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reflecting deficient processing in ADHD (Hart et  al., in 
Hum Brain Mapp 35:3083–3094, 2014), and overlapped 
with decreased activations in patients in conventional 
group comparisons. Regions more predictive for ADHD 
patients were identified in the posterior cingulate, tempo-
ral and occipital cortex. Interestingly despite pronounced 
univariate group differences in inhibition-related activa-
tion and grey matter volumes the corresponding classifi-
ers failed or only yielded a poor discrimination. The pre-
sent study corroborates the potential of task-related brain 
activation for classification shown in previous studies. It 
remains to be clarified whether error processing, which 
performed best here, also contributes to the discrimination 
of useful dimensions and subtypes, different psychiatric 
disorders, and prediction of treatment success across stud-
ies and sites.

Keywords  ADHD · fMRI · Classification · Attention · 
Adolescence

Abstract  Attention-deficit/hyperactivity disorder (ADHD)  
is a common disabling psychiatric disorder associated 
with consistent deficits in error processing, inhibition and 
regionally decreased grey matter volumes. The diagnosis 
is based on clinical presentation, interviews and question-
naires, which are to some degree subjective and would 
benefit from verification through biomarkers. Here, pat-
tern recognition of multiple discriminative functional 
and structural brain patterns was applied to classify ado-
lescents with ADHD and controls. Functional activation 
features in a Flanker/NoGo task probing error processing 
and inhibition along with structural magnetic resonance 
imaging data served to predict group membership using 
support vector machines (SVMs). The SVM pattern rec-
ognition algorithm correctly classified 77.78 % of the sub-
jects with a sensitivity and specificity of 77.78  % based 
on error processing. Predictive regions for controls were 
mainly detected in core areas for error processing and 
attention such as the medial and dorsolateral frontal areas 
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Introduction

Attention-deficit/hyperactivity disorder (ADHD) is one of 
the most prevalent child psychiatric disorders in school age 
children with a worldwide prevalence of around 5 % [57]. 
Diagnoses are based on clinical presentation, interviews, 
and questionnaires having a sensitivity of 70–90 % based 
on DSM-IV criteria and thus involve risks for false-positive 
diagnoses [73].

Neuroimaging studies point to altered structure and 
function in neuronal networks mediating executive func-
tions such as error processing and inhibition (for review 
see [7, 13]). Both Flanker [19] and Go/NoGo tasks are 
frequently used to examine executive impairments in 
ADHD patients. The neural correlates of these tasks con-
sistently revealed reduced activation in ADHD patients in 
lateral and medial prefrontal areas including the anterior/
mid-cingulate cortex (ACC/MCC), dorsolateral prefrontal 
cortex (DLPFC), ventrolateral prefrontal cortex (VLPFC), 
using EEG and fMRI (for review and meta-analysis see 
[15, 24]). Two recent meta-analyses revealed reduced 
grey matter (GM) volumes for ADHD children relative to 
healthy controls in the basal ganglia [22, 49], while other 
studies reported reduced GM volumes of ACC [63] and 
cerebellum [9, 37] as well as a global volume decrease 
[11]. One recent study instead reported larger frontal, pre-
frontal and caudate volumes in children and adolescents 
[62]. The inconsistencies in findings may partly result 
from methodological differences to quantify volumetric 
deviations [2, 25].

The evidence for functional and structural deviations in 
the brains of patients with ADHD opens up new perspec-
tives for a biomarker-supported approach to ADHD diagno-
sis allowing inferences on the individual subject level. Such 
a diagnosis may in the future be especially useful to differ-
entiate between multiple disorders, and more importantly, 
to infer about multiple treatment indications. Multivariate 
pattern recognition analyses (MVPAs) support such infer-
ences and furthermore have the advantage of being sensi-
tive to spatially distributed, but related effects that would 
remain undetected by univariate analyses [52]. Previous 
studies have proven the potential of MVPAs to qualify a 
broad variety of neuropsychiatric disorders such as Alzhei-
mer’s disease and schizophrenia [35, 52]. Various MVPA 
machine learning algorithms have already been applied in 
neuroimaging including neural networks, decision trees, 
Gaussian process classification (GPC) and support vector 
machines (SVMs). Among them, SVMs are most com-
monly used [39, 52, 70]. SVMs classify data points by a 
linear or non-linear decision boundary (hyperplane) maxi-
mizing the margin (distance) between the data points of 
two groups nearest to the hyperplane—the so-called sup-
port vectors [6, 39, 52].

