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Abstract

Objective—Only few studies have investigated cortical thickness in anorexia nervosa (AN), and
it is unclear whether patterns of altered cortical thickness can be identified as biomarkers for AN.

Method—Cortical thickness was measured in 19 adult women with restricting-type AN, 24
individuals recovered from restricting-type AN (REC-AN) and 24 healthy controls. Those
individuals with current or recovered from AN had previously shown altered regional cortical
volumes across orbitofrontal cortex and insula. A linear relevance vector machine-learning
algorithm estimated patterns of regional thickness across 24 subdivisions of those regions.

Results—Region-based analysis showed higher cortical thickness in AN and REC-AN,
compared to controls, in the right medial orbital (olfactory) sulcus, and greater cortical thickness
for short insular gyri in REC-AN versus controls bilaterally. The machine-learning algorithm
identified a pattern of relatively higher right orbital, right insular and left middle frontal cortical
thickness, but lower left orbital, right middle and inferior frontal, and bilateral superior frontal
cortical thickness specific to AN versus controls (74% specificity and 74% sensitivity,
/yzp<0.004); predicted probabilities differed significantly between AN and controls (p<0.023). No
pattern significantly distinguished the REC-AN group from controls.

Conclusions—Higher cortical thickness in medial orbitofrontal cortex and insula probably
contributes to higher gray matter volume in AN in those regions. The machine-learning algorithm
identified a mixed pattern of mostly higher orbital and insular, but relatively lower superior frontal
cortical thickness in individuals with current AN. These novel results suggest that regional cortical
thickness patterns could be state markers for AN.

Corresponding author: Guido K.W. Frank, M.D. Associate Professor, Departments of Psychiatry and Neuroscience Director,
Developmental Brain Research Program University of Colorado Anschutz Medical Campus; Children’s Hospital Colorado, Gary
Pavilion A036/B-130; 13123 East 16 Avenue, Aurora, CO 80045. Phone: 720-777-1909, Guido.Frank@ucdenver.edu.

Declaration of interest
Prof. Soares has participated in research funded by Forest, Merck, BMS, GSK and has been a speaker for Pfizer and Abbott. All other
authors declare that they have no conflict of interests.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lavagnino et al.

Keywords

Page 2

Anorexia nervosa; cortical thickness; machine learning; individualized prediction models;
structural MRI

INTRODUCTION

Anorexia nervosa (AN) is a severe psychiatric disorder characterized by fear of weight gain
and a pursuit of thinness through dietary restriction, leading to severe underweight
(American Psychiatric Association., 2013). Core symptoms of AN also include the so-called
body image distortion, that is feeling fat while underweight and disturbances in interoceptive
awareness (Garner, Olmstead, & Polivy, 1983). Research indicates that cognitive-emotional
processes may drive those behaviors (Treasure et al., 2015).

A variety of brain imaging techniques has been used to investigate brain structure and
function to understand AN’s underlying neurobiology. The literature on structural alterations
in AN so far yielded partially conflicting results with some studies showing higher or lower
or no difference in regional brain volume compared to controls (Frank, 2015a; King, Frank,
Thompson, & Ehrlich, 2018; Van den Eynde et al., 2012). Investigating brain structure in
patients with AN in brain areas that are related to eating-related functions such as processing
of taste and awareness of the body might lead to a better understanding of the neurobiology
of eating disorder symptoms. Such insights can inform the recognition of sub-groups and
might aid in the development of novel treatments (Frank, 2015b; Kaye, Wierenga, Bailer,
Simmons, & Bischoff-Grethe, 2013). Among brain regions that have been implicated in
eating disorder pathophysiology are the insula and the orbitofrontal cortex (Frank, 2015a).
The insula is involved in the processing of taste and interoceptive awareness among other
functions such as pain (Craig, 2002; Uddin, 2015), and it is thought to be a key node in the
pathophysiology of eating disorders (Frank, Shott, Hagman, & Mittal, 2013; Kerr et al.,
2016; Oberndorfer et al., 2013). The orbitofrontal cortex is important in processing sensory-
specific satiety regulating food intake (Frank et al., 2012; Rolls, 2008), and its connectivity
with the insula has been shown to be central in interoceptive and taste processing (Kuehn,
Mueller, Lohmann, & Schuetz-Bosbach, 2016).

