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Background. At present there are no objective, biological markers that can be used to reliably identify individuals
with post-traumatic stress disorder (PTSD). This study assessed the diagnostic potential of structural magnetic resonance
imaging (sMRI) for identifying trauma-exposed individuals with and without PTSD.

Method. sMRI scans were acquired from 50 survivors of the Sichuan earthquake of 2008 who had developed PTSD,
50 survivors who had not developed PTSD and 40 healthy controls who had not been exposed to the earthquake.
Support vector machine (SVM), a multivariate pattern recognition technique, was used to develop an algorithm that
distinguished between the three groups at an individual level. The accuracy of the algorithm and its statistical
significance were estimated using leave-one-out cross-validation and permutation testing.

Results. When survivors with PTSD were compared against healthy controls, both grey and white matter allowed
discrimination with an accuracy of 91% (p<0.001). When survivors without PTSD were compared against healthy
controls, the two groups could be discriminated with accuracies of 76% (p<0.001) and 85% (p<0.001) based on grey and
white matter, respectively. Finally, when survivors with and without PTSD were compared directly, grey matter allowed dis-
crimination with an accuracy of 67% (p<0.001); in contrast the two groups could not be distinguished based on white matter.

Conclusions. These results reveal patterns of neuroanatomical alterations that could be used to inform the identification of
trauma survivors with and without PTSD at the individual level, and provide preliminary support to the development of
SVM as a clinically useful diagnostic aid.

Received 28 June 2012; Revised 15 February 2013; Accepted 15 February 2013; First published online 3 April 2013

Key words: Magnetic resonance imaging, natural disaster, post-traumatic stress disorder (PTSD), support vector
machine (SVM), voxel-based morphometry (VBM).

Introduction

Post-traumatic stress disorder (PTSD) is an anxiety dis-
order that may develop in individuals who have
experienced or witnessed severe traumatic events and
is characterized by persistent re-experience of the trau-
matic event, avoidance of trauma-related stimuli and
hypervigilance (Yehuda & Flory, 2007). Individuals
with PTSD are known to have high rates of co-morbidity
with other Axis I psychiatric disorders, somatic

disorders and mild cognitive impairment (Lanius
et al. 2007; Pace & Heim, 2011). Therefore, it can be
difficult to discern the symptoms and obtain an accu-
rate diagnosis. In addition, cases of pseudo-PTSD, in
which a patient’s presentation is but a simulation of
the actual syndrome, can be particularly difficult to
identify due to the traditional assumption that a
patient’s reported symptoms can be accepted as valid
(Rosen & Taylor, 2007; Sartori et al. 2011). A number
of neuroimaging studies have therefore compared indi-
viduals who did and did not develop PTSD following
exposure to a traumatic event, in order to identify
possible diagnostic biomarkers (Shin et al. 2006;
Nardo et al. 2010; Robinson & Shergill, 2011). The
results have revealed volumetric reductions in those
who had become ill, relative to those who had not,
within a distributed fronto-limbic network which
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includes the dorsolateral and ventromedial prefrontal
cortices, amygdala and hippocampus (Shin et al.
2006; Nardo et al. 2010; Robinson & Shergill, 2011).
However, the neuroimaging studies published so far
have used standard mass-univariate analytical meth-
ods and therefore have only been able to report dif-
ferences at the group level, which is of little use in
clinical practice where doctors need to make clinical
decisions about individuals. At present, there are no
reliable biomarkers that can be used to identify
trauma-exposed individuals with and without PTSD,
and the diagnosis of this disorder is still entirely reliant
on clinical presentation and psychometric measures
(Regier et al. 2009).

In order to enhance the translational impact of the
results, there has been a recent shift toward the use
of multivariate pattern recognition techniques, such
as support vector machine (SVM). This technique has
two main advantages compared with standard mass-
univariate analytical methods that are typically used
in neuroimaging (Lao et al. 2004; Norman et al. 2006;
Brammer, 2009; Pereira et al. 2009; Orrù et al. 2012).
First, it allows inferences to be made at the level of
the individual and therefore yields results with high
translational potential in everyday clinical practice.
Second, it takes inter-regional correlations into account
and therefore is sensitive to differences that are subtle
and spatially distributed; as such, it provides an ideal
framework for investigating psychiatric disorders that
affect a distributed network of regions. More specifi-
cally, SVM is a technique for classifying individual ob-
servations into distinct groups or classes based on
high-dimensional data and consists of a training
phase and a testing phase (Vapnik, 1995). In the train-
ing phase, a ‘decision function’ or ‘hyperplane’ is
developed which best distinguishes between the two
experimental groups of interest (e.g. patients versus
controls). In the testing phase, this decision function
is used to predict the group to which a new obser-
vationbelongs. Theoverall accuracyof the algorithmde-
pends on its sensitivity (i.e. the proportion of patients
identified as having the disorder) and specificity (i.e.
the proportion of controls identified as not having
the disorder), and provides an estimate of how well
it can be expected to generalize to future cases.