The largest attempt of classifying ADHD using MPVAs 
comes from the ADHD-200 consortium (http://fcon_1000.
projects.nitrc.org/indi/adhd200/) multicenter competition 
using resting-state functional and structural datasets of 285 
children and adolescents with ADHD and 491 healthy con-
trols. Various classification approaches classified this sam-
ple with accuracies ranging from 55 to 77 % (for review see 
[10]). The “winning team” [17] achieved a high specificity 
of 94 % (favored by competition rules) but only poor sen-
sitivity of 21 %, resulting in an overall accuracy of 61 %. A 
better classification (85 %) could be achieved in the work 
by Zhu and colleagues based on resting-state fMRI (sensi-
tivity 78 %, specificity 91 %) [75] but the small group sizes 
used limit the generalizability of this study. Three recent 
studies using GPCs to classify patients with ADHD found 
likewise promising classification results based on func-
tional [27, 28] and structural [37] patterns. Hart and col-
leagues achieved a classification accuracy of 77 % with a 
high sensitivity of 90 % but a rather low specificity of 63 % 
for the Stop task [27] and an overall classification accuracy 
of 75 % (sensitivity 80 %, specificity 70 %) for a fine-tem-
poral discrimination task [28]. The structural study by Lim 
and colleagues reached an overall classification accuracy of 
79.3 % (sensitivity 75.9 %; specificity 82.8 %) [37]. One of 
the most successful approaches to classify ADHD patients 
from controls using structural MR data compared three 
different methods, of which the extreme learning machine 
(ELM) of a set of structural features performed best with 
an accuracy of 90.18 % [53].

The aims of the present study were (1) to validate pre-
vious classification findings using SVMs applied to task-
based fMRI data of a combined Flanker/NoGo task [33] 
and to grey matter images—obtained from voxel-based 
morphometry (VBM) [5] and (2) to compare the neuroim-
aging-based classification results obtained for two differ-
ent core executive functions (inhibition and error process-
ing), which have consistently been shown to be affected in 
patients with ADHD. A secondary aim of this study was to 
assess the regional overlap between SVM weight maps and 
univariate findings of functional and structural differences.

Methods

Subjects

Forty adolescents aged 12–16  years participated in this 
study. Twenty patients with ADHD were recruited from 
our outpatient clinics and 20 healthy controls from local 
schools. Patients with ADHD had to fulfill criteria for com-
bined type based on ICD-10 (F90.0) [74] and DSM-IV-TR 
(314.01) [3]. All participants underwent the German ver-
sion of semi-structured clinical interview (K-SADS-PL) 
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[34] to investigate their phenotype including psychiatric 
comorbidities. Furthermore, the parents rated the behavior 
of their children with the Conners Parent Rating Scale [12].

Groups were matched for age, sex, IQ and handedness. 
Further details can be obtained from Table  1. Exclusion 
criteria for all subjects were IQ  <  70 on the abbreviated 
Wechsler Intelligence Scale for Children [72], other psy-
chiatric disorders than the typical comorbidities (Table 1), 
neurological disorders, or pre- and/or post-natal com-
plications. Patients had to discontinue medication for at 
least 48 h prior to testing. Two ADHD subjects had to be 
excluded from further analysis, one due to excessive move-
ments >3  mm and one due to chance-level performance. 
Two healthy control subjects had to be excluded due to 
chance-level performance.

The study was conducted in accordance with the dec-
laration of Helsinki and approved by the ethics commit-
tee of the Canton of Zurich. Written informed consent was 
obtained from all participants and legal guardians. All par-
ticipants received vouchers for participation.

Task

A modified speeded Flanker task [19, 33] with an inhibi-
tion (NoGo) and four different Go conditions varying in 
levels of conflict (high conflict, low conflict, no conflict, 
control) was used (detailed description with Fig.  S1 in 
the supplement). This task—applied previously to healthy 
adults—has nicely shown to activate dorsal ACC (dACC)/
rostral cingulate zone (RCZ) for error processing and pre-
SMA for conflict monitoring (activation was modulated 

by the level of conflict) while being on the other hand also 
time efficient as the task allows investigating multiple exec-
utive functions in one paradigm [33]. Subjects had to focus 
on centrally presented targets (arrowheads or circles) and 
respond or withhold a response accordingly (left button-
press for arrowheads pointing to the left side or downwards, 
right button-press for arrowheads pointing to the right side 
or upwards, and no button-press for circles) while ignoring 
the distracting stimuli on both sides of the target (Flankers). 
Answers were given with index- and middle finger of the 
right hand. The task consisted of two runs of approximately 
10 min separated by a short break. The 200 experimental 
trials per run (40 trials per condition) were interspersed by 
40 null trials and four breaks (9 s, centered fixation cross). 
Prior to scanning, a careful written and oral instruction, fol-
lowed by a short training consisting of 20 trials, was given 
to the subjects.

