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2San Diego State University/University of California San Diego Joint Doctoral Program in Clinical 
Psychology, San Diego, CA, USA

Abstract

Academic performance significantly influences educational advancement, career opportunities, 

and life outcomes. The extent to which adolescent substance use and brain morphology predict 

academic achievement has not been extensively explored. We examined grade point average 

(GPA) at the time alcohol and cannabis use often starts (7th – 9th grade) and subsequently during 

11th and 12th grade in a 170 physically healthy adolescents in a longitudinal study. Covariance 

analysis examined predictive features from 36 metrics of middle school academic performance 

and initiation of alcohol and cannabis use. Using a machine learning approach, GPA from 7th, 8th, 

and 9th grade strongly predicted 11th and 12th grade GPA, followed in predictive power by 

alcohol use age of onset. A machine learning approach determined 16 (from 336) baseline 

neuroimaging features that reflected lower thickness, area, or volume in average high school GPA 

drinkers compared to nondrinkers. Features that distinguished average performing drinkers from 

nondrinkers suggested accelerated gray matter loss during adolescence for drinkers, while high 

performing drinkers compared to nondrinkers may have attenuated gray matter maturation. 

Additional possibilities are discussed.
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Introduction

Academic performance has important bearings on scholastic advancement, including the 

opportunity to attend college, graduate school, professional school, and other career-

determining educational programs (Shaw 2007; Meda et al. 2017). Intelligence quotient (IQ) 

has historically been considered a strong predictor of academic performance (Zax and Rees 

2002).

Cannabis use is prevalent among adolescents, with past month cannabis users varying from 7 

to 8% (Azofeifa et al. 2016a, b). Cannabis use has been reported to be associated with higher 

rates of academic dropout in high school, poorer academic performance, and reduced 

socioeconomic status and employability over the long term (Henry et al. 2007; Schulenberg 

et al. 1994; Paulson et al. 1990; Mensch and Kandel 1988; Bryant et al. 2003; Hawkins et al. 

1992; Jackson et al. 2016; Ellickson et al. 1998). Persistent cannabis use across high school 

in subjects from an upper middle class community has been associated with poorer 

quantitative academic performance (Meier et al. 2015). Early cannabis has also been found 

to be associated with a variety of adverse outcomes related to mental health and behavioral 

issues (Fergusson et al. 1996; Brook et al. 1999, 199). Amotivational syndrome as a result of 

heavy cannabis use has been observed in a number of populations (Lac and Luk 2018). Early 

substance use has been associated with adverse outcomes related to academic self-esteem 

and later achievement (Bergen et al. 2005; Jeynes 2002; Bryant et al. 2003; Judith S. Brook 

et al. 2008). This may suggest that there might be a feedback loop between academic 

performance and cannabis use that implies that both poor academic performance (as it 

relates to academic self-esteem) can lead to increased cannabis use and heavy cannabis use 

can lead to poor academic performance (Bergen et al. 2005; Jeynes 2002; Bryant et al. 2003; 

Brook et al. 1999). While some more specialized and smaller studies have been conducted 

(Henry et al. 2007), it is important to better understand how initiation of cannabis use relates 

to poor quantitative academic performance.

Similarly, alcohol use has been associated with a decrease in number of years of schooling 

and likelihood of completing school; conflicting studies suggest such effects are minimal or 

not significant (Chatterji 2006; Chatterji and DeSimone 2005; Cook and Moore 1993; Gil-

Lacruz and Molina 2007). In addition to early substance initiation being associated with 

adverse outcomes related to academic self-esteem and later achievement (Bergen et al. 2005; 

Jeynes 2002; Bryant et al. 2003; Judith S. Brook et al. 2008), additional work has also been 

done investigating the effects of binge drinking on academic performance in college 

individuals (Pascarella et al. 2007). However, there remains a knowledge gap in 

understanding the effect on quantitative academic performance at the high school level.

Therefore, determining the relationship between alcohol and cannabis use, and academic 

performance is highly relevant to expanding educational interventions for those attending 

middle and high school. If initiation of substance use is found to predict poorer academic 

performance, additional resources and interventions can be targeted to reducing substance 

use among adolescents at an earlier stage.
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We hypothesized that the initiation of alcohol use and cannabis use was associated with 

poorer academic performance. We also hypothesized that prior middle school performance 

would be a good predictor of future high school performance. We test the validity of these 

hypotheses here.

We also proposed neuroanatomical hypotheses that might explain the differences between 

drinkers and non-drinkers as high and average performers in high school. Substance use has 

been noted to impair orbitofrontal-dependent learning tasks (Schoenbaum and Shaham 

2008). In addition, substance users have also been noted to have reduced grey matter volume 

of the insula cortex (Droutman et al. 2015) and atrophy of the medial frontal regions of the 

anterior cingulate (Sinha 2011). Finally, those with alcohol use disorder in the adolescent 

population have demonstrated reduced hippocampal volume in a number of studies (Nagel et 

al. 2005; De Bellis et al. 2000). We hypothesized that in drinkers compared to nondrinker 

average performers, regions involved in impulsivity such as the orbitofrontal cortex 

(Schoenbaum and Shaham 2008; Squeglia et al. 2017), insula (Droutman et al. 2015), and 

cingulate cortex (Sinha 2011) might be lower in thickness, surface area, or volume, and that 

regions involved in learning such as the temporal lobe (Squire et al. 2007) might be lower in 

thickness, surface area, or volume. In contrast, we hypothesized that in drinkers compared to 

nondrinker high performers, the opposite regional patterns would be expected or atypical 

regions (e.g., lingual regions) would have evolved to provide additional advantage for higher 

performance despite increased alcohol consumption.

We also proposed neuroanatomical hypotheses that might explain the differences between 

moderate-heavy cannabis users and low users as high and average performers in high school. 

A number of studies have observed differences in attention, memory, and executive 

functions that recover with abstinence (Pope et al. 2001; Solowij et al. 2002a, b). Attention, 

memory, visuospatial, and executive functions have been associated with the anterior 

cingulate (Sinha 2011), orbitofrontal cortex (Schoenbaum and Shaham 2008; Squeglia et al. 

2017), parietal (Schweinsburg et al. 2008), temporal (Squire et al. 2007), and frontal regions 

(Cohen and Weinstein 2018). For average-performing moderate-heavy cannabis compared to 

low cannabis users in high school, we hypothesized that these regions would be lower in 

thickness, surface area, or volume. For high performing users, we hypothesized that in 

moderate-heavy cannabis users compared to low users, the opposite regional patterns would 

be expected in order to provide additional advantage for higher performance despite 

increased cannabis usage.

Our work, to our knowledge, is the only one of its kind to characterize the impact of 

substance use and prior academic performance in middle school age adolescents on 

predicting high school academic performance through a longitudinal study. This work is an 

important precursor to future longitudinal study work such as the National Consortium on 

Alcohol and Neurodevelopment in Adolescence (NCANDA) and Adolescent Brain 

Cognitive Development (ABCD).

Meruelo et al. Page 3

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Methods

Ethical approval

All procedures performed in studies involving human participants were in accordance with 

the ethical standards of the institutional and/or national research committee and with the 

1964 Helsinki declaration and its later amendments or comparable ethical standards. The 

study was approved by the UCSD Human Research Protections Program (Project #090269).

