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Abstract

Academic performance in adolescence strongly influences adult prospects. Intelligence quotient (IQ) has historically been
considered a strong predictor of academic performance. Less objectively explored have been morphometric features. We ana-
lyzed brain MRI morphometry metrics in early adolescence (age 12—14 years) as quantitative predictors of academic performance
over high school using a naive Bayesian classifier approach with n = 170 subjects. Based on the mean GPA, subjects were divided
into high (GPA >3.54; n=87) and low (GPA <3.54; n = 83) academic performers. Covariance analysis was performed to look at
the influence of subject demographics. We examined predictive features from the 343 available regions (surface areas, cortical
thickness, and subcortical volumes) and applied 4 algorithms for selection and reduction of attributes using Weka. Cortical
thickness measures performed better than surface areas or subcortical volumes as predictors of academic performance. We
identified 15 cortical thickness regions most predictive of academic performance, three of which have not been described in
the literature predictive of academic performance. These were in the left hemisphere fusiform, bilateral insula, and left hemi-
sphere paracentral regions. Prediction had a sensitivity of 0.65 and specificity of 0.73 with independent validation. Follow-up
independent t-test analyses between high and low academic achievers on 10 of 15 regions showed between-group significance at
the p < 0.05 level. High achievers demonstrated thicker cortices than low achievers. These newly identified regions may help
pinpoint new targets for further study in understanding the developing adolescent brain in the classroom setting.
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Introduction area. They found that lower intelligence has been associated

with slightly thinner cortices at a young age (10 years old) and

High school academic performance likely impacts scholastic
advancement, including the opportunity to attend college and
other career-determining educational programming (Jung and
Haier 2007; Shaw 2007).

Schnack and colleagues (2015) have looked at the relation-
ship between intelligence, cortical thickness, and cortical surface
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thicker cortices have been associated with higher intelligence
during a person’s forties (Schnack et al. 2015). In addition,
higher intelligence has been associated with cortical surface area
expansion being completed at a younger age (Schnack et al.
2015). However, localized regions of the brain involved in
predicting academic performance have not been as extensively
explored. By studying regions of the brain thought to predict
exemplary academic performance, we sought to gain under-
standing into which neural regions and networks are most crit-
ical in the classroom setting.

Machine learning techniques (e.g., neural networks) have
been widely used in other areas of research including structure
prediction and have greater applicability to areas with large
amounts of accumulated experimental data (Meruelo et al.
2011). This quantitative approach may allow identification of
critical brain regions better than other approaches by providing a
systematic, quantitative, and non-biased identification of areas,
in this case, associated with higher academic performance. In
contrast, while naive Bayesian classifier methods can identify
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non-linear relationships linear regression is limited to linear re-
lationships and is sensitive to outliers (Gelman and Hill 2006).
Naive Bayesian learning methods also are able to identify sig-
nificant relationships with less input data and less impact of
confounding variables (Gelman and Hill 2006). Naive
Bayesian classifiers can be optimal even if the assumption of
feature independence is violated (Zhang 2005; Domingos and
Pazzani 1997). Thus, we employed a naive Bayesian classifier
and contrasted the results with those of traditional linear, hierar-
chical regression to see if there was agreement between the two
methods. We employed cross-validation for each algorithm for
the naive Bayesian classifier to avoid common problems such as
overfitting and bias (Kohavi 1995; Trippa et al. 2015).
Knowledge of the identified brain regions may inform future
targets for early developmental and behavioral interventions to-
wards improving cognitive function in the academic environ-
ment, and academic achievement.

The aim of this paper is to quantitatively identify regions
whose morphometry in early adolescence predicts later academic
performance in high school. Several regions were examined. The
basal ganglia have been shown to be involved in stepwise,
feedback-based learning, while the medial temporal lobes are
implicated in encoding of relationships between stimuli and facil-
itate application of relationships in new contexts (Shohamy et al.
2008). The lateral prefrontal cortex plays a major role in behav-
ioral planning related to learning (Tanji et al. 2007). The anterior
cingulate gyrus has been suggested as important locus for self-
regulation, support cognitive and emotional functioning during
task performance (Posner et al. 2007). The hippocampal role in
long-term episodic memory has been related to constructing men-
tal imagery (Bird and Burgess 2008). Language processing and
social attention through eye gaze processing, essential to class-
room learning, relies on the superior temporal sulcus (Redcay
2008). Finally, the amygdala appears important to processing
positive and negative rewards, and reinforcement (Murray 2007).