Image acquisition

MR images were acquired using a 3T Philips Achieva 
(Philips Medical Systems, Best, the Netherlands) with a 
32-element receive head coil (Philips SENSE Head coil 
32 elements). An echo-planar imaging (EPI) sequence, 
optimized for minimal signal loss in orbitofrontal regions, 
was applied for fMRI data recordings (TR: 1,850 ms, TE: 
20 ms, 40 slices, 2.5 × 2.5 × 2.5 mm voxel size, 0.7 mm 
slice gap, FA: 85°, FOV: 240 ×  240 ×  127  mm). Slices 
were aligned to AC-PC line and tilted by 15° toward tiptoes. 
After acquisition of functional images, T1-weighted images 
were recorded with a 3D MP-RAGE sequence (FOV: 

Table 1   Demographic and 
clinical data

1  IQ was estimated based on 
the WISC subtests selected 
according model 56 proposed 
by [72]
2  t values
3  As assessed by the 
K-SADS-PL

Measures Controls (n = 18) ADHD (n = 18) Statistics

Mean ± SD Mean ± SD p value

Age (years, range 12–16) 14.82 ± 1.24 14.50 ± 1.52 t (34) = 0.71, p > 0.05

Sex (m/f) 9/9 11/7 χ2(2) = 1.48, p > 0.05

Handedness (L/R) 1/17 3/15 χ2(2) = 1.13, p > 0.05

IQ1 114.45 ± 10.32 108.46 ± 17.75 t(27.3) = 1.24, p > 0.05

 WISC: block design 12.39 ± 2.40 12.33 ± 3.58 t(34) = 0.06, p > 0.05

 WISC: similarities 11.67 ± 1.19 11.22 ± 1.83 t(34) = 0.86, p > 0.05

 WISC: digit span 10.33 ± 2.45 9.72 ± 3.01 t(34) = 0.67, p > 0.05

Conners index (parent rating)2 49.89 ± 6.29 67.06 ± 7.56 t(34) = 7.41, p < 0.001

 Sum score inattention 4.67 ± 4.30 19.11 ± 6.60 t(34) = −7.78, p < 0.001

 Sum score hyperactivity 3.83 ± 5.20 19.89 ± 8.75 t(27.7) = −6.70, p < 0.001

Methylphenidate medication 0 13

Comorbidities (current/past)3

 Affective disorder – 2

 Adjustment disorder 1 3

 Anxiety disorder/phobias 3 3

 Dyscalculia – 2

 Conduct disorder – 2
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240 × 240 × 160 mm, sagittal orientation, 1 × 1 × 1 mm 
voxel size, TR: 8.14 ms, TE: 3.7 ms, flip angle: 8°).

Univariate analyses

Preprocessing and analyses were conducted using SPM8 
(Wellcome Trust Centre for NeuroImaging, UCL, London, 
UK) and included segmentation of structural T1 images 
using new segmentation and generation of the DARTEL 
template (Diffeomorphic Anatomical Registration Through 
Exponentiated Lie Algebra) [4]. After realignment and 
coregistration, EPI images were normalized to MNI space 
using the flow fields obtained by DARTEL (voxel size 
1.5 × 1.5 × 1.5 mm), and smoothed with a Gaussian kernel 
of 9 mm full-width at half maximum.

Voxel-wise main effect analysis was conducted enter-
ing both correctly and incorrectly responded trials for each 
of the four conflicts and the NoGo condition as separate 
regressors together with eight regressors of no interest (six 
realignment parameters, onsets of the feedback displays, 
and missed trials) in a General Linear Model (GLM) [21].

Two contrasts were calculated using t statistics: error 
processing was examined by contrasting activation to 
incorrect vs. correct conflict trials (pooled over high- and 
low-conflict conditions, cf. Iannaccone et al. [33]). Activa-
tion to inhibition was obtained by contrasting correct NoGo 
trials with all correct Go trials.