Informed Consent

All participants underwent parental consent and youth assent when participation occurred 

prior to age 18, and informed consent after age 18.

Participants

Study participants (N = 295; R01 AA13419) were recruited from eight San Diego County 

public middle schools at age 12–14 years (average age 13.2 ± 0.8), defined as the baseline 

year. All were physically healthy adolescents (half female), and half were youth at risk for 

developing substance use disorders based on family history and/or externalizing behaviors. 

Middle schools were traditional format, and most students matriculated to high schools with 

advanced placement (AP) course offerings, providing grades up to 5.0. Recruitment of 

subjects did not include those from special education focused schools. The student body 

percentage sampled from each school was not tracked. Each student was assessed annually 

with neuropsychological testing and high resolution MRI, in addition to quarterly interviews 

on substance use and general functioning for 9 years. Grade point average (GPA) was 

collected in 11th and 12th grade of high school, in addition to at 6th/7th/8th (i.e., at baseline) 

grades of middle school for prior performance. Subjects with missing data (38) at any 

required grade level (6th, 7th, 8th, and 11th or 12th grade) were excluded from these 

analyses. Subjects lacking 3 Tesla imaging data (87) at baseline (see below) were also 

excluded from the study. Other exclusionary criteria included history of psychiatric, 

learning, or neurological disorder. These exclusionary criteria resulted in a reduced sample 

of N = 170 participants. 30% of the cohort started heavy drinking. These heavy drinking 

youth (1/3 female) typically started drinking heavily (as defined in Fig. 1) at age 17, and 1/3 

meet criteria for AUD; and 2/3 report past-month use of marijuana, 1/3 for tobacco, and 16% 

for other drug use. Complete study procedures are described in further detail (Jacobus et al. 

2012; Squeglia et al. 2015, 2017; Nguyen-Louie et al. 2016).

Measures

The Diagnostic Interview Schedule for Children Predictive Scales (Lucas et al. 2001; 

Shaffer et al. 1996) was obtained from child and parent to exclude those with Axis I 

disorders other than conduct disorder or oppositional defiant disorder at baseline, and 

measure subthreshold symptom endorsement. Examples of axis I disorders include bipolar 

disorder, major depression, or schizophrenia. These were excluded so that neuroimaging 

differences related to axis I disorder would not confound understanding neuroimaging 

differences related to typical adolescent brain development. Family history of substance use 

disorders in first and second degree relatives was obtained from parent interview using the 
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Family History Assessment Module (Rice et al. 1995). Grade point average and other 

demographic information including parental income were obtained during a private 

interview with parent and youth at baseline and annually thereafter. The Customary 

Drinking and Drug Use Record (Brown et al. 1998) assessed lifetime alcohol, cannabis, 

tobacco, and other drug use defined as the cumulative use (e.g., cannabis) episodes at 

baseline. The Beck Depression Inventory (Beck et al. 1988) and Spielberger State Trait 

Anxiety Inventory (Spielberger et al. 1983) were used to assess subject depression and state 

anxiety.

Image acquisition and processing

Magnetic resonance imaging (MRI) was obtained from all participants at the baseline year 

(age 12–14 years) and at follow-ups; the present analyses focus on imaging from the 

baseline time point only. All scans were acquired on a single 3.0 T CXK4 short bore 

Excite-2 magnetic resonance system (General Electric, Milwaukee, WI) with an eight-

channel phase array head coil at the UCSD Center for Functional MRI. Subjects were 

instructed to remain motionless while a high-resolution T1-weight anatomical spoil gradient 

recall (SPGR) scan was obtained (TE/TR = min full, field of view = 24 cm, resolution = 1 

mm3, 170 continuous slices). For the present analyses, structural MRIs were acquired on a 

single occasion at baseline. Cortical thickness, area, and volume estimates were obtained in 

the same manner as previously published by our laboratory (Jacobus et al. 2014, 2015). 

FreeSurfer (version 5.1, surfer.nmr.mgh.harvard.edu) was used for cortical surface 

reconstruction and to obtain cortical thickness estimates (Fischl et al. 1999; Dale et al. 

1999). The cross-sectioning process, cortical thickness calculation, and parcellation 

procedure have previously been described in detail (Jacobus et al. 2015). The Desikan-

Killiany atlas was used for generating parcellation units.

Data analysis

For feature selection analysis, substance use variables were extracted as input training data 

to distinguish those with exemplary versus lesser academic performance in high school. 

Variables included age of onset of alcohol, cannabis, tobacco, and other drug use. In 

addition, the number of drug use days for grades 6th through 11th for alcohol, cannabis, 

tobacco, and other drugs were included. Quantity of cannabis use was not assessed. 

Additional variables included average drinks per month, peak drinks, tobacco use past 

month, and maternal education level. The mean GPA of subjects was determined to be 3.54 

± 0.60 (range: 1.35 to 5.00) and consequently subjects were divided into high (GPA ≥ 3.54; 

n = 87) and average (GPA < 3.54; n = 83) academic performers.

Predictors of high school GPA using machine learning

To identify predictive features of high school GPA using machine learning with a naïve 

Bayes classifier, we applied 4 algorithms for selection and reduction of attributes (CfsSubset 

with RankSearch for Attribute Selection, CfsSubset with LinearForwardSelection for 

Attribute Selection, Information Gain Analysis with Ranker for Attribute Selection, Chi-

squared with Ranker for Attribute Selection) using Weka (Hall et al. 2009) to 53 metrics of 

middle school academic performance/initiation of substance use. Group differences between 

parameters of predictive regions for high versus average academic performers were 

Meruelo et al. Page 5

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://surfer.nmr.mgh.harvard.edu/


identified by performing independent t-test comparisons using IBM SPSS v22. Significance 

was determined at the p < 0.05 level. Demographic analysis was completed using 

independent t-test comparisons between high and average academic performers across age, 

annual household income, mood scores at baseline, familial alcohol density, gender, 

ethnicity, lifetime substance use, and presence of DSM-5 (American Psychiatric Association 

2013) psychiatric conditions using the Diagnostic Interview Schedule for Children (DISC) 

Predictive Scales (Leung et al. 2005; Lucas et al. 2001). Significance was determined at the 

p < 0.05 level. Covariance analysis used StatPlus (http://www.analystsoft.com/en/products/

statplus/) and Pearson correlation coefficients between longitudinal baseline age, 

socioeconomic status (SES), familial alcohol density, and pubertal developmental score, and 

predictive attributes (see Supplementary Table 1 for findings).

Neural predictors of future average (and high) GPA alcohol users from nonusers using 
machine learning

Next, we followed up on the ability of machine learning to predict average GPA moderate to 

heavy alcohol users from average GPA non-drinkers (see Fig. 1). Our hope was that by 

looking at the differences between drinkers and nondrinkers in the academically average-

performing group, we might characterize the important differences in brain regions that 

distinguish academically struggling drinkers from nondrinkers in school.