One of the most frequently studied measures of brain structure is brain volume, which is a
composite measure that is influenced by two separate factors: cortical thickness, and cortical
surface area (Winkler et al., 2010). These two components have been shown to be
genetically independent, and cortical thickness might be a more specific and biologically
significant measure than volume (Panizzon et al., 2009). It is not known whether cortical
thickness alterations contribute to regional volume measures in AN. Relatively few studies
have been conducted so far on cortical thickness in AN. A large recent study (King et al.,
2015) found widespread lower cortical thickness in women with AN compared to healthy
controls. The same group published a subsequent longitudinal study showing normalization
of cortical thickness after an average of three months of weight restoration (Bernardoni et
al., 2016). Two other studies found reduced cortical thickness in patients with AN in fronto-
cingulate and parietal regions (Bar, de la Cruz, Berger, Schultz, & Wagner, 2015; Fuglset et
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al., 2016). In another study, reductions in cortical thickness were present in AN, but
differences did not survive correction for multiple comparisons (Lavagnino et al., 2016).
King and colleagues found a negative correlation between cortical thickness and drive for
thinness in the extra-striate area, a region involved in body perception. It is unclear, however,
whether that region truly processes drive for thinness, or whether lower cortical thickness
was the result from high food avoidance due to high drive for thinness. Thus the relationship
between eating disorder symptoms and abnormalities in cortical thickness in AN is still
largely unknown (Frank, 2015b).

To assess cortical thickness, high-resolution anatomic parcellation of the human cerebral
cortex is performed, and different methods can be applied to compare study groups
(Destrieux, Fischl, Dale, & Halgren, 2010; Fischl, 2012). One is to select regions of interest
and compare thickness measures between groups. Another is to establish how patterns of
brain cortical thickness may relate to AN. For the latter, machine-learning analytic
approaches can utilize multiple neuroanatomical measurements to classify individual
participants and groups and are thus well-positioned to provide this kind of information
(Lavagnino et al., 2015; Mwangi et al., 2016). Advantages of machine-learning algorithms
include the ability to analyze multiple (regional thickness) measurements simultaneously,
and the use of robust cross-validation methods to establish generalizability of the results by
testing them on participants that were previously excluded from the analysis (Mwangi et al.,
2016).

The aim of the present study was two-fold. First, we wanted to test whether we would find
higher cortical thickness in orbitofrontal and insular cortex based on our previous
observations in the same sample of individuals in whom we previously found larger volume
in individuals ill or recovered from AN compared to controls (Frank, Shott, Hagman, &
Mittal, 2013). The second aim was to identify cortical thickness patterns that could be a
biomarker for AN and that could point toward altered brain organization. Brain organization
refers to how brain regions form networks, and larger or smaller brain regions therefore
contribute differently to larger networks that are thought to drive behavior (Pessoa, 2014).
Therefore, if we can find in AN brain regions (for instance frontal cortex) that show larger
volume or cortical thickness relative to other areas (for instance temporal or parietal cortex),
then this could be a characteristic marker for illness state or trait, have implications on
specific behaviors, and could indicate brain development that distinguishes individuals with
AN from controls. Machine-learning has only rarely been applied in eating disorder brain
research, and we did not have strong previous data that would guide hypothesis building.
This method does not compare groups for thickness but rather identifies patterns of higher
and lower thickness within a group and then tests whether patterns can identify group
membership. Such patterns of altered cortical thickness would help identify potential
imbalances between brain regions, as well as make inference on behavior that is related to
the identified regions (Boen et al., 2014; Metzler-Baddeley, Caeyenberghs, Foley, & Jones,
2016). Based on our previous observation of increased volume in orbitofrontal and insular
cortex in this data set, we predicted that orbitofrontal and insular regions would be relatively
higher compared to other regional thickness measures in the AN groups and predict
membership in the AN or REC-AN group.
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METHODS