For second-level analyses, a significance threshold of 
p < 0.05 cluster extent corrected for multiple comparisons 
was employed [65]. The Monte Carlo simulation yielded a 
cluster threshold of 101 voxels (340.86 mm3) correspond-
ing to a whole brain false-positive rate of 0.05 (voxel-
height threshold p < 0.005).

A detailed description of the VBM analysis is given in 
the supplementary methods.

Multivariate support vector machine analysis

SVMs [6, 70] were used for pattern classification as imple-
mented in PROBID software Version 1.04 (http://www.
brainmap.co.uk/probid.htm). The toolbox uses SVM clas-
sification provided by LIBSVM library (http://www.csie.
ntu.edu.tw/~cjlin/libsvm/). Whole brain individual beta 
maps/GLM coefficients obtained from univariate functional 
analysis entered the classification procedure [27]. The fol-
lowing contrasts were used: incorrect vs. correct conflict 
trials (pooled over high- and low-conflict conditions) for 
error processing and NoGo vs. Go for inhibition. For the 
structural pattern classification, whole brain GM images, 
obtained from VBM, were used.

The individual brain scans entering the SVM analy-
sis were first used to train the algorithm and to deter-
mine the linear decision boundary (hyperplane) that best 

distinguishes between the two groups (i.e., ADHD patients 
and controls) [52]. The optimal classifier was then applied 
to “test” data for the assessment of performance generaliza-
tion [6]. In accordance with previous studies [27, 28, 36, 
37] leave-one-out cross-validation was applied. Specifi-
cally, during each iteration of this cross-validation proce-
dure one pair of subjects (one subject from each group) 
was taken for testing whereby the remaining subjects were 
used for training the classifier. This process was iteratively 
repeated until each subject pair was excluded once and 
hence a relatively unbiased estimate of generalizability of 
SVM classifier was obtained [29, 52]. The statistical signif-
icance of the classification accuracy was obtained by apply-
ing permutation tests [26, 53]. Thereby, the classification 
procedure was repeated 1,000 times and group labels were 
randomly allocated to obtain a null distribution. The num-
ber of permutations achieving a higher accuracy than the 
true labels was divided by 1,000 to derive the p value [52]. 
A linear kernel was employed to reduce the risk of overfit-
ting the data and to allow direct extraction of the weight 
vector as an image [40]. The regularization parameter (C), 
controlling for the trade-off between having zero training 
errors and allowing misclassification, was kept to C = 1 for 
all cases (default) [40] in accordance with previous stud-
ies [36, 47]. Feature selection was based on whole brain 
images where non-brain tissue was masked out [27]. The 
appropriate threshold for the SVM weight vector is derived 
by the smallest number of voxels that yield equivalent or 
better accuracy compared to the entire feature set (cf. PRO-
BID toolbox). The classifier’s threshold, which distinctly 
influences the identified anatomical structures, was kept at 
default settings, which applies also to all other settings, if 
not otherwise stated—the procedure followed the manual 
[40].

Classification performance was evaluated using (1) over-
all classification accuracy (proportion of correctly classi-
fied subjects), sensitivity (proportion of correctly classified 
patients) and specificity (proportion of correctly classified 
controls); (2) the receiver operating characteristic (ROC) 
curve, plotting the true-positive rate (sensitivity) against 
the false-positive rate (1-specificity) for all possible thresh-
olds; and (3) the area under the ROC curve (AUC) which 
is widely recognized as a measure of the discriminatory 
diagnostic power [20]. For comparability to previous stud-
ies, we also report the classification accuracy using Gauss-
ian process classifiers (GPC), when notable differences 
occurred in the classification accuracy (see supplementary 
methods and results, Table S1).

Multivariate discrimination patterns are visualized 
by unthresholded SVM weight maps showing the rela-
tive weight of each voxel for the decision boundary, and 
in accordance with previous literature [16, 36, 46, 48] by 
additional thresholded weight maps showing voxels with 

http://www.brainmap.co.uk/probid.htm
http://www.brainmap.co.uk/probid.htm
http://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://www.csie.ntu.edu.tw/~cjlin/libsvm/
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a weight value above 30  % of maximum weight value 
(see Fig.  S5). Univariate discrimination patterns are also 
presented for comparison and to allow for evaluation 
of regional overlap between multivariate and univariate 
discrimination.

