably, there are 

415 concerns with construct validity of RT-based indices from the IAT (Klauer et al., 2007), which 

416 have been widely utilized to operationalize implicit attitudes. Poor construct validity may 

417 contribute to confusion regarding the role of implicit alcohol attitudes in the etiology and 

418 maintenance of heavy drinking. Associations between implicit alcohol attitudes and heavy 

419 drinking are further complicated by the fact that they may operate bidirectionally; indeed, dual 

420 process models posit that implicit alcohol attitudes precipitate drinking and that drinking shapes 

421 implicit alcohol attitudes (Wiers et al., 2007). Additionally, dual process models are theories of 

422 individual change (Stacy & Wiers, 2010), and past work in this area has often failed to 

423 distinguish between- and within-person effects. In this study, we attempted to address these 

424 limitations by using difference scores in the DDM’s drift rate (v) parameter to operationalize 

425 implicit alcohol attitudes assessed by the IAT in a longitudinal sample, testing of bidirectional 

426 relationships, and distinguishing between- and within-person associations. Patterns of drinking in 

427 our sample represent normative use for the developmental stage of emerging adulthood 

428 (Schulenberg et al., 2020); therefore, our results are best understood in the context of typical 

429 emerging adult development.
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430 Between-Person Associations

431 Our hypothesis that positive implicit attitudes would be related to high levels of heavy 

432 drinking at the between-person level was not supported. To our knowledge, only one previous 

433 study in this literature disaggregated between- and within-person effects (Meisel et al., 2018), 

434 and similarly did not find associations between implicit alcohol attitudes and alcohol use at the 

435 between-person level. On the other hand, several past studies that did not distinguish between 

436 and within-person associations have reported significant associations between positive implicit 

437 attitudes and alcohol use (Houben & Wiers, 2008; Ostafin & Palfai, 2006). Notably, substantially 

438 less of the variance in implicit attitudes was accounted for in the between-person portion of our 

439 model. It may be that reciprocal relationships between implicit attitudes and heavy drinking 

440 operate more strongly at the level of individual change, and studies that do not disaggregate 

441 between- and within-person effects may be missing this nuance. Moreover, no prior work has 

442 examined associations between implicit attitudes and heavy drinking using difference scores in 

443 the DDM’s drift rate (v) parameter from the IAT, which has been shown to provide a less 

444 contaminated index of implicit attitudes by accounting for construct-irrelevant influences on IAT 

445 experimental performance differences (Klauer et al., 2007; Rebar et al., 2015). Our novel 

446 measurement of implicit attitudes may be another reason that null results at the between-person 

447 level diverge from past work.

448 Within-Person Associations

449 Our hypothesis that positive implicit attitudes would prospectively predict high levels of 

450 heavy drinking, accounting for average levels in both processes, was supported. When an 

451 individual had a more positive implicit attitude than usual at one wave of assessment, they 

452 tended to engage in heavier drinking than expected (given their average levels of heavy drinking) 

453 at the following assessment. This supports dual process conceptualizations of implicit alcohol 

454 attitudes as a critical pathway to drinking (Stacy & Wiers, 2010) and corroborates past 

455 longitudinal studies which have reported that positive implicit attitudes are associated with 

456 increased alcohol use (Lindgren et al., 2018; Peeters et al., 2013). Moreover, this finding, we 

457 believe, demonstrates for the first time the importance of implicit alcohol attitudes in escalating 

458 heavy drinking risk over time at the level of individual change. 

459 Our hypothesis that high levels of heavy drinking would prospectively predict more 

460 positive implicit attitudes, accounting for average levels in both processes, was also supported. 
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461 When an individual drank more heavily than expected at one wave, their implicit attitude was 

462 more positive than usual at the following assessment. This is also consistent with dual process 

463 models which posit that experiences with substance use shape implicit attitudes about the 

464 substance within individuals over time (Wiers et al., 2007). Indeed, alcohol use becomes 

465 increasingly normative during emerging adulthood (Chen et al., 2004; Schulenberg et al., 2020), 

466 and the socially rewarding aspects of alcohol intensify as parental monitoring weakens and the 

467 importance of peer relationships increases (Borsari & Carey, 2001; White & Jackson, 2004). The 

468 context of emerging adult drinking likely facilitate increased learning opportunities about the 

469 positive aspects of alcohol, thereby, strengthening positive implicit alcohol attitudes and 

470 weakening negative ones. Overall, our pattern of findings suggest that heavy drinking and 

471 positive implicit alcohol attitudes may operate in a problematic developmental cascade, 

472 reciprocally exacerbating each other over time. 