Average-performing (GPA < 3.54) performers were divided into drinkers (moderate and 

heavy drinkers; see Fig. 1) and non-drinkers according to the Customary Drinking and Drug 

Use Record (Brown et al. 1998). Surface area, cortical thickness, and subcortical volume 

information was then used to classify drinkers versus non-drinkers using a naïve Bayesian 

classifier. A total of 336 brain regions were used as input to the naïve Bayesian classifier. We 

then applied the CfsSubset with BestFirst algorithm for selection and reduction of attributes 

using Weka (Hall et al. 2009). CfsSubset evaluates the worth of a subset of attributes by 

considering the individual predictive ability of each feature along with the degree of 

redundancy between them; subsets of features that are highly correlated with the binary class 

while having low intercorrelation are preferred (Hall et al. 2009). BestFirst searches the 

space of attribute subsets by greedy hillclimbing augmented with a backtracking facility 

(Hall et al. 2009). Beginning with the empty set of attributes, it searches forwards or 

backwards. It stops searching when the accuracy is higher than a given threshold or there is 

no more improvement (Hall et al. 2009). Subcortical and white matter volumes were 

normalized using regression-based intracranial volumes to account for intrasubject 

intracranial volume (ICV) differences. As ICV normalization methods vary in their ability to 

accurately capture morphometric measures, we also performed predictive analysis as 

described below without ICV correction.

For the average-performing drinkers and nondrinkers, sample size was sufficient to allow for 

dividing the sample in half with 50% used for training and 50% used for validation. 

However, for high-performing drinkers and nondrinkers, the sample size was insufficient for 

this type of validation so instead 10-fold cross validation was performing using training and 

testing sets. Group differences between parameters of predictive regions for drinking v. non-

drinking average (or high) academic performers were identified by performing independent 
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t-test comparisons using IBM SPSS v22. Significance was determined at the p < 0.05 level. 

Bonferroni correction for multiple comparisons was then applied based on the number of t-

tests performed under each hypothesis subgroup.

Neural predictors of future average (and high) GPA moderate-high cannabis users from 
low users using machine learning

We followed up on the ability of machine learning to predict average GPA moderate—high 

cannabis users from average GPA low cannabis users. Our expectation was that by looking 

at the differences between moderate-heavy cannabis users and low users in the academically 

average-performing group, we might be able to characterize the important differences in 

brain regions that distinguish academically struggling moderate-high cannabis users from 

low cannabis users in school.

Average-performing (GPA < 3.54) performers were divided into moderate-heavy cannabis 

users and low cannabis users according to the Customary Drinking and Drug Use Record 

(Brown et al. 1998). Lifetime cannabis uses at 11th grade was used to determine stratify 

users into moderate-heavy cannabis users with 50 or more lifetime episodes and low 

cannabis users as those with fewer than 50 uses. Surface area, cortical thickness, and 

subcortical volume information was then used to classify moderate-heavy cannabis users 

versus low users using a naïve Bayesian classifier. A total of 336 brain regions were used as 

input to the naïve Bayesian classifier. We then applied the CfsSubset with BestFirst 

algorithm for selection and reduction of attributes using Weka (Hall et al. 2009). CfsSubset 

evaluates the worth of a subset of attributes by considering the individual predictive ability 

of each feature along with the degree of redundancy between them; subsets of features that 

are highly correlated with the binary class while having low intercorrelation are preferred 

(Hall et al. 2009). BestFirst searches the space of attribute subsets by greedy hillclimbing 

augmented with a backtracking facility (Hall et al. 2009). Beginning with the empty set of 

attributes, it searches forwards or backwards. It stops searching when the accuracy is higher 

than a given threshold or there is no more improvement (Hall et al. 2009). Subcortical and 

white matter volumes were normalized using regression-based intracranial volumes to 

account for intrasubject intracranial volume (ICV) differences. As ICV normalization 

methods vary in their ability to accurately capture morphometric measures, we also 

performed predictive analysis as described below without ICV correction.

For both high and average-performing moderate-heavy cannabis users and low users, sample 

size was sufficient to allow for dividing the sample in half with 50% used for training and 

50% used for validation. Group differences between parameters of predictive regions for 

drinking v. non-drinking average (or high) academic performers were identified by 

performing independent t-test comparisons using IBM SPSS v22. Significance was 

determined at the p < 0.05 level. Bonferroni correction for multiple comparisons was then 

applied based on the number of t-tests performed under each hypothesis subgroup.
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Results

Demographic characteristics at baseline of subjects have been provided in Table 1; statistical 

comparison of demographic and diagnostic screening variables at baseline have been 

provided between high and average academic performers.

To address generalizability of our findings, we compared lifetime cannabis and alcohol use 

in 8th grade from our sample to that of the Monitoring Future Study (https://

www.drugabuse.gov/trends-statistics/monitoring-future/monitoring-future-study-trends-in-

prevalence-various-drugs). In our sample, 18% reported lifetime alcohol use (1 or more 

times) by 8th grade. This is slightly lower than 2017 national levels of 23% of 8th graders 

with lifetime alcohol use from Monitoring the Future. For cannabis, 10% of our sample 

versus 14% of the Monitoring the Future sample endorsed any cannabis use by 8th grade. 

Therefore, while use is somewhat lower in our sample, it is comparable to national data and 

suggests that these findings are fairly generalizable (Table 2).

Predictors of high school grade point average (GPA) using linear regression and machine 
learning: alcohol, cannabis, and middle school GPA

A total of 53 metrics of middle school academic performance/initiation of cannabis use were 

employed in the naïve Bayesian classifier. Middle school (6th/7th/8th) GPA predicted high 

school GPA better than substance use (frequency measures and initial age of use) with a 

sensitivity and specificity of 0.57 and 0.55, respectively. This was followed in predictive 

power by alcohol use age of onset for predicting high school GPA with a sensitivity and 

specificity of 0.54 and 0.52, respectively. Earlier age of onset for alcohol and cannabis had 

positive correlation coefficients indicating later age of use associations with higher academic 

performance. We also performed a linear regression analysis to see if middle school 

performance could predict alcohol and cannabis use age of onset. We found that middle 

school performance did not significantly predict alcohol use age of onset (R-squared = 0.11) 

nor did middle school performance predict cannabis use age of onset (R-squared = 0.05). We 

completed two machine learning analyses with similar results. We investigated whether 

binary classification into light versus moderate-heavy cannabis users could be predicted by 

middle school GPA. Sensitivity and specificity were 0.89 and 0.18, respectively with a 

50/50% split for validation. We investigated whether binary classification into drinkers and 

nondrinkers could be predicted by middle school GPA. Sensitivity and specificity were 0.63 

and 0.38, respectively with 10-fold cross validation.

Predictors of future average GPA alcohol users from nonusers using machine learning

A naïve Bayesian classifier approach differentiated average (<3.54) high school GPA 

alcohol users from nonusers (as defined under Methods) based on 336 neuroimaging 

features at baseline. This machine learning analysis revealed a number of predictive regions 

with a sensitivity/specificity of 0.75/0.75 with intracranial volume (ICV) correction (see 

Table 3 and Fig. 2). Predictive regions were found to be identical with and without ICV 

correction. Independent t-test analyses looking at the identified regions between average 

GPA alcohol users and nondrinkers found all regions to be decreased (e.g., decreased 
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thickness, decreased area, or decreased volume) in drinkers compared to nondrinkers, except 

in the left transverse temporal thickness, which was increased.