To examine possible associations between the pattern 
recognition classification (projections onto the weight vec-
tor) and clinical measures (Conners sum scores for inat-
tention and hyperactivity and Conners ADHD index), two-
tailed Pearson correlations were calculated.

Results

Behavioral data

The two-way repeated-measures ANOVA revealed main 
effects of conflict with increasing reaction time [F (2.13, 
72.55) = 92.046, p < 0.0001] and decreasing accuracy [F 
(2.23, 75.91) = 65.483, p < 0.0001], and of group for accu-
racy [lower in ADHD, F (1, 34) =  9.756, p < 0.004] but 
not reaction time [F (1, 34) = 0.509, p < ns]. Furthermore 
a group × conflict interaction was found for reaction time 
only [nonsignificantly longer RTs in ADHD except for 
high-conflict condition, F (2.13, 75.55) = 3.24, p < 0.042]. 
Post-hoc two-sample t tests showed group differences for 
accuracy but not for reaction times (see Table S2).

Multivariate support vector machine classification

The multivariate SVM classification based on univariate 
GLM coefficients for error processing (high- and low-con-
flict incorrect vs. high- and low-conflict correct) between 
18 ADHD patients and 18 healthy controls resulted in an 
overall diagnostic accuracy of 77.78 % (p = 0.001) (Fig. 1a; 
Table  2). The sensitivity and the specificity were both 
77.78 %. The ROC curve (Fig. 1b) indicates that the SVM 
well discriminated between ADHD patients and healthy 
controls across all decision thresholds. The AUC was 0.82 
(p = 0.001) and thus considerably above chance (0.5; area 
under the diagonal line). Furthermore, a supplementary 
analysis aiming to investigate the influence of small sample 
sizes on classification accuracy revealed only little change 
in accuracy when including at least 12 subjects per group. 
Smaller sample sizes entail the risk of having no normal dis-
tribution, which can bias the result (for additional informa-
tion see supplementary material). The additional re-analyses 
with GPC supported the significant (p  <  0.031) classifica-
tion despite lower accuracy (see Table S1).

Pearson correlations between the error processing 
SVM classifier and Conners symptom severity across 
both groups were significant for both the hyperactivity 
sum score (r = −0.411, p = 0.013) and the ADHD index 
(r = −0.383, p = 0.021). A statistical trend was detected 
for the inattention sum score (r = −0.324, p = 0.054).

Fig. 1   a Scatter plot for error processing showing classification 
accuracies for SVM prediction. Subjects were either classified as 
ADHD patients or controls based on the projection onto the weight 
vector (x-axis). The dotted line represents the decision threshold. b 
Receiver operating characteristic (ROC) curve. The curve describes 

the performance of the classifier for varying thresholds by plotting 
the true-positive rate against the false-positive rate (1-specificity). 
The ideal trajectory of the curve follows the y-axis to the point (0, 1) 
where perfect classification is achieved. The obtained area under the 
curve (AUC) of 0.82 demonstrates a good classifier quality
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The SVM classifiers for inhibition (overall accuracy 
52.78 %) and VBM (overall accuracy 61.11 %) did not per-
form above chance level, and are thus not further consid-
ered here. It is notable that for VBM, a slightly better and 
marginally significant discrimination was achieved using 
GPC (for additional information and analyses with GPC 
and of the  NoGo vs. control contrast, see supplementary 
material and Figs. S2–S5 and Table S1).

The unthresholded weight maps for error process-
ing are shown in Fig.  2a. Weight maps were additionally 

thresholded to 30  % of maximum weight vector values 
to identify regions most predictive for the discrimination 
of the two groups (see also Fig.  S5a). The most predic-
tive regions for healthy controls included bilateral ACC/
MCC, bilateral superior frontal gyrus (SFG)/supplementary 
motor area (SMA)/postcentral gyrus, bilateral pre-SMA, 
left DLPFC, left medial SFG, right middle frontal gyrus 
(MFG), insula and pons. In contrast, positive weights—
predicting ADHD—were found in left superior temporal 
gyrus, left occipital gyrus, bilateral posterior cingulate cor-
tex (PCC), bilateral cerebellum, bilateral inferior temporal 
lobe, bilateral medial superior frontal gyrus (MSFG), right 
parahippocampus and brainstem.