473 The diffusion decision model

474 To our knowledge, the current study is the first to apply the DDM to an alcohol SC-IAT. 

475 Results suggest that the DDM offers a useful method of indexing emerging adults’ implicit 

476 alcohol attitudes assessed with SC-IATs. Additionally, there were notable differences with 

477 respect to hypothesized associations across our primary model using drift rate and the 

478 supplementary model using the traditional D-score to measure implicit alcohol attitudes. The 

479 drift rate parameter provided stronger support for the hypothesized reciprocal associations 

480 between implicit alcohol attitudes and heavy drinking, and this is likely attributable to the 

481 methodological advantages of the drift model. The drift model uses a process model that links a 

482 mechanistic process to explain responses on the IAT. In contrast, D-scores are response time-

483 based measurements with a heuristic correction for accuracy rates without an underlying model 

484 to explain how responses are generated. The lack of a model undergirding computation of D-

485 scores is problematic because accumulation of empirical evidence suggests that D-scores are 

486 influenced by multiple construct-irrelevant sources of variability, which threaten their construct 

487 validity. Taken together, drift rates and DDM approaches likely represent a more valid measure 

488 of implicit attitudes due to the models’ ability to account for additional sources of variability 

489 (e.g., response caution, perceptual encoding speed) within a well-validated model-based 

490 framework. 
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491 Notably, the current study is the first to examine differences in associations between 

492 implicit attitudes and behavior across models using drift rates and D-scores for an alcohol SC-

493 IAT at the within-person level. Using an exercise SC-IAT, one previous study found that drift 

494 rate, but not the traditional D-score, was positively related to physical activity behavior (Rebar et 

495 al., 2015). Therefore, the current findings extend past work by illustrating that methodological 

496 advantages of the drift model may enhance construct validity of an alcohol SC-IAT in measuring 

497 implicit alcohol attitudes.

498 Limitations

499 It is important to consider limitations of the current study. First, our study utilized a 

500 difference score for the drift rate (v) parameter of the DDM to operationalize implicit alcohol 

501 attitudes. Any difference-score-based measure, regardless of whether it uses RT or a formal 

502 measurement model, is susceptible to possible problems with reliability and interpretability 

503 (Draheim et al., 2019; Edwards, 2001). A useful direction for future work is to integrate the 

504 DDM with modeling methods designed to mitigate the limitations of difference scores (e.g., 

505 latent difference score models as used in Meisel et al., 2019). Second, the current study used a 

506 bipolar SC-IAT, and therefore, we were unable to consider the possibility of individuals 

507 simultaneously holding positive and negative implicit alcohol attitudes. A useful future direction 

508 would be to investigate our hypotheses utilizing a unipolar alcohol IAT.

509 Finally, our community sample provided an opportunity to test dual process models 

510 within a normative developmental context. Our study is best characterized as a one of normative 

511 use. Although few studies have used the IAT to examine how associations between implicit 

512 alcohol attitudes and drinking may differ between heavy and light drinkers, it is possible that 

513 these reciprocal associations operate differently in heavy using or clinical samples. Relatedly, 

514 our sample was limited by homogeneity with respect to ethnicity and there was a small effect of 

515 attrition associated with parental education. It would be informative for future research to test 

516 our hypotheses using more ethnically representative and clinical or heavy using samples. 

517 Conclusions

518 Findings from the current study demonstrate that positive implicit alcohol attitudes and 

519 heavy drinking reinforce each other in a negative developmental cascade within individuals; 

520 higher-than-usual levels of positive implicit alcohol attitudes predict higher levels of heavy 

521 drinking than expected (given an individual’s average levels of heavy drinking), and increased 
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522 heavy drinking predicts further increases in positive implicit alcohol attitudes across emerging 

523 adulthood. Strong evidence for these reciprocal relationships supports the importance of 

524 interventions that target implicit alcohol attitudes (Houben et al., 2010). Moreover, results 

525 emphasize the importance of disaggregating within- and between-person prospective effects.  