Problem behaviors commonly related to earlier drinking and cannabis use are a potential 

confound, and rule-violating types of behaviors may particularly impact those in the average 

GPA group. We examined baseline externalizing problem behavior T-score in relation to 

baseline GPA and found a non-significant correlation (r = −0.07, p = .25) in this sample 

(Table 4).

Predictors of future high GPA alcohol users from nonusers using machine learning

A naïve Bayesian classifier approach to differentiating high (> = 3.54) GPA alcohol users 

from nonusers based on 336 neuroimaging features revealed the two most predictive regions 

with a sensitivity/specificity of 0.63/0.54 with ICV correction (see Table 3). The 3rd 

ventricle was found to be greater in drinkers compared to nondrinkers, but not statistically 

significant.

Predictors of future average GPA cannabis moderate-heavy users from light users using 
machine learning

A naïve Bayesian classifier approach to differentiating average (< 3.54) GPA moderate-

heavy cannabis users from low users based on 336 neuroimaging features revealed one most 

predictive region with a sensitivity/specificity of 0.66/0.39 with ICV correction (see Table 

5). The right superior parietal thickness was found to be greater in moderate-heavy cannabis 

users compared to low users, but not statistically significant.

Predictors of future high GPA cannabis moderate-heavy users from light users using 
machine learning

A naïve Bayesian classifier approach to differentiating high (> = 3.54) GPA moderate-heavy 

cannabis users from low users based on 336 neuroimaging features revealed several 

predictive regions with a sensitivity/specificity of 0.71/0.57 with ICV correction (see Table 

6). Most surface areas were found to be greater in moderate-heavy cannabis users compared 

to low users, except for the right transverse temporal surface area.

Discussion

We had originally hypothesized that alcohol and cannabis use would predict poorer high 

school performance. We also hypothesized that good middle school performance would 

predict good high school performance. The results were consistent with our initial 

hypothesis that alcohol and cannabis use predicted high school GPA. Specifically, we found 

that amongst all substance use variables, ages of onset of alcohol and cannabis use most 

strongly predicted high school GPA. As expected (Kobrin and Michel 2006), middle school 

GPA predicted high school GPA, despite increases in the sophistication of material presented 

at later grade levels compared to middle school. In contrast, attempts to use both linear 

regression and machine learning to investigate whether middle school performance predicted 

substance use (cannabis, alcohol) proved unfruitful. We found that middle school 

performance did not significantly predict alcohol use age of onset (R-squared = 0.11) nor did 

Meruelo et al. Page 9

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



middle school performance predict cannabis use age of onset (R-squared = 0.05). Middle 

school GPA only very weakly predicted classification of cannabis users into light and 

moderate-heavy users with a sensitivity and specificity of 0.89 and 0.18, respectively. 

Middle school GPA similarly weakly predicted classification of alcohol drinkers into 

drinkers and nondrinkers with a sensitivity and specificity of 0.63 and 0.38, respectively. The 

stronger predictive direction of poorer academic performance by metrics of initiation of 

alcohol use and cannabis use appeared most prevalent within our subjects.

The identified brain regions (i.e., orbitofrontal cortex, cingulate, temporal lobe, and insula) 

in adolescents ages 12–14 years old prior to the initiation of alcohol, cannabis, or drug use 

represent brain systems previously implicated in reward, addiction, memory, and learning 

processes (Droutman et al. 2015; Schoenbaum and Shaham 2008; Sinha 2011). The 

orbitofrontal cortex is thought to facilitate behavioral control according to consequences and 

is altered in alcohol misuse (Schoenbaum and Shaham 2008). Lower cortical thickness of 

the isthmus cingulate has been found to be predictive of future drinking in a similar age 

group (Squeglia et al. 2017) as was found in our work. Finally, reduced insula gray matter 

volume in addicts has been found in neuroimaging studies (Droutman et al. 2015).

Our findings were in agreement with some of the findings of Meda et al. 2017, though our 

samples differed significantly in age (Meda et al. 2017). Meda et al. 2017 looked at college 

students and their academic performance whereas we examined middle school imaging and 

high school academic performance with regard to substance use (Meda et al. 2017). In 

agreement, we both found that alcohol and cannabis use was associated with decreased 

academic performance (Meda et al. 2017). In addition, we also found in agreement with 

Meda et al. 2017 in a different paper that decreased volumes, cortical thicknesses, and 

surface areas were predictive of lower academic performance (Meda et al. 2017). It should 

be emphasized that these neuroimaging findings were in substance naïve subjects at age 12–

14 years old (with a very small amount of cannabis use times used 0.1 ± 0.4 at baseline in 

average performers) whereas Meda et al. 2017 was looking at those who had heavily used 

alcohol in which they saw accelerated grey matter volume decline (Meda et al. 2017). This 

may suggest that some individuals may have increased vulnerability for increased drinking 

because of these brain imaging features, though this may change based on environmental 

exposures.

A natural question in understanding the impact of substance use and its relationship to high 

school academic performance is examining brain regions that can predict future drinking. 

Previous work by Squeglia et al. 2017 established a number of neural predictors for future 

drinking in this age group. We hoped to build on this work by focusing on neuroimaging 

predictors for future drinking while isolating for difficulties in school performance that 

might suggest early cognitive dysfunction. These differences in those who struggled in 

school were hypothesized in regions related to impulsivity such as the orbitofrontal cortex 

(Schoenbaum and Shaham 2008; Squeglia et al. 2017), insula (Droutman et al. 2015), 

cingulate cortex (Sinha 2011), in addition regions involved in learning such as the temporal 

lobe (Squire et al. 2007). Future neuroimaging predictors of drinking in those who over 

perform in high school was also sought. We hypothesized that regional differences would 
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reflect opposite patterns in expected or atypical regions (e.g., lingual regions) to provide 

additional advantage for higher performance despite increased alcohol consumption.

Among those with average GPAs (< 3.54), drinkers showed smaller surface area, thickness 

and volumes than non-drinkers (see Table 3). Smaller surface areas may represent 

environmental influences near the medial temporal lobe and genetic influences in the frontal 

and parietal cortices (Eyler et al. 2011, 20; Rimol et al. 2010). The frontal and temporal 

regions stood out as distinguishing features between drinkers and nondrinkers as highlighted 

in Table 3. These findings were consistent with the fact that frontal lobe maturation occurs to 

a greater degree than other regions of the adolescent brain. Smaller volumes and cortical 

thicknesses may suggest less brain maturation in early adolescence for future drinkers 

(Somerville 2016). However, smaller volumes and less cortical thicknesses may also suggest 

more brain maturation as the grey matter refines over the adolescent years after a period of 

growth in childhood (Giedd et al. 1999). The volume reduction and cortical thinning in 

adolescence may reflect synaptic pruning and refinement (Giedd et al. 1999). The reasons 

for these contradictory findings related to cortical thickness have been explored previously 

(Walhovd et al. 2016). Small volumes and cortical thicknesses may alternatively be a result 

of genetic differences or unmeasured confounds. Ample sample size for both average-

performing drinkers (n = 77) and nondrinkers (n = 29) facilitated elucidating a distinction 

between these groups. The lesser specificity for distinguishing average-performing drinkers 

versus nondrinkers may be the result of a smaller sample size for nondrinking individuals 

who were average performing and/or complexity of variation between average performers.