For the present study, we hypothesized that frontal, basal
ganglia, limbic, and temporal morphometry in early adoles-
cence would predict academic performance in high school
(Shohamy et al. 2008; Kéri 2008; Tanji et al. 2007; Berger et
al. 2007; Murray 2007; Posner et al. 2007; Sandi and Pinelo-
Nava 2007; Hargreaves et al. 2005; Bird and Burgess 2008;
Ishai et al. 1999; Redcay 2008). We also wanted to ensure that
potentially confounding factors (age, pubertal development,
socioeconomic status, etc.) were accounted for, so covariance
analysis was completed to examine these, as described below.

Methods
Participants

Study participants (N =288) were recruited from local San
Diego area schools at age 12—14 years (average age 13.2+
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0.8), defined as the baseline year. Longitudinal data including
magnetic resonance imaging (MRI) and grade point average
(or GPA) were collected throughout study through graduation
from high school. Exclusionary criteria included history of
psychiatric or neurological disorder, imaging data with reso-
lution less than 3 T, and for this study, incomplete GPA data
through high school. Brain MRI data were collected at base-
line and GPA at the 11th and 12th grade level (followup).
These criteria resulted in a reduced total of N =170 subjects.
Demographics statistics for all subjects prior to exclusion have
been included in Supplementary Table 2 for reference.
Complete study procedure design, timeline, urine toxicology
testing, and IRB in described in further detail in previous work
(Jacobus et al. 2012).

Measures

The Customary Drinking and Drug Use Record was
employed to assess lifetime alcohol, cannabis, tobacco, and
other drug use defined as the cumulative use (e.g., cannabis)
episodes at baseline (Brown et al. 1998). 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. 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 alcohol or cannabis use disorders at baseline.
Family history of substance use disorders was obtained using
the Family History Assessment Module (Rice et al. 1995).
Grade point average and parental income were obtained dur-
ing an interview prior to baseline imaging acquisition.

Due to the sample used for predictive purposes of high
school performance consisting of 12—14 years olds at the time
of baseline neuroimaging, substance use (cannabis, alcohol,
and other dugs) was very low. Thus, neuroimaging results do
not reflect the future use of alcohol or drugs on high school
performance in adolescence.

Image acquisition and processing

Scans were acquired on a 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 ana-
tomical spoil gradient recall (SPGR) scan was obtained (TE/
TR =min full, field of view = 24 c¢m, resolution = 1 mm3, 170
continuous slices). Cortical thickness, area, and volume esti-
mates were obtained in the same manner as previously pub-
lished 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
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thickness estimates (Fischl et al. 1999; Dale et al. 1999). The
cross-sectioning process, cortical thickness calculation, and
parcellation procedure has previously been described in detail
(Jacobus et al. 2015).

Data analysis

For feature selection analysis, surface areas, cortical thickness,
and subcortical volumes were extracted as input training data
to distinguish those with exemplary versus lesser academic
performance in high school. The mean GPA of subjects was
determined to be 3.54 + 0.60 (ranging from a low of 1.35to a
high of 5.00; these include AP courses for which students can
achieve higher than GPA of 4.0) and consequently subjects
were divided into high (GPA >3.54; n=87) and low (GPA <
3.54; n = 83) academic performers.

To identify predictive features from the 343 available seg-
mented brain regions (surface areas, cortical thickness, and
subcortical volumes), we applied the CfsSubset with
BestFirst algorithm for selection and reduction of attributes
using Weka (M. 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 intercorre-
lation are preferred (M. A. Hall 1999). BestFirst searches the
space of attribute subsets by greedy hillclimbing augmented
with a backtracking facility (M. Hall et al. 2009). Subcortical
and white matter volumes were normalized using regression-
based intracranial volumes to account for intrasubject intracra-
nial volume (ICV) differences. As ICV normalization
methods vary in their ability to accurately capture morphomet-
ric measures, we also performed predictive analysis as de-
scribed below without ICV correction and the results have
been included in Supplemental Table 3 below.