In recent years, a growing number of studies have
applied SVM to neuroimaging data to examine a
range of psychiatric and neurological conditions includ-
ing schizophrenia, depression, Alzheimer’s disease
and autistic spectrum disorder (e.g. Davatzikos et al.
2005; Fan et al. 2008a; Fu et al. 2008; Klöppel et al.
2008; Costafreda et al. 2009; Koutsouleris et al. 2009;
Ecker et al. 2010; Gong et al. 2011). The results of
these studies have been promising, indicating good
diagnostic and prognostic accuracies and a high level

of generalizability across research centres. However,
none of the studies published so far has used SVM to
examine neuroanatomical alterations in PTSD; thus, it
remains unclear whether those with PTSD can be accu-
rately identified at the level of the individual.

The aim of the current investigation was therefore to
assess the diagnostic potential of structural magnetic
resonance imaging (MRI) for identifying trauma-
exposed individuals with and without PTSD. We
acquired structural MRI data from a total of 150 volun-
teers including 50 survivors of the Sichuan earthquake
of 2008 who had developed PTSD, 50 survivors who
had not developed PTSD and 40 healthy controls
who had not been exposed to the earthquake. We
then analysed the data using SVM in order to make
inferences at the level of the individual. Based on ani-
mal models suggesting that exposure to a brief period
of intense stress is sufficient to cause significant
neuroanatomical changes (Holmes & Wellman, 2009)
and recent evidence that stressful life events lead to
longitudinal changes in the human brain (Papagni
et al. 2011), we expected that both groups of survivors
could be discriminated from healthy controls with
statistically significant accuracy. Furthermore, based
on the results of previous neuroimaging studies of
PTSD (Shin et al. 2006; Nardo et al. 2010; Robinson &
Shergill, 2011), we hypothesized that the direct com-
parison between trauma-exposed individuals with
and without PTSD would allow accurate discrimi-
nation between the two groups at an individual level.

Methods

Sample

At 14.28 hours on 12 May 2008, an earthquake measur-
ing 8.0-magnitude devastated the Sichuan Province of
China. We recruited 100 survivors of the earthquake
including 50 who fulfilled the diagnostic criteria for
PTSD and 50 who did not meet such criteria using
the PTSD Checklist (Weathers et al. 1994), a 17-item
self-report measure of symptoms of PTSD, and the
Clinician-Administered PTSD Scale (Blake et al. 1995),
a 30-item structured interview based on the DSM-IV
criteria for PTSD. Inclusion criteria for the two groups
of survivors included: (i) physically experiencing the
earthquake; (ii) personally witnessing death, serious
injury or the collapse of buildings; and (iii) not suffer-
ing any physical injury. Exclusion criteria included
psychiatric co-morbidity assessed using the Structured
Clinical Interview for DSM-IV (First et al. 1995), a his-
tory of psychiatric or neurological disorders, recent
medication that might affect brain function, alcohol
or drug abuse and pregnancy. The acquisition of neuro-
imaging and clinical data from survivors took place
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between 263 and 468 days after the earthquake, with
an average interval of 384.33 (S.D.=58.43) days. In
addition, we used data from 40 healthy participants
recruited by advertisement from the same region and
scanned with the same protocol shortly before the
earthquake. Exclusion criteria included history of psy-
chiatric or neurological disorders, recent medication
that might affect brain function, alcohol or drug
abuse and pregnancy. The three groups were carefully
matched for age and gender by pairing each subject in
one group with another subject of the same gender and
the same age (±3 years) in the other two groups
(Table 1). Inspection of neuroanatomical scans (i.e.
T1- and T2-weighted images) by an experienced neuro-
radiologist did not reveal gross abnormalities in any
of the participants. Informed written consent was
obtained from all participants and the research proto-
col was approved by the local ethics committee.