Comparing those with higher GPAs (> = 3.54), we found that drinkers compared to non-

drinkers demonstrated increased left middle temporal thickness and left lingual surface area. 

The increased thickness of the left middle temporal lobe has been seen in associations with 

increased intelligence quotient (Menary et al. 2013). The left lingual surface area may be 

under less genetic and more environmental control, and therefore more prone to 

modification by environmental insults, such as alcohol use (Eyler et al. 2011; Rimol et al. 

2010). The lesser specificity and sensitivity for distinguishing high-performing drinkers 

versus nondrinkers may be the result of a smaller sample size for drinking individuals who 

were high performing and/or the complexity of variations between such high-performing 

individuals. The lower specificity and sensitivity for high-performing drinkers versus 

nondrinkers limits our interpretation of the differences between these groups, but we 

included the findings for completeness of our analyses.

For those with average GPAs (< 3.54), using cannabis moderately to heavily was linked to 

thicker right superior parietal lobe cortices than low/no users (see Table 5). This region is 

often implicated in visuospatial functioning and larger volumes or thicker cortices have been 

observed in chronic cannabis using youth (Jacobus et al. 2015; Lopez-Larson et al. 2011). 

While these findings were a trend, the differences were not statistically significant in this 

sample.

Lastly, for those with higher GPAs (> = 3.54), moderate-heavy cannabis use was linked to 

greater surface areas in most predictive regions compared to low users, except for temporal 

regions where surface was statistically similar. Surface areas may represent environmental 
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influences near the medial temporal lobe and genetic influences in the parietal cortices 

(Eyler et al. 2011; Rimol et al. 2010). The parietal and temporal regions stood out as 

distinguishing features between moderate-heavy cannabis users and low users, as 

highlighted in Table 6. The pericalcarine area is the location of the primary visual cortex 

(Bedny et al. 2012) and may be enhanced in a compensatory manner in high performing 

moderate-heavy cannabis users. Similarly, the supramarginal area is responsible for 

language perception and processing and may be also enhanced in high performing moderate-

heavy cannabis users (Binder 2015). The temporal area has an important role in memory and 

learning, and may also be enhanced on moderate-heavy cannabis users (Nilakantan et al. 

2017).

This study has several limitations. First, our study focused on GPA as a marker of academic 

performance. A natural question arises as to how GPA maps onto cognitive and life 

outcomes after high school graduation, and even to verbal IQ (full-scale IQ data was not 

available as part of our study). Baseline Wechsler Vocabulary scores, often used as a proxy 

for Verbal IQ (Sattler 2018), correlated moderately and positively with baseline GPA 

(Pearson r = 0.23, p < .0001). Similarly, other studies have found moderate correlations 

between Verbal IQ measured by Wechsler Adult Intelligence Scale-Revised (WAIS-R) and 

GPA (Clinical Assessment of Child and Adolescent Personality and Behavior | Paul J. Frick | 
Springer n.d.). Second, findings only generalize to the population studied, which tended to 

be higher performing youth from San Diego school compared to students nationally. 

Findings do not address those with significant learning disabilities or very poor academic 

performance. Third, GPA may not be as valid or complete a measure of academic 

performance as standardized academic achievement or aptitude tests (Coyle et al. 2011; Frey 

and Detterman 2004). High school GPAs reflects intelligence, but also following rules in the 

classroom, test-taking skills (Kuncel et al. 2005), difficulty of school curricula, and teacher 

bias, although with standardized AP course offerings this variability has been reduced 

(Kuncel et al. 2005).

Fourth, the comparable reliability and validity of cortical thickness, cortical surface area, and 

subcortical volumes must be considered given that these metrics were all used as input for 

the machine learning approach taken (B. Fischl and Dale 2000; Clarkson et al. 2011; 

Cardinale et al. 2014). Based on a review of the literature, test-retested correlations, 

intraclass correlation coefficients, and percent differences for cortical thickness, cortical 

surface area, and subcortical volume were 0.82/0.88/0.88, 0.81/0.87/0.88, and 

0.86/1.19/1.39, respectively (Iscan et al. 2015), suggesting that subcortical volumes would 

be the most reliable and cortical thickness the least. However, our machine learning 

approach validated on an independent data set not previously trained on demonstrated that to 

the contrary, a combination of metrics across subcortical volumes, surface areas, and cortical 

thickness was more predictive than any particular subcortical volume parameter. This may 

be because, while generalizations can be made of the reliability of classes of metrics in 

general, some measures may simply be more predictive independent of the reliability of a 

particular class of metrics.

In summary, alcohol and cannabis use, prior academic performance, and high school 

academic performance show important relationships. Alcohol use age of onset and cannabis 
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use age of onset were highlighted as robust in predicting academic performance. Neural 

predictors of drinking in average-performers and high performers shed some light on 

differences in baseline brain maturation and development that help us better understand the 

challenges that those vulnerable to increased alcohol use face as they are growing up. 

Alcohol use and cannabis use ages of onset likely have a significant impact on the 

developing brain during this critical developmental window in adolescents, hence their 

increased predictive value. These findings apply to our sample, but might vary in a different 

sample.
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Acknowledgments

This work was made possible by the National Institute on Alcohol Abuse and Alcoholism grant R01 AA13419 (PI: 
Tapert), the National Institute of Mental Health grant R25 MH101072 (PI: Swerdlow), the National Institute on 
Alcohol Abuse and Alcoholism R01 supplement AA013419-14S1 (PI: Tapert), and the National Institute on 
Alcohol Abuse and Alcoholism grant K23 AA026869-01 (PI: Meruelo), the latter three supporting Alejandro 
Meruelo, MD, PhD. Interim salary support has been provided by 5T32MH018399-32 for Alejandro Meruelo. In 
addition, the National Institute on Drug Abuse-American Academy of Child and Adolescent Psychiatry Resident 
Training Award in Substance Abuse and Addiction provided a portion of funding for data processing and travel 
funds (PI: Meruelo).

References

American Psychiatric Association. (2013). Diagnostic and Statistical Manual of Mental Disorders (5th 
ed.). Washington, DC: American Psychiatric Publishing.

Gil-Lacruz AI, & Molina JA (2007). Human Development and Alcohol Abuse in Adolescence. 
Applied Economics, 39(10), 1315–1323. 10.1080/00036840701346238.

Azofeifa A, Mattson ME, & Grant A (2016a). Monitoring Marijuana Use in the United States: 
Challenges in an Evolving Environment. JAMA, 316(17), 1765–1766. 10.1001/jama.2016.13696. 
[PubMed: 27583699] 

Azofeifa A, Mattson ME, Schauer G, McAfee T, Grant A, & Lyerla R (2016b). National Estimates of 
Marijuana Use and Related Indicators - National Survey on Drug Use and Health, United States, 
2002–2014. Morbidity and Mortality Weekly Report. Surveillance Summaries (Washington, D.C.: 
2002), 65(11), 1–28. 10.15585/mmwr.ss6511a1.