Participants

Nineteen adult female patients with current anorexia nervosa (AN), restricting-type, 24
women recovered from restricting anorexia nervosa (REC-AN) and 24 healthy control
women (CW) participated in the study, individuals who had been assessed for cortical
thickness in the past (Frank, Shott, Hagman, & Mittal, 2013). Participants with AN were
recruited from Children’s Hospital Colorado and EDCare Denver. The Colorado Multiple
Institutional Review Board approved all procedures. All participants provided written
informed consent. Participants with current AN were scanned after 1-2 weeks of inpatient or
partial hospital treatment, and were closely supervised with regards to calorie intake and
hydration, in an attempt to minimize potential effects of starvation and dehydration. All
patients were under close supervision by a medical doctor. Only individuals with normal
complete blood count, comprehensive metabolic panel and urine analysis including specific
gravity were admitted to the study. Abnormal hydration status at entry to treatment was
monitored and corrected including fluid adjustment. Healthy control and REC-AN
participants were recruited through local advertisements. All participants were administered
the Structured Clinical Interview for DSM-IV (First, Spitzer, Gibbon, & Williams, 2002) by
a doctoral-level interviewer. Recovered women had a history of restricting-type AN, but
maintained normal weight (body mass index, BMI, >18.5), regular menstrual cycle, normal
exercise and food intake for at least one year. All participants were right-handed, had no
history of past or present neurological diseases, major medical illnesses, psychosis or
substance use disorders. Handedness was assessed using the Edinburgh Inventory (Oldfield,
1971).

Behavioral Measures

All study participants completed the Eating Disorder Inventory-3 (EDI-3, Interoceptive
awareness, drive for thinness and body dissatisfaction were used in the analyses) (Garner,
2004) as well as the state and trait anxiety inventory (STAI) (Spielberger, 1983).

MRI Acquisition and Image Analysis

Structural brain scans were acquired using a 3T GE Signa MR scanner with an axial three-
dimensional, T1-weighted magnetization-prepared rapid acquisition gradient echo spoiled
gradient recall (SPGR) sequence with the following parameters: field of view=22 cm, flip
angle=10°, slice thickness=1.2 mm, matrix size=256x256, repetition time=10 ms, echo
time=3 ms, voxel size=1.2 mm3.

T1-weighted scans were individually inspected to ensure no presence of gross artifacts and
subsequently pre-processed using the Freesurfer software library (http://
surfer.nmr.mgh.harvard.edu/) version 5.3.0 (Fischl, 2012). The segmentation of the cerebral
cortex and the extraction of cortical thickness values was performed using an automated
procedure implemented in Freesurfer (Fischl & Dale, 2000). The Freesurfer package is a set
of computational tools that allow surface reconstruction and labeling of neuroanatomical
structures. In more detail, the Freesurfer brain scan pre-processing stage involved three
major steps. 1) Brain scan motion correction and non-uniform intensity normalization (Sled,
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Zijdenbos, & Evans, 1998). 2) Removal of non-brain tissue (e.g., skull) and transformation
of resulting scans into the Talairach standard space. 3) Cortical reconstruction and extraction
of volumetric and surface-based measurements (e.g., volume and cortical thickness). In the
current study, the Destrieux atlas (Destrieux, Fischl, Dale, & Halgren, 2010) was used for
parcellation of the brain into 74 different structures.

Group-level Comparisons and Correlations Between Cortical Thickness and Behavioral

Data

We tested for group differences in cortical thickness between individuals with AN, REC-AN
and CW in two key cortical regions for which we have recently found increased volume
across age groups and states of illness in AN: the orbitofrontal cortex and the insula. The
orbitofrontal cortex is parcellated by Freesurfer in orbital gyrus, gyrus rectus, lateral orbital
sulcus, medial orbital sulcus (olfactory sulcus), orbital sulci (H-shaped sulci), suborbital
sulcus (or supraorbital sulcus). The insula is parcellated in long insular gyrus and central
sulcus of the insula, short insular gyri. We tested for group differences in cortical thickness
measurements in these regions.

We then selected the sub-regions where significant differences occurred and tested for
correlations between cortical thickness and eating disorder symptom scores drive for
thinness, body dissatisfaction, and interoceptive awareness separately in the three groups.