MRI acquisition

All participants were scanned using a 3T MRI system
(EXCITE, General Electric, USA) with a volumetric
three-dimensional spoiled gradient-recalled sequence
(repetition time=8.5ms, echo time=3.4 ms, flip angle
=12°, slice thickness=1.0mm) with an eight-channel
phase array head coil. A field of view of 24 cm2 was
used with an acquisition matrix comprising 256 read-
ings of 128 phase-encoding steps, producing 156 con-
tiguous coronal slices with slice thickness of 1.0 mm
and in-plane resolution of 0.47×0.47mm.

Pre-processing

After checking for scanner artifacts and gross anatom-
ical abnormalities for each subject, we reoriented

the original images along the anterior–posterior com-
missure line and set the anterior commissure as the
origin of the spatial coordinates to assist the normaliz-
ation algorithm. The new segmentation procedure
implemented in SPM8 (http://www.fil.ion.ucl.ac.uk/
spm), running under Matlab 7.1 (Math Works, USA)
was used to segment all the images into grey matter
(GM) and white matter (WM), i.e. maps of probability
values representing the probability of a voxel contain-
ing a specific tissue type. A fast diffeomorphic image
registration algorithm (Ashburner, 2007), available as
a toolbox in SPM8, was used to warp the GM and
WM partitions into a new study-specific reference
space representing an average of all the subjects in-
cluded in the analysis. As an initial step, a set of study-
specific templates and the corresponding deformation
fields, required to warp the data from each subject to
the new reference space, were created using the GM
and WM partitions. Each subject-specific deformation
field was used to warp the corresponding GM and
WM partitions into the new reference space with the
aim of maximizing accuracy and sensitivity (Yassa
& Stark, 2009); finally, the warped GM and WM
partitions were separately affine transformed into the
Montreal Neurological Institute (MNI) space and
smoothed with a standard 8mm full-width at
half-maximum Gaussian kernel. An additional ‘modu-
lation’ step was used to scale the GM and WM prob-
ability values by the Jacobian determinants of the
deformations to ensure that the total amount of GM
and WM in each voxel was conserved after the regis-
tration. The resulting GM and WM partitions had an
isotropic resolution of 1.5mm and included a total of
275042 and 169491 voxels, respectively.

SVM

After pre-processing, we used SVM (Burges, 1998) as
implemented in the PROBID software package (http://
www.brainmap.co.uk/probid.htm) to investigate the
potential of whole-brain structural MRI images for dis-
criminating amongst the three experimental groups.
Individual brain scans were treated as points located
in a high-dimensional space defined by the GM or
WM values in the pre-processed images. A linear de-
cision boundary in this high-dimensional space was
defined by a ‘hyperplane’ that separated the individual
brain scans according to a class label (e.g. survivors
with versus without PTSD). The optimal hyperplane
was computed based on the whole multivariate
pattern of GM values across each structural MRI
image. A linear rather than a non-linear kernel SVM
was used in order to reduce the risk of overfitting
the data and to allow direct extraction of the weight
vector as an image (i.e. the SVM discrimination

Table 1. Demographic and clinical characteristics of participants

Survivors
with
PTSD

Survivors
without
PTSD

Healthy
controls

Subjects, n 50 50 50
Mean age,
years (S.D.)

42.58 (10.22) 43.28 (10.14) 42.43 (11.51)

Gender, n
Male 18 18 18
Female 32 32 32

Mean PCL
(S.D.)

46.54 (11.78) 29.00 (7.72)

Mean CAPS
(S.D.)

53.88 (16.60) 23.63 (12.38)

PTSD, Post-traumatic stress disorder; S.D., standard
deviation; PCL, PTSD Checklist; CAPS, Clinician-
Administered PTSD Scale.
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map). The PROBID software allows a linear kernel
matrix (measuring similarity between all pairs of
brain images) to be pre-computed and supplied to
the classifier. This approach affords a substantial
increase in computational efficiency and permits
whole-brain classification without requiring explicit
dimensionality reduction. A ‘leave-one-out’ cross-
validation method (Hastie & Tibshirani, 2001) was
used which involved excluding a single subject from
each group and training the classifier using the remain-
ing subjects; the subject pair excluded was then used to
test the ability of the classifier to reliably distinguish
between categories (e.g. survivors with versus without
PTSD). This procedure was repeated for each subject
pair in order to assess the overall accuracy of the
SVM. Statistical significance of the overall classification
accuracy was determined by permutation testing; this
involved repeating the classification procedure 1000
times with a different random permutation of the train-
ing group labels and counting the number of permu-
tations achieving higher sensitivity and specificity
than the true labels. We repeated this procedure for
GM and WM images separately in order to assess the
predictive power of each tissue type.