Fifteen morphometric attributes were used to make predic-
tions using a naive Bayes classifier of high and low academic
performance. Predictive attributes were then validated by di-
viding the sample in half with 50% used for training and 50%
used for validation. Others have used similar approaches to
prediction successfully in other major biological problems
especially in the area of genomics (Douglass et al. 2016;
Geng et al. 2015; Tian and Lim 2015).

Group differences between parameters of predictive regions
for high v. low academic performers were 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 low 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 (i.e., social phobia, panic disorder,

generalized anxiety disorder, specific phobias, obsessive-
compulsive disorder, major depressive disorder, manic disorder,
schizophrenia, attention deficit hyperactive disorder (ADHD),
oppositional defiant disorder, conduct disorder, alcohol use dis-
order, cannabis use disorder, substance use disorder, ADHD
functional impairment, and separation anxiety disorder) using
the Diagnostic Interview Schedule for Children (DISC)
Predictive Scales (Leung et al. 2005; Lucas et al. 2001).
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
15 predictive cortical thickness regions.

Results

Demographic analysis demonstrated similarity of low- and
high-academic performers across a variety of measures in-
cluding age, income, depressive and anxiety symptoms, can-
nabis and alcohol use, family history of alcoholism, incidence
of developing psychiatric and substance use disorders, and
impairment related to ADHD (see Table 1).

We found that 15 cortical regions distinguished high versus
low academic performance at follow-up optimally, using a
naive Bayesian classifier approach with training on half of the
dataset and validation on the remaining half of dataset, with a
sensitivity of 0.65 and specificity of 0.73 without ICV correc-
tion (or a sensitivity of 0.60 and specificity of 0.64 with ICV
correction). High performers, compared to low performers,
showed greater baseline cortical thickness in: bilateral hemi-
sphere mean thickness, bilateral insula, bilateral precuneus, left
frontal pole, left fusiform, left inferior temporal, left
paracentral, left superior temporal, left supramarginal, right
posterior cingulate, right superior frontal, and right superior
parietal cortices, as illustrated in Fig. 1a, b. Follow-up analyses
confirmed group differences for 10 of 15 regions in indepen-
dent t-tests (p <.05) (see Table 2 and Fig. 2). Subcortical and
white matter volumes were not found to be significantly pre-
dictive of outcome academic performance using the naive
Bayesian classifier approach. We also performed this analysis
using data uncorrected for intracranial volume and found sim-
ilar results (13 of 15 regions noted above remained the same)
provided in Supplementary Table 3.

The largest bivariate correlations were found between pu-
bertal developmental score and gender (expected), right hemi-
sphere supramarginal volume and gender, left hemisphere
isthmus cingulate volume and gender, right superior frontal
thickness and age, right hemisphere supramarginal volume
and SES, right hemisphere pars opercularis volume and gen-
der, left hemisphere precuneus thickness and age, right hemi-
sphere superior parietal thickness and age, left hemisphere
fusiform thickness and age, left hemisphere insula thickness
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Table 1 Demographic characteristics at baseline

Mean + SD or % for

academic performer

group

P52 )

High Low Q~$‘ :’-paracentral

n=84) (=77 , b I
Age 13.1£0.7 13.2+0.8
Annual household income ($K) 93+£109 78«85

Familial alcohol use disorder density 0.00+0.03 0.01 +£0.06

% Male 54 61
% Hispanic/Latino 13 39
Race (%white) 75 53

Times used tobacco 0.1+0.6 0+1

Days used alcohol per month in past 3 months 0.0+£0.2  0.0+0.2
Times used cannabis, lifetime 0+0 0.1+£04
Times used other drug, lifetime 0+0 0.0£0.1
Beck Depression Inventory total 1+2 2+4
Spielberger State Anxiety T-score 484 47+5
Social phobia* 0.1+£04 02+04
Panic disorder* 0.1+£0.2 0«0
Generalized anxiety disorder* 0.1+£04 0.1+04
Specific phobias* 03+0.6 04+0.7
Obsessive-compulsive disorder (OCD)* 0.0+0.2 0.0+0.2
Major depressive disorder (MDD)* 03+08 0.1+0.6
Manic disorder* 0.1+03 0.1+03
Schizophrenia* 0.0+0.0 0.0+£0.0
Attention deficit hyperactivity disorder 03+0.8 142
(ADHD) *