Multivariate Machine-Learning Analyses

We selected as predictor variables cortical thickness measurements in areas selected by prior
literature. These regions included: orbitofrontal cortex (Frank, Shott, Hagman, & Mittal,
2013; Frank, Shott, Hagman, & Yang, 2013), insula (Frank, Shott, Hagman, & Mittal, 2013;
Frank, Shott, Hagman, & Yang, 2013; Friederich et al., 2012; Van den Eynde et al., 2012),
frontal cortex (Amianto et al., 2013; Brooks et al., 2011; Friederich et al., 2012; Joos et al.,
2010; Suchan et al., 2010), and cingulate cortex (Muhlau et al., 2007; Van den Eynde et al.,
2012). The Destrieux atlas (Destrieux, Fischl, Dale, & Halgren, 2010) extracts 24
subdivisions from these regions, translated into 24 predictor variables in each individual
which were subsequently used in the machine-learning analysis (the regions are reported in
the supplementary materials).

Then a multivariate machine-learning algorithm was applied to estimate an individual’s

probability score P(t[X), This score ranging from zero to unity quantifies the probability of
a person belonging to either CW (0), AN (1) or REC-AN (2) groups given regional cortical
thickness measurements. Consequently, a linear relevance vector machine (RVM) algorithm

(Tipping, 2001) was used to estimate the probability p(tX), First, cortical thickness
measurements were normalized by subtracting the mean and dividing by the standard
deviation (Z-score) and represented as ,.,. Corresponding individuals’ categorical labels
(CW=0, AN=1) were represented as ¢,. The input-target pair of predictor and target variables

was represented as {mi,ti}i]‘; » Where N represents a number of observations (participants).

The current predictive classification problem was represented using a general linear model
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]\T

tiz iK Xr,T; +b+1 . . . .
(GLM) as ;w (@, 2:) : . K (z, x;)- Linear kernel mapping estimated inter-

participant similarities during algorithm training; b and , stand for model bias and

measurement noise, respectively. 1V =(w, wo,ws . . ,WN)T is a vector representing weighting
factors estimated during the RVM training process and used in making predictions when the
algorithm is exposed to previously ‘unseen’ individual’s data. RVM uses a sparse Bayesian
learning framework to estimate optimal weighting factors and other parameters (Mwangi,
Ebmeier, Matthews, & Steele, 2012; Mwangi et al., 2016; Tipping, 2001).

In this study, the RVM algorithm was implemented using a MATLAB (The MathWorks,
Inc., Natick, Massachusetts) toolbox (Tipping, 2001) and in-house custom routines as
described elsewhere (Mwangi, Ebmeier, Matthews, & Steele, 2012; Mwangi, Hasan, &
Soares, 2013; Mwangi et al., 2016). To examine the generalization ability (high sensitivity/
specificity) of the algorithm in identifying affiliation with a diagnostic group, a leave-one-
out cross-validation (LOOCYV) approach was used. This process entailed separating training
the algorithm with all individuals but one while the left out individual was used as a test
sample, a process, which was repeated until all individuals were used as test persons. The
performance of the algorithm in distinguishing AN or REC-AN from CW was evaluated
with the following standard parameters: accuracy, sensitivity, specificity. Therefore, we set
out to establish an RVM algorithm able to discriminate study groups and compute an
individual’s probability score of belonging to one of these groups. All individuals were
assigned probability scores based on the cortical thickness measures, which were compared
across three groups (AN, REC-AN, CW). We hypothesized that individuals’ probability
scores would differ among AN and CW groups while the REC-AN individuals would be
assigned intermediate probabilities.

Machine-learning algorithms commonly present a problem known as ‘class imbalance’: it
consists in having observations (participants) in one class (e.g., CW participants) that exceed
observations in the other class (e.g., AN). Machine-learning algorithms trained using
imbalanced data sets tend to assign new observations to the majority class (e.g., CW)
(Dubey et al., 2014). In this study, we addressed the class imbalance problem by matching
the sample size of CW to that of the AN or REC-AN group through the following procedure.
Each AN or REC-AN participant was matched with a CW participant based on age. This
procedure resulted in having in most AN-CW pairs the CW participant slightly older than
the AN participant they were paired with. To eliminate systematic bias, in a second step we
modified some of the choices performed in the first matching to address this bias. We
obtained equal AN, REC-AN and CW groups of 19 participants.