Mass-univariate analysis

In order to compare the results of our multivariate
approach with the standard mass-univariate analysis
using the general linear model, a total of three paired
t tests comparing those subjects used for the corre-
sponding SVM comparisons were conducted for GM
and WM, respectively. These t tests were implemented
in SPM8 software (http://www.fil.ion.ucl.ac.uk/spm)
running under Matlab 7.1 (Math Works, USA). Stat-
istical inferences were made at p<0.05 after family-
wise error (FWE) correction for multiple comparisons.
Regions reported in Tables S1–S9 of the Supple-
mentary material were identified using the Automated
Anatomical Labeling atlas as implemented in
PickAtlas software (http://fmri.wfubmc.edu/software/
PickAtlas).

Results

Demographics and clinical scores

The three groups were perfectly matched for gender
and did not differ with respect to age (F=0.143, p=
0.867). However, the interval between the earthquake
and scanning differed between survivors with (355.64
days, S.D. =66.97) and without (413.02 days, S.D. =
27.06) PTSD [t=−5.62, degrees of freedom (df)=98,
p<0.001]. As expected, survivors with PTSD scored
higher than survivors without PTSD both on the
PTSD Checklist (t=8.80, df=98, p<0.001) and on the

Clinician-Administered PTSD Scale (t=9.94, df=98,
p<0.001) (Table 1).

Survivors with PTSD versus healthy controls

We first compared survivors who had developed
PTSD against healthy controls. The application of
SVM to GM images allowed discrimination between
the two groups with a sensitivity of 92% and a specifi-
city of 90%, resulting in an accuracy of 91%; per-
mutation testing indicated that such accuracy was
statistically significant [p<0.001; see Fig. S1 in the
Supplementary material for receiver operating charac-
teristic (ROC) curve]. The application of SVM to WM
images yielded a similar pattern of results, namely a
sensitivity of 97%, a specificity of 85% and an accuracy
of 91% (p<0.001; see Fig. S1 in the Supplementary
material for ROC curve). When GM and WM were
considered simultaneously, sensitivity, specificity and
accuracy were 95, 87.5 and 91.25%, respectively (p<
0.001). The use of an arbitrary threshold corresponding
to the top 30% of the maximum absolute weight vector
score revealed that discrimination between the two
groups was driven by GM and WM differences in a
widely distributed network of prefrontal, temporal,
parietal and occipital regions (Fig. 1; see Tables S1
and S2 in the Supplementary material for a full list).

In addition to the multivariate analysis, we per-
formed a standard mass-univariate analysis for com-
parison. This revealed that survivors with PTSD
showed reduced GM and WM relative to healthy con-
trols within a highly distributed bilateral network
which included prefrontal, temporal and parietal re-
gions, the cerebellum and the putamen (p<0.05 after
FWE correction). These GM and WM differences are
reported in detail in Tables S3 and S4 of the Supple-
mentary material.

Survivors without PTSD versus healthy controls

We then compared survivors who had not developed
PTSD against healthy controls. Using GM images,
SVM allowed discrimination between the two groups
with a sensitivity of 77% and a specificity of 75%, re-
sulting in an accuracy of 76% (p<0.001; see Fig. S2 in
the Supplementary material for ROC curve). A similar
pattern of results was found using WM images,
namely a sensitivity of 87%, a specificity of 82% and
an accuracy of 85% (p<0.001; see Fig. S2 in the
Supplementary material for ROC curve). When GM
and WM were considered simultaneously, sensitivity,
specificity and accuracy were 87.5, 80 and 83.75%,
respectively (p<0.001). The use of an arbitrary thres-
hold corresponding to the top 30% of the maximum
absolute weight vector score showed that discrimi-
nation between the two groups was driven by GM
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and WM differences in several prefrontal, temporal,
parietal and occipital regions (Fig. 2; see Tables S5
and S6 in the Supplementary material for a full list).

The standard mass-univariate analysis revealed that
survivors without PTSD relative to the healthy controls
had reduced GM in the bilateral middle temporal
gyrus, left parahippocampal gyrus, left lentiform
gyrus, right inferior frontal gyrus, left cerebellum, left
cuneus and right putamen (p<0.05 after FWE correc-
tion); the only GM region to show increased volume
in survivors without PTSD relative to the healthy con-
trols was the left putamen whereas there were no WM
regions that showed the same effect. These differences
are reported in detail in Tables S7 and S8 of the
Supplementary material.