Univariate analyses

The group comparison for error processing revealed that 
controls have more activation than ADHD patients mainly 
in frontal regions such as bilateral inferior frontal gyrus 
(IFG), MFG, DLPFC and SFG. This is contrasted by pre-
dominantly dorsally distributed activation increases in 
ADHD patients compared to controls, with large clusters in 
the right insula and precuneus, MCC, caudate, left thala-
mus, bilateral fusiform gyrus, PCC, lingual gyrus, middle 
temporal gyrus (MTG), superior temporal gyrus (STG), 
cuneus, middle occipital gyrus, hippocampus and parahip-
pocampus. The only frontal activation increase in ADHD 

Table 2   Overview of classification findings

1  Obtained from permutation tests

SVM support vector machine, ROC receiver operating characteristic 
curve, AUC area under the ROC curve

Measure Functional Structural

Error processing Inhibition VBM

SVM

 Sensitivity 77.78 % 33.33 % 66.67 %

 Specificity 77.78 % 72.22 % 55.56 %

 Accuracy 77.78 % 52.78 % 61.11 %

 p value1 0.001 0.447 0.111

ROC curve

 AUC 0.82 0.59 0.60

 p value 0.001 0.343 0.327

Fig. 2   a Unthresholded SVM weight maps for error processing are 
projected onto anatomical brain slices. Colors represent the relative 
weights, warm colors represent higher weights for ADHD patients 
and cold colors represent higher weights for controls. Due to the 
angulation of the FOV (15° toward tiptoes), functional images did 
not cover the cerebellum completely. b Univariate two-sample t test 

map for error processing at p = 0.005, k = 101 [corrected for multi-
ple comparisons using cluster extent correction (p < 0.05)] showing 
increased activation in healthy controls relative to ADHD patients in 
cold colors and decreased activation in healthy controls relative to 
ADHD patients in warm colors
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patients relative to controls was in the right ACC. For a 
complete list of activations see Table S3 and Figs. 2b, S5b. 
The main effect of error processing is depicted in Fig. S6a 
with activations listed in Table S4.

Discussion

The study aimed to determine the accuracy to classify 
ADHD patients of combined type based on functional and 
structural neuroimaging patterns using SVMs applied to 
task-based fMRI data from a combined Flanker/NoGo task 
and to structural GM images. We demonstrated that ado-
lescent ADHD patients can individually be classified based 
on activation patterns to error processing at an accuracy of 
almost 78  % (with a sensitivity and specificity of nearly 
78  %). In addition, significant correlations were found 
between SVM classifier and symptom severity, suggesting 
that increasing symptom severity facilitates the prediction 
of group membership based on medial frontal patterns and 
thus strengthens the diagnostic quality of the classifier.

The achieved classification accuracy is thus well in line 
with the most recent task-based functional neuroimaging 
classification studies by Hart and colleagues [27, 28] and 
is higher than for almost all other previous machine learn-
ing approaches (for review see [10]) except for the stud-
ies of Zhu and Peng [53, 75]. In contrast to the study by 
Hart et al. [27, 37] who showed successful classification for 
inhibition-related activation, our corresponding data only 
yielded a poor accuracy of 53 %. Whether or not the dif-
ferences to the classical Stop task used by Hart et al. [27] 
or the smaller sample size have affected the classification 
results needs to be clarified in future studies (for more 
detailed discussion on task differences please consider the 
supplementary material). A further notable difference was 
the considerably lower (SVM: 61 %; GPC: 67 %) classifi-
cation accuracy achieved for structural measures (GM) as 
compared to the studies by Lim et  al. (79.3 %) and Peng 
(90.18 %) et al. [37, 53]. The clearly higher rate (72 %) of 
medicated patients included in the present study (cf. 55 % 
in Peng et al. and 27 % in Lim et al. [37, 53]) may at least 
partly explain these differences in classification accuracies 
as it has been shown that long-term medication diminishes 
volumetric differences [49, 55, 62].