Statistical Analyses

Demographic variables, extracted cortical thickness, and machine-learning probability
scores were analyzed using IBM SPSS Statistics (v. 23.0) (Chicago, IL, USA). Data were
tested for normality of distribution using the Kolmogorov-Smirnov test. Correlation analyses
were conducted using Pearson correlation procedures. Demographic and behavioral
variables were analyzed using one-way ANOVA. Region of interest derived cortical
thickness values were analyzed using MANCOVA including age as a covariate and group,
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anxiety disorder, mood disorder and antidepressant use as co-factors in the model. Wilk’s
lambda was calculated to test multivariate effects and estimated marginal means for group
effects and corrected for multiple comparisons (Bonferroni). Only three individuals took an
atypical antipsychotic, and we did not include this category in the analysis. The machine-
learning algorithm used statistics as described above.

RESULTS

Table 1 summarizes demographic and behavioral data. The AN and REC-AN groups didn’t
differ from controls with regards to age; however, the REC-AN group was on average older
than patients with AN. Individuals with AN had lower BMI compared the other two groups.
Drive for thinness, body dissatisfaction and interoceptive deficits scores from EDI-3 were
higher in AN compared to both CW and REC-AN (p<0.001), as well as higher in the REC-
AN compared to CW.

Group Contrasts for Regionally Extracted Cortical Thickness and Correlations With
Behavioral Data

Data were normally distributed, and parametric tests were therefore applied. The
multivariate test indicated a significant effect for group (Wilk’s lambda 0.368, p<0.028,
partial n2 =0.393) and antidepressant (Wilk’s lambda 0.567, p<0.037, partial n2 =0.433) as
well as for the covariate age (Wilk’s lambda 0.566, p<0.037, partial n2 =0.434). Post hoc
tests indicated greater cortical thickness for short insular gyri in REC-AN relative to CW on
the left (p<0.014, REC-AN=3.933+0.070, CW=3.675+0.052, AN=3.848+0.072) and in the
right hemisphere(p<0.002, REC-AN=3.667+0.063, CW=3.383+0.047, AN=3.528+0.064),
as well as higher cortical thickness in AN and REC-AN, compared to CW in the right
medial orbital (olfactory) sulcus (REC-AN vs CW p<0.002, AN vs CW p<0.004, REC-
AN=2.166+0.043, CW=1.974+0.032, AN=2.158+0.044).

In the AN group left short insula gyri cortical thickness correlated negatively with state (r=
-0.590, p<0.008) and trait (r=—0.544, p<0.016) anxiety, but no eating disorder measures.

Machine-Learning Model

The RVM model was run with balanced AN and CW samples (19 participants in each
group). The model predicted whether a participant belonged to the AN or control group with
74% specificity and 74% sensitivity (X2:8.5; p<0.004). Regions that were most relevant for
model predictions are represented in Figure 1. The ANOVA to test for differences in the
probability values of the three groups was significant in the omnibus test (F=4.33, p<0.017);
the posthoc test (Bonferroni corrected) indicated that the probabilities separate AN from CW
(p<0.023), and there was a trend of a difference between participants with AN and
participants recovered (p<0.068), but no difference between controls and participants
recovered (see the bar graph in Figure 2). Using age and BMI as confounding variables the
ANCOVA omnibus test is still significant (F=3.49, p<0.037), and Bonferroni post-hoc still
showed a difference between AN and CW (p<0.034).
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DISCUSSION

This study suggests that women with AN and recovered from AN have higher cortical
thickness in a sample that previously showed higher brain volume using different
methodology. Second, a computational machine-learning model approach that included a
broad range of brain regions in this sample suggests that a pattern of both greater and
comparatively lower cortical thickness across frontal brain regions characterize AN during
its acute state. However, larger studies are needed to support those results.