526 This is consistent with calls for clinical science research to more carefully test theoretical models 

527 which posit individual change across time (Curran et al., 2014). Finally, our findings suggest that 

528 the application of the DDM model to SC-IATs may be a fruitful approach in enhancing construct 

529 validity in the measurement of implicit attitudes. 

530
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663 Figure 1. Schematic of the decision process assumed by the EZ diffusion model for a 

664 “compatible” condition SC-IAT trial in which an alcohol stimulus is presented.

665 Note. v = drift rate, or efficiency with which an individual gathers evidence in favor of the 

666 correct choice. a = boundary separation; response conservativeness (e.g., speed/accuracy 

667 trade-off settings). Ter =  nondecision time (e.g., motor response speed). The model assumes 

668 that, on a given trial, an evidence accumulation process drifts between a boundary for the 

669 correct choice, set at parameter a, and a boundary for the incorrect choice, set at 0. The 

670 process begins at a start point (in the simplified EZ diffusion model framework, always 

671 assumed to be a/2) and drifts toward the correct choice boundary with an average rate of v. 

672 The Ter parameter is a constant that accounts for the time taken up by other processes 

673 peripheral to the decision process (e.g., perceptual encoding, motor responses). The evidence 

674 accumulation process typically terminates at the upper, correct choice boundary (for this trial, 

675 the “alcohol”/“good” choice boundary), but errors occur when noise causes the process to 

676 terminate at the lower boundary (for this trial, the “bad” choice boundary). Gray traces 

https://doi.org/10.1016/j.pbb.2006.09.021
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677 represent simulated decision processes on individual trials. Gray density plots represent the 

678 density of response times at the respective boundaries that are predicted by the model.

679

680

681 Figure 2. Latent Curve Model with Structured Residuals for Implicit Attitudes and Heavy 

682 Drinking.

683 Note. Solid black lines are significant and dotted grey lines are non-significant pathways. Betas 

684 are reported next to significant associations and standard errors are reported in parentheses. 

685 Levels of significance were based on unstandardized regression estimates. For simplicity, the 

686 covariates of between-condition changes in nondecision time and between-condition changes in 

687 response conservativeness across Waves 7-9 are not depicted. RI = Random Intercept. W = 

688 Wave. p < .05 = * p < .01 = ** p < .001 = ***. 
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Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Wave 7

1. Gender -

2. Minority Status -0.01 -

3. Heavy Drinking -0.11 -0.24 -

4. Drift Rate change (vΔ) -0.02 0.01 0.00 -

5. Nondecision time change (ΔTer) 0.08 0.03 -0.08 0.21 -

6. Conservativeness change (aΔ) 0.06 -0.01 0.06 -0.10 -0.44 -

Wave 8

7. Heavy Drinking -0.08 -0.23 0.58 0.11 0.05 0.06 -

8. Drift Rate change (vΔ) 0.04 0.03 0.05 0.29 0.04 0.07 0.09 -

9. Nondecision time change (ΔTer) 0.07 0.004 -0.08 0.01 0.01 0.13* -0.12 0.20** -

10. Conservativeness change (aΔ) -0.02 0.01 0.07 -0.12 -0.00 -0.04 0.05 -0.15* -0.54 -

Wave 9

11. Heavy Drinking -0.14* -0.16** 0.55 -0.02 -0.06 -0.001 0.56 0.11 -0.05 -0.03 -

12. Drift Rate change (vΔ) -0.001 0.07 -0.11 0.23 0.01 0.05 0.04 0.21** 0.17* -0.16* -0.04 -

13. Nondecision time change (ΔTer) -0.11 0.06 0.01 -0.005 0.12 -0.13 0.12 0.03 0.13 0.05 -0.03 0.19** -

14. Conservativeness change (aΔ) 0.15* -0.01 -0.04 -0.02 -0.002 0.08 -0.01 -0.03 0.03 -0.06 -0.02 -0.07 -0.56 -

Mean 0.52 0.24 3.21 -0.04 0.01 -0.02 3.13 -0.03 0.01 -0.02 3.31 -0.02 0.005 -0.02

SD 0.50 0.43 3.69 0.61 0.04 0.17 3.48 0.66 0.04 0.17 3.40 0.62 0.04 0.18
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689 Table Legends.

690 Table 1. Bivariate Correlations and Descriptive Statistics for Observed Variables.

691 Note. * = p < .05; ** = p < .01, Bolded = p < .001. 
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