Despite task- and medication-related differences, previ-
ous work could demonstrate the potential of pattern rec-
ognition to identify common neuroimaging patterns char-
acterizing ADHD patients or controls in a given study. 
Important additional requirements must be met before 
clinical use can be recommended however. These include 
the identification of a task or task set which best discrimi-
nates between the two groups: preferably also in the pres-
ence of common comorbidities, and the validation of such 

classifiers across different samples, studies and sites. More-
over, common patterns fail to account for the heterogeneity 
of the disorder and are not informative regarding the partial 
overlap of symptoms and biomarkers with other psychiatric 
disorders such as obsessive compulsive disorder or autism 
spectrum disorders [41, 59]. Classification into dichoto-
mous diagnostic categories based on common patterns can 
thus only be an intermediate aim on the way toward under-
standing useful and potentially predictive neurobiological 
dimensions of common and partly specific deficits, and 
also of heterogeneity and comorbidity. Further research and 
multimodal approaches that combine functional EEG and 
fMRI activation as well as different features of structural 
(cf. Peng et  al. [53]) and behavioral measures are crucial 
to advance classification and more importantly to allow for 
discriminating between disorders and predict individual 
treatment success.

In line with the study by Hart [27], predictive patterns 
for healthy controls were mainly found in medial frontal 
areas—playing key roles in attention and cognitive control 
mechanisms—such as the ACC, MCC, SFG and DLPFC 
[7, 14, 23, 30, 31, 68]. Previous studies have demonstrated 
that these regions exhibit a prominent cortical maturation 
delay [58, 64] and others reported a functional delay in the 
development of error processing [18, 71]. The majority of 
patterns more predictive for ADHD patients were instead 
found in earlier developing areas like occipital gyrus, STG, 
PCC, inferior temporal lobe and parahippocampus. The 
general pattern of later developing brain areas predicting 
controls and earlier developing areas predicting ADHD 
patients thus nicely coincides with the developmental delay 
theory of ADHD [58, 64].

The multivariate character of SVMs does not allow 
direct inferences regarding individual regions on the dis-
crimination map, but comparison with univariate tests 
revealed considerable overlap. The univariate one-sample 
t test revealed that the combined Flanker/NoGo task acti-
vated in both groups typical networks for inhibition and 
error processing such as ACC, DLPFC and insula. ADHD 
patients relative to controls showed reduced activation in 
bilateral DLPFC, IFG, MFG and SFG. This activation pat-
tern corresponds nicely with the predictive patterns for clas-
sifying healthy controls. On the other hand, ADHD patients 
showed increased activation compared to controls in the 
STG, occipital gyrus, PCC and parahippocampus for error 
processing, corresponding also nicely with the predictive 
patterns for ADHD patients. These findings suggest that 
those brain regions that show abnormal activation (either 
hypo- or hyperactivation) contribute most to the predic-
tive patterns for classifying either controls or patients with 
ADHD. A direct comparison of the findings with previous 
studies is difficult, as most of the studies investigating error 
processing in ADHD patients analyzed the error-related 
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negativity (ERN) component of the event-related potential 
(ERP) rather than fMRI activation. The ERN is a nega-
tive deflection peaking typically 0–100 ms after erroneous 
responses which is generated in the frontomedial wall or 
the ACC [14, 68, 69] and was found to be diminished in 
ADHD patients [1, 24, 38]. In the present study, however, a 
group difference in ACC activation for error processing was 
only obtained when lowering the statistical threshold to a 
very liberal level (p = 0.005, k = 20). An fMRI study on 
error processing in a Stop task [61] indicated reduced PCC 
and precuneus activation in ADHD, but a direct comparison 
to our findings is difficult due to the different contrast cho-
sen (unsuccessful Stop trials vs. baseline go trials). Another 
prominent region in which we detected reduced activation 
in ADHD patients was the bilateral DLPFC. The DLPFC 
is supposed to be involved in selective and divided atten-
tion, attention shifting and executive control [7] and might 
exert superior control in the present paradigm. Further-
more, ADHD patients relative to healthy controls exhibited 
increased activation in the earlier developing more poste-
rior and cerebellar regions, which might reflect compensa-
tory mechanisms for reduced frontal activations [13, 27]. 
These results, along with previous ones, invite speculations 
that the suggested maturation delay in ADHD might result 
in mainly early developing (posterior) regions responding 
to the task demands [27, 28], or in compensatory mecha-
nisms for the dysfunctional frontal areas [27]. Both mecha-
nisms would implicate that ADHD patients applied a dif-
ferent strategy, focusing more on visual aspects, possibly 
because of their attentional impairment.