Studies reporting global (King et al., 2015) and regional (Fuglset et al., 2016) cortical
thickness alterations in different stages of weight restoration have provided some insight on
cortical thickness in acute AN and after recovery. In this study, we first analyzed cortical
thickness in brain regions known to be involved in the processing of taste, reward and body
awareness (Craig, 2009; Frank, 2015a; Frank et al., 2012; Rolls, 2008; Wang et al., 2008),
regions that we found having larger volume compared to controls in this sample. We found
greater cortical thickness in portions of the medial orbital sulcus and the insula in women
with AN compared to controls, which suggest that previous findings in the same sample of
increased gray matter volume of the medial orbitofrontal cortex and the insula (Frank, Shott,
Hagman, & Mittal, 2013) were likely to be at least in part driven by cortical thickness, since
cortical thickness is a part of the volume determination. The use of a different methodology
(cortical thickness) also provides validation of the previously found greater volume in those
regions. However, there was not exact overlap, for instance, we did not find significant
differences in gyrus rectus cortical thickness between groups. The reasons for this
discrepancy is unclear but indicates that there are different factors that contribute to altered
thickness or volume. Nevertheless, elevated cortical thickness across AN and REC-AN is
important as this measure is highly heritable and the results could point toward
developmental factors of altered brain structure in AN (Panizzon et al., 2009).

We utilized cortical thickness measurements to develop a successful classification of
individual participants with AN and healthy controls. The results indicate that patterns of
higher and lower cortical thickness in key brain areas (e.g. frontal cortex, orbital cortex,
insula) characterize patients with AN. It is important to emphasize that this pattern
classification does not identify higher or lower thickness between groups in one single
region, but rather patterns within groups and how well specific patterns can then identify
group membership, that is identify a pattern that is specific to for instance AN when ill. The
machine-learning model achieved an accurate prediction of diagnosis of AN, distinguishing
ill participants from controls: the good ability of the model to generalize to novel data is
demonstrated by its successful performance in predicting the diagnosis (AN or CW) in
participants that were not included in the ‘training’ phase of the analysis (LOOCV
approach). Classification in patients and controls relies on a pattern of differences in the
measured variables, i.e. increases in the insula and the orbitofrontal cortex, and relatively
lower cortical thickness in frontal regions: reductions in the superior frontal gyrus bilaterally
are the most relevant contributors to the prediction (Figure 1). This pattern allows generating
hypotheses on how cortical thickness may be related to symptoms or behaviors in AN. It is
possible that lower cortical thickness in prefrontal cognitive brain areas could be related to
altered response inhibition (T. A. Oberndorfer, Kaye, Simmons, Strigo, & Matthews, 2011;
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Wierenga et al., 2014) or set shifting in adults with AN (Sato et al., 2013). Higher cortical
thickness measures in insula and orbitofrontal cortex, on the other hand, could be related to
altered reward processing and satiety perception in AN (Frank et al., 2012). However,
whether such structure-function relationships exist requires further study.

The lack of differences in the probability index computed from cortical thickness between
REC-AN and healthy controls indicates that although group differences in specific gray
matter areas could be demonstrated between REC-AN and CW in group comparisons in a
previous study on this sample (Frank, Shott, Hagman, & Mittal, 2013), there were no
sufficiently distinctive patterns of cortical thickness measurements that allowed our
algorithm to differentiate healthy controls from individuals recovered from AN. This could
be because gray matter volume (the metric utilized in the analysis of the previous study) is a
composite measure of cortical thickness and surface area: the finding of larger gray matter
volume in REC-AN in Frank et al. 2013 might be driven by larger surface area. AN-related
alterations in surface area are still unknown, and future studies need to clarify this point.