Oppositional defiant disorder* 02+0.7 1+1
Conduct disorder* 0.1+02 03+£0.7
Alcohol use disorder* 0.0+0.1 0.0+0.1
Cannabis use disorder* 0.0+0.0 0.0+0.0
Substance use disorder* 0.0+£0.0 0.0+£0.0
ADHD functional impairment™® 0+1 1+2
Separation anxiety disorder* 00+02 02+06

*Subscale or total score from DISC Predictive Scales (Lucas et al. 2001;
Leung et al. 2005, 200)

and age, left hemisphere isthmus cingulate volume and age,
left hemisphere supramarginal thickness and age, right hemi-
sphere supramarginal volume and age, left hemisphere
paracentral thickness and age, left hemisphere paracentral
thickness and SES, and right hemisphere pars opercularis vol-
ume and pubertal developmental score (see Supplementary
Table 1).

Discussion

We found that early adolescent thickness of cortical regions
previously associated with learning and memory formation
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Fig. 1 Predictive cortical thickness regions for academic performance. a
Medial view, (b) Lateral view. This colored figure illustrates the 15
regions of the brain without respect to laterality whose cortical
thickness predicts academic performance. Please refer to Table 2 for
laterality

were key to subsequent academic functioning. This highlights
the importance of cortical thicknesses over surface areas or
subcortical volumes as predictors of academic perfor-
mance in high school. We found agreement with previ-
ous reports (Karama et al. 2011) of increased cortical
thickness in high performers compared to low per-
formers in the left frontal pole, left inferior temporal,
bilateral precuneus, left superior temporal, left
supramarginal, right posterior cingulate, right superior
frontal, and right superior parietal cortices.

These findings are consistent with Shaw et al. (2006)
who found a negative correlation between intelligence
(associated with higher academic performance) and cor-
tical thickness in early childhood, yet a positive corre-
lation from late childhood onwards. Shaw et al. (2008)
also found that the medial occipitotemporal and anterior
superior temporal areas are isocortical regions that don’t
follow typical developmental trajectories.
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Table 2 Independent t-tests for predictive regions

Mean for academic performer group

P-value

High (n=84) Low (n=77) (nonequal variances)

L Mean Thickness (*) 2.802 2.769 0.03
L Frontal Pole Thickness 3.214 3.188 0.59
L Fusiform Thickness (*) 3.083 3.037 0.03
L Inferior Temporal Thickness (*) 3.196 3.138 0.03
L Insula Thickness (*) 3412 3.363 0.02
L Paracentral Thickness 2.755 2.738 0.45
L Precuneus Thickness 2.789 2.76 0.15
L Superior Temporal Thickness (*) 3.098 3.049 0.04
L Supramarginal Thickness 2.939 2.899 0.09
R Mean Thickness (*) 2.802 2.766 0.01
R Insula Thickness 3.408 3.378 0.21
R Posterior Cingulate Thickness (*) 2.942 2.869 0.01
R Precuneus Thickness (*) 2.817 2.77 0.02
R Superior Frontal Thickness (¥) 3.058 2.984 0

R Superior Parietal Thickness (*) 2.591 2.544 0.01

Abbreviations: L, Left. R, Right
*p <.05 for group differences

We identified three regions predicting subsequent academ-
ic performance that were not previously reported in the liter-
ature: left fusiform, bilateral insula, and left paracentral re-
gions. The fusiform gyrus is logical, given its importance in
understanding language, learning, memory, and word and fa-
cial (e.g., social element of school) recognition (Devlin et al.
2006; Kanwisher and Yovel 2006; Peelen and Downing
2005). The insula is involved in salience for monitoring the
environment and salience of selecting attention to achieve
tasks (Menon and Uddin 2010). The paracentral region is
known to be involved in somatosensory of distal limbs and
motor coordination, but its role in cognition is not established
(Spasojevic et al. 2013).

The insula and anterior cingulate cortex appear to lack the
typical growth pattern of stabilization during the first three
decades of life (Shaw et al. 2008). Both the insula and anterior

cingulate cortex follow a quadratic model with increases in
cortical thickness observed between ages 5 to 17 and de-
creases thereafter (Shaw et al. 2008). The insula has not been
previously identified as being predictive of academic
performance.