Survivors with PTSD versus survivors without
PTSD

Finally we directly compared survivors who had de-
veloped PTSD against survivors who had not. Using
GM images, SVM allowed discrimination between
the two groups with a sensitivity of 66%, a specificity
of 68% and an accuracy of 67% (p<0.001; see Fig. S3 in
the Supplementary material for ROC curve). The use

of an arbitrary threshold corresponding to the top 30%
of the maximum absolute weight vector score revealed
that this discrimination was driven by GM differ-
ences in a highly distributed network that included pre-
frontal, temporal, parietal and occipital regions as well
as subcortical structures (Fig. 3; see Table S9 in the
Supplementary material for a full list). In contrast the
two groups could not be distinguished at an individual
level usingWMimages (sensitivity 58%, specificity 58%,
accuracy 58%, p>0.05). When GM and WM were con-
sidered simultaneously, sensitivity, specificity and accu-
racy were 76, 50 and 62%, respectively (p=0.006). The
standard mass-univariate analysis did not detect any
significant differences between survivors with and
without PTSD after correction for multiple compari-
sons, in either GM or WM.

Network of interest analyses

For completeness, we repeated the above analyses
using an a priori mask comprising regions implicated
in PTSD, i.e. the bilateral prefrontal cortex, amygdala
and hippocampus (see Fig. S4 in the Supplementary
material) (Shin et al. 2006; Nardo et al. 2010;
Robinson & Shergill, 2011). For most comparisons
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Survivors with PTSD versus HC

Fig. 1. Grey and white matter regions that showed the highest discriminative value for the comparison between survivors
with post-traumatic stress disorder (PTSD) and healthy controls (HC). Regions were identified by setting the threshold to the
top 30% of the maximum absolute weight vector score. Red indicates higher values in the group of survivors with PTSD,
while blue indicates higher values for the HC group.
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accuracy was still statistically significant but lower
compared with the whole-brain analyses (see
Table S10 in the Supplementary material), suggesting
that discrimination was informed by regions outside
the bilateral fronto-limbic network that is traditionally
associated with PTSD.

Discussion

The results demonstrate that multivariate analysis
of structural MRI allows discrimination between
trauma-exposed individuals and healthy controls
with high levels of accuracy (76–91%, p<0.001); this
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Survivors without PTSD versus HC

Fig. 2. Grey and white matter regions that showed the highest discriminative value for the comparison between survivors
without post-traumatic stress disorder (PTSD) and healthy controls (HC). Regions were identified by setting the threshold to
the top 30% of the maximum absolute weight vector score. Red indicates higher values in the group of survivors without
PTSD, while blue indicates higher values for the HC group.
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Survivors with versus without PTSD

Fig. 3. Grey matter regions that showed the highest discriminative value for the comparison between survivors with and
without post-traumatic stress disorder (PTSD). Regions were identified by setting the threshold to the top 30% of the
maximum absolute weight vector score. Red indicates higher values in the group of survivors with PTSD, while blue
indicates higher values for survivors without PTSD.
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finding was replicated using GM and WM, indicating
that neuroanatomical differences between the two
groups were expressed in both tissue types. In ad-
dition, the results show that it is possible to discrimi-
nate between trauma-exposed individuals with and
without PTSD at an individual level with above-chance
accuracy (67%, p<0.001); such discrimination was ob-
tained using GM but not WM, suggesting that neuro-
anatomical differences between the two groups were
tissue-specific. This pattern of results provides prelimi-
nary support to the development of SVM as a clinically
useful diagnostic tool in PTSD. Such a tool could
potentially be used in a clinical setting to inform the
clinical evaluation of those difficult to categorize
using traditional methods of clinical assessment alone
(Lanius et al. 2007; Pace & Heim, 2011). In addition,
it could potentially be used in a forensic setting as an
objective means of reducing controversy in evaluations
of mental illness and minimizing errors in detecting
malingering (Rosen & Taylor, 2007; Sartori et al.
2011). In contrast, no significant regions were detected
for the comparison between survivors with and with-
out PTSD using standard mass-univariate techniques
in which each voxel is considered as a spatially inde-
pendent unit. This provides support to the idea that
multivariate methods such as SVM may be better
suited to the development of a real-world clinical diag-
nostic tool than standard mass-univariate techniques
(Brammer, 2009).