Beck AT, Steer RA, & Carbin MG (1988). Psychometric Properties of the Beck Depression Inventory: 
Twenty-Five Years of Evaluation. Clinical Psychology Review, 8(1), 77–100. 
10.1016/0272-7358(88)90050-5.

Bedny M, Pascual-Leone A, Dravida S, & Saxe R (2012). A Sensitive Period for Language in the 
Visual Cortex: Distinct Patterns of Plasticity in Congenitally versus Late Blind Adults. Brain and 
Language, 122(3), 162–170. 10.1016/j.bandl.2011.10.005. [PubMed: 22154509] 

Bergen HA, Martin G, Roeger L, & Allison S (2005). Perceived Academic Performance and Alcohol, 
Tobacco and Marijuana Use: Longitudinal Relationships in Young Community Adolescents. 
Addictive Behaviors, 30(8), 1563–1573. 10.1016/j.addbeh.2005.02.012. [PubMed: 16122617] 

Binder JR (2015). The Wernicke Area. Neurology, 85(24), 2170–2175. 10.1212/
WNL.0000000000002219. [PubMed: 26567270] 

Brook JS, Balka EB, & Whiteman M (1999). The Risks for Late Adolescence of Early Adolescent 
Marijuana Use. American Journal of Public Health, 89(10), 1549–1554. [PubMed: 10511838] 

Brook JS, Stimmel MA, Zhang C, & Brook DW (2008). The Association between Earlier Marijuana 
Use and Subsequent Academic Achievement and Health Problems: A Longitudinal Study. The 

Meruelo et al. Page 13

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



American Journal on Addictions, 17(2), 155–160. 10.1080/10550490701860930. [PubMed: 
18393060] 

Brown SA, Myers MG, Lippke L, Tapert SF, Stewart DG, & Vik PW (1998). Psychometric Evaluation 
of the Customary Drinking and Drug Use Record (CDDR): A Measure of Adolescent Alcohol and 
Drug Involvement. Journal of Studies on Alcohol, 59(4), 427–438. 10.15288/jsa.1998.59.427. 
[PubMed: 9647425] 

Bryant AL, Schulenberg JE, O’Malley PM, Bachman JG, & Johnston LD (2003). How Academic 
Achievement, Attitudes, and Behaviors Relate to the Course of Substance Use During 
Adolescence: A 6-Year, Multiwave National Longitudinal Study. Journal of Research on 
Adolescence, 13(3), 361–397. 10.1111/1532-7795.1303005.

Cardinale F, Chinnici G, Bramerio M, Mai R, Sartori I, Cossu M, Russo GL, et al. (2014). Validation 
of FreeSurfer-Estimated Brain Cortical Thickness: Comparison with Histologic Measurements. 
Neuroinformatics, 12(4), 535–542. 10.1007/s12021-014-9229-2. [PubMed: 24789776] 

Chatterji P (2006). Does Alcohol Use during High School Affect Educational Attainment?: Evidence 
from the National Education Longitudinal Study. Economics of Education Review, 25(5), 482–
497. 10.1016/j.econedurev.2005.05.005.

Chatterji P, and DeSimone J (2005). Adolescent Drinking and High School Dropout.” Working Paper 
11337. National Bureau of Economic Research. http://www.nber.org/papers/w11337.

Clarkson MJ, Jorge Cardoso M, Ridgway GR, Modat M, Leung KK, Rohrer JD, Fox NC, & Ourselin 
S (2011). A Comparison of Voxel and Surface Based Cortical Thickness Estimation Methods. 
NeuroImage, 57(3), 856–865. 10.1016/j.neuroimage.2011.05.053. [PubMed: 21640841] 

Cohen K, & Weinstein A (2018). The Effects of Cannabinoids on Executive Functions: Evidence from 
Cannabis and Synthetic Cannabinoids—A Systematic Review. Brain Sciences, 8(3). 10.3390/
brainsci8030040.

Cook PJ, & Moore MJ (1993). Drinking and Schooling. Journal of Health Economics, 12(4), 411–429. 
[PubMed: 10131754] 

Coyle T, Snyder A, Pillow D, & Kochunov P (2011). SAT Predicts GPA Better for High Ability 
Subjects: Implications for Spearman’s Law of Diminishing Returns. Personality and Individual 
Differences, 50(4), 470–474. 10.1016/j.paid.2010.11.009. [PubMed: 21562615] 

Dale AM, Fischl B, & Sereno MI (1999). Cortical Surface-Based Analysis: I. Segmentation and 
Surface Reconstruction. NeuroImage, 9(2), 179–194. 10.1006/nimg.1998.0395. [PubMed: 
9931268] 

Bellis D, Michael D, Clark DB, Beers SR, Soloff PH, Boring AM, Hall J, Kersh A, & Keshavan MS 
(2000). Hippocampal Volume in Adolescent-Onset Alcohol Use Disorders. American Journal of 
Psychiatry, 157(5), 737–744. 10.1176/appi.ajp.157.5.737. [PubMed: 10784466] 

Droutman V, Read SJ, & Bechara A (2015). Revisiting the Role of the Insula in Addiction. Trends in 
Cognitive Sciences, 19(7), 414–420. 10.1016/j.tics.2015.05.005. [PubMed: 26066588] 

Ellickson P, Bui K, Bell R, & McGuigan KA (1998). Does Early Drug Use Increase the Risk of 
Dropping out of High School? Journal of Drug Issues, 28(2), 357–380. 
10.1177/002204269802800205.

Eyler LT, Prom-Wormley E, Panizzon MS, Kaup AR, Fennema-Notestine C, Neale MC, Jernigan TL, 
et al. (2011). Genetic and Environmental Contributions to Regional Cortical Surface Area in 
Humans: A Magnetic Resonance Imaging Twin Study. Cerebral Cortex (New York, N.Y.: 1991), 
21(10), 2313–2321. 10.1093/cercor/bhr013.

Fergusson DM, Lynskey MT, & Horwood LJ (1996). The Short-Term Consequences of Early Onset 
Cannabis Use. Journal of Abnormal Child Psychology, 24(4), 499–512. [PubMed: 8886945] 

Fischl B, & Dale AM (2000). Measuring the Thickness of the Human Cerebral Cortex from Magnetic 
Resonance Images. Proceedings of the National Academy of Sciences of the United States of 
America, 97(20), 11050–11055. 10.1073/pnas.200033797. [PubMed: 10984517] 

Fischl B, Sereno MI, & Dale AM (1999). Cortical Surface-Based Analysis: II: Inflation, Flattening, 
and a Surface-Based Coordinate System. NeuroImage, 9(2), 195–207. 10.1006/nimg.1998.0396. 
[PubMed: 9931269] 

Meruelo et al. Page 14

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.nber.org/papers/w11337


Frey MC, & Detterman DK (2004). Scholastic Assessment or g? The Relationship between the 
Scholastic Assessment Test and General Cognitive Ability. Psychological Science, 15(6), 373–378. 
10.1111/j.0956-7976.2004.00687.x. [PubMed: 15147489] 

Giedd JN, Blumenthal J, Jeffries NO, Castellanos FX, Liu H, Zijdenbos A, Paus T, Evans AC, and 
Rapoport JL. 1999 “Brain Development during Childhood and Adolescence: A Longitudinal MRI 
Study.” Nature Neuroscience 2 (10): 861–63. 10.1038/13158 [PubMed: 10491603] 

Hall M, Frank E, Holmes G, Pfahringer B, Reutemann P, & Witten IH (2009). The WEKA Data 
Mining Software: An Update. SIGKDD Explor. Newsl, 11(1), 10–18. 10.1145/1656274.1656278.