Strengths, weaknesses, and limitations

One important caveat in interpreting the importance of these
regions is that the regions identified are not exclusionary of
other regions that may be equal or of lesser importance in
prediction of academic performance. The regions identified
are non-redundant ones that have been identified as most pre-
dictive of academic performance in combination, but do not
exclude the possibility that there are other regions that are of
equal or lesser importance that may also predict academic
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Fig. 2 Boxplot analysis for predictive regions of cortical thickness for high v. low academic performers
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performance. For example, while the left fusiform, bilateral
insula, and left paracentral regions are three of the 15 regions
found to be most predictive of academic performance this
does not preclude that regions corresponding to other areas
of the brain other than these 15 may also predict academic
performance.

Two major strengths of the study were the large sample size
(n =84 high performers and n =77 low performers) and the
strategy employed to objectively identify predictive regions of
the brain for academic performance (naive Bayesian classifier
method). Many studies have hand-select regions using regions
of interest or employ whole-brain analysis, but we were able
to start with 343 brain features and reduce these to a non-
redundant set of features that was most predictive across mul-
tiple feature reduction algorithms. There are few studies that
start with such a large subset of features and narrow down
analysis to such a small subset (15 features) that can predict
the variation in academic performance as our study has done.

One limitation of our study findings is that the cohort was
comprised of relatively high performing students from within
a 50-mile radius of the university-based study site, as com-
pared to schools systems nationally. GPA ranged from a low
of 1.35 to a high of 5.00; these include advanced placement
courses from which students can achieve grades as high as 5.0.
With the increasingly common presence of advanced place-
ment courses available in American high schools, those under
3.5 are relatively lower functioning than in decades past.
Thus, findings do not address variability in those with signif-
icant learning disabilities or very poor academic performance,
but contrast youth with high versus medium performance
levels. Future studies should replicate these findings in sam-
ples that include lower performing students.

An important limitation to consider is the validity of GPA
as a measure of intelligence in comparison with other mea-
sures such as neurocognitive test performance, intelligence
quotient, or aptitude tests (e.g., SAT/ACT) (Coyle et al.
2011; Frey and Detterman 2004). GPA reflects intelligence,
but also a variety of factors such as rule following, compli-
ance, test-taking skills (Kuncel et al. 2005), and possibly cul-
tural bias (Kruse 2016). GPA can also vary based on difficulty
of school curricula, though with standardized AP course of-
ferings this variability has been reduced (Kuncel et al. 2005).
GPA was the primary measure available as part of the Youth-
at-Risk longitudinal study, hence its choice as a measure.

Another limitation of our study is that the comparable reli-
ability 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 ap-
proach taken (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/
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0.88, and 0.86/1.19/1.39, respectively (Iscan et al. 2015). This
suggests relatively strong psychometrics across measures yet
that subcortical volume values may be more reliable than cor-
tical thickness values. However, our machine learning ap-
proach 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 cor-
tical thickness was more predictive than any particular sub-
cortical volume parameter. This may be because, while gen-
eralizations can be made of the reliability of classes of metrics,
some measures may be more predictive independent of the
reliability of a particular type of index.’

In summary, these findings highlight 15 cortical thickness
regions identified to be predictive of high versus low academ-
ic performance. These regions were more predictive than sur-
face area or subcortical volume; agreement in the regions
identified was found with previous work by Karame and col-
leagues (Karama et al. 2011). Findings are also consistent with
the developmental trajectory related to cortical thickness es-
tablish by Shaw and coworkers (Shaw et al. 2006, 2008; Shaw
2007). Three new regions predictive of academic performance
were identified, creating new targets for further study in un-
derstanding the developing adolescent brain in the classroom
setting. We hope to be able to expand academic predic-
tive studies further by adding diffusion tensor imaging
data, explore the influence of comorbid substance use,
and look at gender-related differences. The identified
neuroimaging regions may be useful in identifying those
struggling academically at an early age, monitoring the
impact of educational interventions on brain develop-
ment, and exploring the role of substance use on the
developing adolescent brain as related to academic per-
formance in future studies.
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