Successful discrimination between the two groups of
survivors was driven by neuroanatomical alterations
in a widespread network of prefrontal, temporal, par-
ietal and occipital regions as well as subcortical struc-
tures (Fig. 3). Furthermore, the use of a fronto-limbic
mask resulted in generally lower accuracy relative
to the whole-brain analyses, indicating that regions
outside the bilateral fronto-limbic network that is
traditionally associated with PTSD contributed to dis-
crimination. In multivariate methods such as SVM,
an individual region may display high discriminative
power due to two possible reasons: (i) a difference
in volume between groups in that region; and (ii) a
difference in the correlation between that region
and other areas between groups. Thus, the wide-
spread network identified in the present investi-
gation should be interpreted as a spatially distributed
pattern rather than as individual regions. In addition,
it should be noted that this widespread network
was identified using an arbitrary threshold and
that the discrimination was in fact informed by all
voxels in the brain since no feature extraction was
employed. Thus, one should be cautious when
drawing inferences regarding specific regions out of
the context of the overall pattern using multivariate
methods.

In the present investigation, we could not establish
whether the neuroanatomical differences that led to
accurate discrimination between survivors with and
without PTSD reflected neuroplastic changes that
occurred after the earthquake or pre-existing differ-
ences associated with individual variability in psycho-
logical vulnerability. However, the fact that the two
groups of survivors could be discriminated from
healthy controls with high levels of accuracy suggests
that our result may reflect neuroplastic changes after
the earthquake rather than pre-existing differences.
This interpretation is supported by animal models
suggesting that exposure to a brief period of intense
stress is sufficient to cause significant neuroanatomical
changes (Holmes & Wellman, 2009) and recent evi-
dence that stressful life events lead to longitudinal
changes in the human brain (Papagni et al. 2011). We
also note that on average survivors who met criteria
for PTSD were more likely to have been scanned
sooner after the earthquake than those who did not.
This points to time from the earthquake as a potential
critical variable modulating the differences in clinical
symptomatology and structural neuroanatomy be-
tween the two groups, and is therefore consistent
with the interpretation of our results in terms of neuro-
plastic changes.

The present study has a number of methodological
limitations. First, all healthy participants were scanned
shortly before the earthquake and therefore some
of the differences between this group and survivors
could be explained by changes in image quality before
and after the earthquake; however, careful examin-
ation of phantom images acquired before and after
the earthquake found no evidence for such changes
and furthermore this limitation is not relevant to the
comparison between survivors who did and did not
develop PTSD. Second, all data were acquired using
the same scanner and acquisition sequence and there-
fore we were unable to make inference regarding the
generalizability of any of the successful classifiers
across different research centres. Nevertheless, a recent
investigation of MRI changes in Alzheimer dementia
provides preliminary evidence that the methodology
can be generalized across different research centres
(Klöppel et al. 2008). Third, the three subject groups
were compared using a binary rather than a multi-class
classification approach, which would have provided a
closer approximation of how differential diagnostic
decisions are made in real-world clinical practice.
However, since multiple binary classifiers for each
possible comparison were generated in the current
study, a quantitative estimate is still provided demon-
strating the relative ease, or difficulty, with which sub-
jects from each group may be differentiated from the
subjects of every other group, with respect to each
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data type. Finally, the development of a diagnostic
algorithm in SVM is based on the distinction between
patients and controls in the training data, which in turn
relies on traditional clinical assessment. It follows that
the application of SVM to neuroimaging data can only
reach the same level of diagnostic accuracy as tra-
ditional methods of clinical assessment. Nevertheless,
such application could still be useful as an objective
means of reducing controversy in forensic evaluations
of mental insanity and minimizing errors in detecting
malingering (Rosen & Taylor, 2007; Sartori et al.
2011). For a more comprehensive discussion of the
limitations of the use of SVM in psychiatry and neurol-
ogy, see our recent review (Orrù et al. 2012).

In conclusion, we have reported that multivariate
analysis to MRI allows the identification of trauma-
exposed individuals with high accuracy, and further-
more identifies trauma-exposed individuals who
have and have not developed PTSD with statistically
significant accuracy. These results reveal patterns
of neuroanatomical alterations that could be used to
inform the identification of trauma survivors with
and without PTSD at the individual level, and provide
preliminary support to the development of SVM as a
clinically useful diagnostic aid. Nevertheless, it should
be stressed that the eventual use of this technique
in the real world would ultimately require a greater
level of accuracy than that found in the present
study. Greater diagnostic accuracy might be achieved
by combining structural and functional neuroimaging
data within the same SVM, an integrative approach
that was successfully applied to an investigation
of mild cognitive impairment (Fan et al. 2008b).

Supplementary material

For supplementary material accompanying this paper
visit http://dx.doi.org/10.1017/S0033291713000561.
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