Hawkins JD, Catalano RF, & Miller JY (1992). Risk and Protective Factors for Alcohol and Other 
Drug Problems in Adolescence and Early Adulthood: Implications for Substance Abuse 
Prevention. Psychological Bulletin, 112(1), 64–105. [PubMed: 1529040] 

Henry KL, Smith EA, & Caldwell LL (2007). Deterioration of Academic Achievement and Marijuana 
Use Onset among Rural Adolescents. Health Education Research, 22(3), 372–384. 10.1093/her/
cyl083. [PubMed: 16968870] 

Iscan Z, Jin TB, Kendrick A, Szeglin B, Lu H, Trivedi M, Fava M, et al. (2015). Test–Retest 
Reliability of FreeSurfer Measurements Within and Between Sites: Effects of Visual Approval 
Process. Human Brain Mapping, 36(9), 3472–3485. 10.1002/hbm.22856. [PubMed: 26033168] 

Jackson NJ, Isen JD, Khoddam R, Irons D, Tuvblad C, Iacono WG, McGue M, Raine A, & Baker LA 
(2016). Impact of Adolescent Marijuana Use on Intelligence: Results from Two Longitudinal Twin 
Studies. Proceedings of the National Academy of Sciences, 113(5), E500–E508. 10.1073/
pnas.1516648113.

Jacobus J, Goldenberg D, Wierenga CE, Tolentino NJ, Liu TT, & Tapert SF (2012). Altered Cerebral 
Blood Flow and Neurocognitive Correlates in Adolescent Cannabis Users. Psychopharmacology, 
222(4), 675–684. 10.1007/s00213-012-2674-4. [PubMed: 22395430] 

Jacobus J, Squeglia LM, Meruelo AD, Castro N, Brumback T, Giedd JN, & Tapert SF (2015). Cortical 
Thickness in Adolescent Marijuana and Alcohol Users: A Three-Year Prospective Study from 
Adolescence to Young Adulthood. Developmental Cognitive Neuroscience, Substance Use and the 
Adolescent Brain: Developmental Impacts, Interventions, and Longitudinal Outcomes, 16, 101–
109. 10.1016/j.dcn.2015.04.006.

Jacobus J, Squeglia LM, Sorg SF, Nguyen-Louie TT, & Tapert SF (2014). Cortical Thickness and 
Neurocognition in Adolescent Marijuana and Alcohol Users Following 28 Days of Monitored 
Abstinence. Journal of Studies on Alcohol and Drugs, 75(5), 729–743. [PubMed: 25208190] 

Jeynes WH (2002). The Relationship between the Consumption of Various Drugs by Adolescents and 
Their Academic Achievement. The American Journal of Drug and Alcohol Abuse, 28(1), 15–35. 
10.1081/ADA-120001279. [PubMed: 11853131] 

Kobrin J, & Michel R (2006). The SAT® As a Predictor of Different Levels of College Performance. 
New York: The College Board.

Kuncel NR, Credé M, & Thomas LL (2005). The Validity of Self-Reported Grade Point Averages, 
Class Ranks, and Test Scores: A Meta-Analysis and Review of the Literature. Review of 
Educational Research, 75(1),63–82. 10.3102/00346543075001063.

Lac A, & Luk JW (2018). Testing the Amotivational Syndrome: Marijuana Use Longitudinally 
Predicts Lower Self-Efficacy Even After Controlling for Demographics, Personality, and Alcohol 
and Cigarette Use. Prevention Science: The Official Journal of the Society for Prevention 
Research, 19(2), 117–126. 10.1007/s11121-017-0811-3. [PubMed: 28620722] 

Leung PWL, Lucas CP, Hung S. f., Kwong S. l., Tang C. p., Lee C. c., Ho T. p., Lieh-Mak F, & Shaffer 
D (2005). The Test-Retest Reliability and Screening Efficiency of DISC Predictive Scales-Version 
4.32 (DPS-4.32) with Chinese Children/Youths. European Child & Adolescent Psychiatry, 14(8). 
10.1007/s00787-005-0503-6.

Lopez-Larson MP, Bogorodzki P, Rogowska J, McGlade E, King JB, Terry J, & Yurgelun-Todd D 
(2011). ALTERED PREFRONTAL AND INSULAR CORTICAL THICKNESS IN 
ADOLESCENT MARIJUANA USERS. Behavioural Brain Research, 220(1), 164–172. 10.1016/
j.bbr.2011.02.001. [PubMed: 21310189] 

Lucas CP, Zhang H, Fisher PW, Shaffer D, Regier DA, Narrow WE, Bourdon K, et al. (2001). The 
DISC Predictive Scales (DPS): Efficiently Screening for Diagnoses. Journal of the American 

Meruelo et al. Page 15

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Academy of Child & Adolescent Psychiatry, 40(4), 443–449. 
10.1097/00004583-200104000-00013. [PubMed: 11314570] 

Meda SA, Dager AD, Hawkins KA, Tennen H, Raskin S, Wood RM, Austad CS, Fallahi CR, & 
Pearlson GD (2017). Heavy Drinking in College Students Is Associated with Accelerated Gray 
Matter Volumetric Decline over a 2 Year Period. Frontiers in Behavioral Neuroscience, 11 
10.3389/fnbeh.2017.00176.

Meier MH, Hill ML, Small PJ, & Luthar SS (2015). Associations of Adolescent Cannabis Use with 
Academic Performance and Mental Health: A Longitudinal Study of Upper Middle Class Youth. 
Drug and Alcohol Dependence, 156, 207–212. 10.1016/j.drugalcdep.2015.09.010. [PubMed: 
26409752] 

Menary K, Collins PF, Porter JN, Muetzel R, Olson EA, Kumar V, Steinbach M, Lim KO, & Luciana 
M (2013). Associations between Cortical Thickness and General Intelligence in Children, 
Adolescents and Young Adults. Intelligence, 41(5), 597–606. 10.1016/j.intell.2013.07.010. 
[PubMed: 24744452] 

Mensch BS, & Kandel DB (1988). Dropping Out of High School and Drug Involvement. Sociology of 
Education, 61(2), 95–113. 10.2307/2112267.

Nagel BJ, Schweinsburg AD, Phan V, & Tapert SF (2005). Reduced Hippocampal Volume among 
Adolescents with Alcohol Use Disorders without Psychiatric Comorbidity. Psychiatry Research, 
139(3), 181–190. 10.1016/j.pscychresns.2005.05.008. [PubMed: 16054344] 

Nguyen-Louie TT, Tracas A, Squeglia LM, Matt GE, Eberson-Shumate S, & Tapert SF (2016). 
Learning and Memory in Adolescent Moderate, Binge, and Extreme-Binge Drinkers. Alcoholism, 
Clinical and Experimental Research, 40(9), 1895–1904. 10.1111/acer.13160.