Limitations of this study include the rather small sam-
ple size, and classification accuracy could be underesti-
mated given that machine learning classification accuracy 
is generally positively correlated with sample size [66]. 
However, also the opposite may be true in case of selecting 
a non-representative study sample. The potential problem 
of overfitting the data [45] was reduced using a linear ker-
nel. In addition, there is a controversy about the influence 
of smoothing on the accuracy of multivariate classifica-
tions (cf. [42, 51, 67]). Because the present study focused 
on large-scale classification performance it is unlikely that 
the applied 9-mm kernel, which was set a priori based on 
the voxel size and which is similar to other classification 
studies (8  mm) [43, 44, 50], has affected the results. A 
further potential confound of the results might arise from 
long-term stimulant intake in our patient group. While the 
study by Pliszka [54] reported that stimulant intake had no 
significant influence on activation to inhibition, the study 
by Rubia and colleagues found that acute Methylphenidate 
normalized attention differences between ADHD patients 
compared to healthy controls by up-regulating dysfunc-
tional fronto-striato-thalamo-cerebellar and parieto-tempo-
ral attention networks [60]. This is in line with two other 

studies reporting that stimulant treatment increased ACC 
activity in ADHD patients [8, 56] for review cf. Bush et al. 
[7]. Thus, it is conceivable that the expected, but missing 
difference in ACC activation for error processing might 
result from long-term medication effects that have normal-
ized functional deficits in ADHD patients in this region. 
Long-term medication may also alter the brain structure, 
as indicated by studies reporting increased right ACC vol-
umes [62, 63] and a normalization of basal ganglia vol-
umes [49] in medicated relative to unmedicated ADHD 
patients. This is of importance as the majority (72  %) of 
subjects in the present study had a history of stimulant use 
while only 27 % was taking stimulants in the study by Lim 
[37]. By withdrawing medication 48  h prior to scanning 
we controlled for “acute” effects of stimulants but not for 
long-term effects. Furthermore, it is important to note that 
our analyses only included patients with combined ADHD 
and thus clearly limit the generalizability of these findings 
to other ADHD subtypes. It is certainly advisable that the 
replicability of these results is being verified in larger sam-
ples, on different scanners and against other psychiatric 
disorders.

Some general limitations of classification studies refer 
to the classifier’s threshold, which distinctly influences the 
identified anatomical structures. We therefore decided to 
apply either no threshold to reduce the risk of type II error 
or additionally in accordance with previous literature [16, 
36, 46, 48] to set the threshold value also to 30 % of maxi-
mum weight value, which substantially reduces noise and 
identifies anatomical structures that contributed most to the 
classifier [48]. Finally, we would like to address another 
general problem of classification studies—aiming to com-
pare accuracies derived from a new classification approach 
with existing standard diagnostic procedures (e.g., DSM 
diagnoses)—the circularity. MRI-based classification using 
mathematical approximations such as machine learning 
cannot result in a higher diagnostic accuracy than the diag-
nostic labeling that was used for training, unless there is a 
near-unitary brain phenotype of that specific disorder.

Conclusion

This is to our knowledge the first study on ADHD clas-
sification examining multiple task fMRI contrasts on dis-
tinct but critically implicated executive functions—error 
processing and inhibition—with structural imaging data in 
the same group of ADHD patients, using machine learning 
algorithms. Our findings indicate that individual ADHD 
patients can be classified based on activation to error pro-
cessing with an accuracy of almost 78 %—comparable to 
the accuracy obtained using the Conners parent rating scale 
[12] (see Table S5). Unlike previous studies [27, 37, 53], 
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however, we could not replicate substantial classification 
accuracy using inhibition and only found marginal dis-
crimination for structural brain measures. Although clas-
sification accuracies with functional MRI measures such 
as the one achieved in this study are promising, it is likely 
that a combination of measures and features from differ-
ent neuroimaging modalities such as event-related poten-
tials, transcranial magnetic stimulation [32], and alterna-
tive MRI classifiers [53] might even better account for the 
known heterogeneity of the syndrome. Despite the rela-
tively high classification accuracy, it is clearly not advis-
able to use such measures as an independent diagnostic 
ADHD tool at present, but such methods may become use-
ful in combination with standard clinical assessment and 
well-established interviews and questionnaires to identify 
brain patterns underlying heterogeneity and predicting 
treatment response, or support difficult diagnoses. Further-
more, these measures might help to reduce possible sources 
of bias, arising from a considerable heterogeneity between 
clinicians. Therefore, an objective measure could improve 
the between-rater reliability and the consistency of ADHD 
diagnosis in the future.
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