In a recent study a pattern of widespread decreased, instead of increased, cortical thickness
was found in acute patients with AN, and no increases were found (King et al., 2015).
Cortical thickness was reduced in acute patients with AN in another recent study (although
group differences did not survive correction for multiple comparisons) (Lavagnino et al.,
2016). We believe that this difference might be due to the characteristics of the sample of the
current study, namely the differences in duration of nutritional rehabilitation in these groups
of patients. Individuals with eating disorders often have longer periods of severe
malnutrition with dehydration or hyper-hydration, food restriction or excessive food intake
(American Psychiatric Association., 2013; Hart, Abraham, Franklin, & Russell, 2011;
Lowinger, Griffiths, Beumont, Scicluna, & Touyz, 1999). The mechanisms of decrease or
increase in localized brain volume in AN is unknown, however fluid intake and hypo- and
hyper-alimentation are known to affect the cerebral cortex and could account for those
changes (Blasel et al., 2012; Duning et al., 2005; Streitburger et al., 2012). This will require
more in-depth research though, before we can understand the underlying mechanism of
brain volume changes in AN. In King et al., the patients underwent scanning within 96 hours
after beginning a nutritional rehabilitation program; in Lavagnino et al. the patients
underwent scanning before beginning nutritional rehabilitation. In the sample studied in this
paper, patients were scanned after 1 to 2 weeks of nutritional rehabilitation. The patients
recruited in Lavagnino et al. were in an acute state of malnutrition, and as for King et al., it
is possible that 96 hours of nutritional rehabilitation might not be enough to restore the
nutritional status in patients so that patterns of increased cortical thickness in AN patients
couldn’t be observed. If this is the case, in acute AN there might be cortical thickness
alterations that are more typical of the acute state of malnourishment (e.g. diffuse cortical
thinning); a different pattern of alterations might be seen after short-term nutritional
rehabilitation: reductions in cortical thickness are now more localized to the superior frontal
gyrus, and increased cortical thickness in the orbital cortex and the insula becomes
noticeable. Finally, alterations in cortical thickness might disappear in recovered
participants, while other parameters (perhaps surface area) might still show alterations
(which would account for the findings of the earlier study (Frank, Shott, Hagman, & Mittal,
2013). Longitudinal studies with larger samples from our group are currently under way to
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confirm and expand or disprove this hypothesis. Stage-specific alterations might provide
neurobiological milestones to existing staging and neuro-progression models of AN
(Treasure, Stein, & Maguire, 2015).

This study presents some limitations. The result of elevated cortical thickness in
orbitofrontal and insular cortex is specific to this study and cannot be extrapolated to other
studies as different studies have recruited participants under different conditions of illness,
comorbidities, medication use, etc. Future studies across research labs and comparing
various levels of illness will be needed to further investigate cortical thickness in AN. This is
the first study on a machine-learning classification model using cortical thickness
measurements obtained with an automated procedure (Destrieux, Fischl, Dale, & Halgren,
2010) to separate participants with AN or recovered from AN from healthy controls.
Therefore, our results require replication in an independent sample. Nevertheless, it is
important to emphasize that the RVM algorithm utilized in this study features robust cross-
validation methods (LOOCYV) that support the generalizability of results by testing the
algorithm on participants that were not included in the training stage. Our findings included
both higher and lower cortical thickness measures as part of a signature of AN. To better
elucidate this point, future studies should ideally use designs with maybe weekly or every
other week brain scanning to be able to describe in detail the changes that occur during
nutritional rehabilitation. However, the cost may be prohibitive. The effects of comorbidity
also need to be further studied in more complex models to identify truly AN related
alterations. We did not find brain cortical thickness — eating disorder behavior correlations
that survived multiple comparison corrections and this may be a factor of the modest sample
size. Also, we utilized selected regions of interest based on the existing literature; using
different brain regions for the analyses could yield different results.

In conclusion, our study indicates in AN a pattern of relatively lower cortical thickness in
superior frontal regions when compared to relatively higher cortical thickness in the insula
and orbitofrontal cortex in AN; this pattern of alterations could not be demonstrated in
individuals recovered from AN and may, therefore, be a state biomarker of the disorder. The
discrepancy of higher insular-orbitofrontal cortex but lower superior frontal cortex thickness
raises the question whether there is an imbalance of reward and higher-order cognitive
processes, which needs further exploration. On the other hand, elevated orbitofrontal cortical
thickness in ill and recovered AN could suggest heritable alterations but could also be
changes related to the illness. Studying structural alterations in localized and well-
characterized brain areas as well as using computerized algorithms will help better
understand whether there are patterns of structural brain development that are specific to
AN. Such studies may also help elucidate brain structure-behavior relationships when paired
with functional studies.
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Figurel.
Blue regions in the brain: cortical thickness relatively lower in AN; red regions: cortical

thickness relatively higher.
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Figure 2.

Boxplots representing probability values of having anorexia obtained by the model from
cortical thickness of subjects with anorexia nervosa (AN), subjects recovered from anorexia
nervosa (recovered AN) and healthy controls. Error bars represent the standard errors of the
mean,; the relevance vector machine model was run with balanced samples of 19 participants

in each group.
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