Nilakantan AS, Voss JL, Weintraub S, Mesulam MM, & Rogalski EJ (2017). Selective Verbal 
Recognition Memory Impairments Are Associated with Atrophy of the Language Network in 
Non-Semantic Variants of Primary Progressive Aphasia. Neuropsychologia, 100(6), 10–17. 
10.1016/j.neuropsychologia.2017.04.006. [PubMed: 28391035] 

Pascarella ET, Goodman KM, Seifert TA, Tagliapietra-Nicoli G, Park S, & Whitt EJ (2007). College 
Student Binge Drinking and Academic Achievement: A Longitudinal Replication and Extension. 
Journal of College Student Development, 48(6), 715–727. 10.1353/csd.2007.0060.

Paulson MJ, Coombs RH, & Richardson MA (1990). School Performance, Academic Aspirations, and 
Drug Use among Children and Adolescents. Journal of Drug Education, 20(4), 289–303. 
10.2190/8J0X-LY6D-PL7W-42FA. [PubMed: 2286876] 

Pope HG, Gruber AJ, Hudson JI, Huestis MA, & Yurgelun-Todd D (2001). Neuropsychological 
Performance in Long-Term Cannabis Users. Archives of General Psychiatry, 58(10), 909–915. 
10.1001/archpsyc.58.10.909. [PubMed: 11576028] 

Rice JP, Reich T, Bucholz KK, Neuman RJ, Fishman R, Rochberg N, Hesselbrock VM, Nurnberger JI, 
Schuckit MA, & Begleiter H (1995). Comparison of Direct Interview and Family History 
Diagnoses of Alcohol Dependence. Alcoholism, Clinical and Experimental Research, 19(4), 1018–
1023.

Rimol LM, Panizzon MS, Fennema-Notestine C, Eyler LT, Fischl B, Franz CE, Hagler DJ, et al. 
(2010). Cortical Thickness Is Influenced by Regionally-Specific Genetic Factors. Biological 
Psychiatry, 67(5), 493–499. 10.1016/j.biopsych.2009.09.032. [PubMed: 19963208] 

Sattler JM (2018). Assessment of Children: Cognitive Foundations and Applications (6th ed.). La 
Mesa: Jerome M. Sattler, Publisher.

Schoenbaum G, & Shaham Y (2008). The Role of Orbitofrontal Cortex in Drug Addiction: A Review 
of Preclinical Studies. Biological Psychiatry, 63(3), 256–262. 10.1016/j.biopsych.2007.06.003. 
[PubMed: 17719014] 

Schulenberg J, Bachman JG, O’Malley PM, & Johnston LD (1994). High School Educational Success 
and Subsequent Substance Use: A Panel Analysis Following Adolescents into Young Adulthood. 
Journal of Health and Social Behavior, 35(1), 45–62. 10.2307/2137334. [PubMed: 8014429] 

Schweinsburg AD, Brown SA, & Tapert SF (2008). The Influence of Marijuana Use on 
Neurocognitive Functioning in Adolescents. Current Drug Abuse Reviews, 1(1), 99–111. 
[PubMed: 19630709] 

Meruelo et al. Page 16

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Shaffer D, Fisher P, Dulcan MK, Davies M, Piacentini J, Schwab-Stone ME, Lahey BB, et al. (1996). 
The NIMH Diagnostic Interview Schedule for Children Version 2.3 (DISC-2.3): Description, 
Acceptability, Prevalence Rates, and Performance in the MECA Study. Journal of the American 
Academy of Child & Adolescent Psychiatry, 35(7), 865–877. 
10.1097/00004583-199607000-00012. [PubMed: 8768346] 

Shaw P (2007). Intelligence and the Developing Human Brain. BioEssays: News and Reviews in 
Molecular, Cellular and Developmental Biology, 29(10), 962–973. 10.1002/bies.20641.

Sinha R (2011). New Findings on Biological Factors Predicting Addiction Relapse Vulnerability. 
Current Psychiatry Reports, 13(5), 398–405. 10.1007/s11920-011-0224-0. [PubMed: 21792580] 

Solowij N, Stephens R, Roffman RA, & Babor T (2002a). Does Marijuana Use Cause Long-Term 
Cognitive Deficits? JAMA, 287(20), 2653–2654 author reply 2654. [PubMed: 12020296] 

Solowij N, Stephens RS, Roffman RA, Babor T, Kadden R, Miller M, Christiansen K, McRee B, 
Vendetti J, & Marijuana Treatment Project Research Group. (2002b). Cognitive Functioning of 
Long-Term Heavy Cannabis Users Seeking Treatment. JAMA, 287(9), 1123–1131. 10.1001/
jama.287.9.1123. [PubMed: 11879109] 

Somerville LH (2016). Searching for Signatures of Brain Maturity: What Are We Searching For? 
Neuron, 92(6), 1164–1167. 10.1016/j.neuron.2016.10.059. [PubMed: 28009272] 

Spielberger CD, Gorsuch RL, Lushene R, Vagg PR, & Jacobs GA (1983). Manual for the State-Trait 
Anxiety Inventory. Palo Alto: Consulting Psychologists Press.

Squeglia LM, Ball TM, Jacobus J, Brumback T, McKenna BS, Nguyen-Louie TT, Sorg SF, Paulus MP, 
& Tapert SF (2017). Neural Predictors of Initiating Alcohol Use During Adolescence. The 
American Journal of Psychiatry, 174(2), 172–185. 10.1176/appi.ajp.2016.15121587. [PubMed: 
27539487] 

Squeglia LM, Tapert SF, Sullivan EV, Joanna J, Meloy MJ, Rohlfing T, & Pfefferbaum A (2015). Brain 
Development in Heavy Drinking Adolescents. The American Journal of Psychiatry, 172(6), 531–
542. 10.1176/appi.ajp.2015.14101249. [PubMed: 25982660] 

Squire LR, Wixted JT, & Clark RE (2007). Recognition Memory and the Medial Temporal Lobe: A 
New Perspective. Nature Reviews. Neuroscience, 8(11), 872–883. 10.1038/nrn2154. [PubMed: 
17948032] 

Walhovd Kristine B., Fjell Anders M., Giedd Jay, Dale Anders M., and Brown Timothy T.. 2016 
“Through Thick and Thin: A Need to Reconcile Contradictory Results on Trajectories in Human 
Cortical Development.” Cerebral Cortex (New York, NY) 27 (2). 10.1093/cercor/bhv301

Zax JS, & Rees DI (2002). IQ, Academic Performance, Environment, and Earnings. Review of 
Economics and Statistics, 84(4), 600–616. 10.1162/003465302760556440.

Meruelo et al. Page 17

Brain Imaging Behav. Author manuscript; available in PMC 2021 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 1. 
Definition of youth drinking categories, depicting how study participants were divided into 

nondrinker (control) and moderate to heavy drinkers (as one group) (Squeglia et al. 2017)
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Fig. 2. 
Machine-learning predictive regions for Average-Performing (GPA < 3.54) Drinkers v. 

Nondrinkers. Mean GPA of 3.54 ± 0.60 (range:1.35 to 5.00) with subjects divided into high 

(GPA ≥ 3.54; n = 87) and average (GPA < 3.54; n = 83)
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