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Running head: Distinguishing medication-free MDD and BD 

 

Abstract 

 

Objectives: Recent studies have indicated that pattern recognition techniques of functional 

magnetic resonance imaging (fMRI) data for individual classification may be valuable to 

discriminate major depressive (MDD) and bipolar disorder (BD). Importantly, medication 

may have affected previous classification results since patients with MDD and BD use 

different classes of medication. Furthermore, almost all studies investigated only depressed 

subjects. Therefore, we focused on medication-free subjects. We additionally investigated 

whether classification would be mood state independent by including both depressed and 

remitted subjects.  

 

Methods: We applied Gaussian Process Classifiers to investigate discriminative power of 

structural MRI (gray matter volumes of emotion regulation areas) and resting state fMRI 

[resting-state networks implicated in mood disorders: default mode network (DMN), 

salience network (SN), and lateralized frontoparietal networks (FPN)] in depressed (n = 42) 

and remitted (n = 49) medication-free subjects with MDD and BD.  

 

Results: Depressed subjects with MDD and BD could be classified based on gray matter 

volumes of emotion regulation areas as well as DMN functional connectivity with 69.1% 

prediction accuracy. Prediction accuracy using the FPNs and SN did not exceed chance level. 

Remitted subjects with MDD and BD could not be discriminated.  

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



This article is protected by copyright. All rights reserved 

 

Conclusions: For the first time we show that medication-free subjects with MDD and BD can 

be differentiated based on structural MRI as well as resting-state functional connectivity. 

Importantly, results indicate that research concerning diagnostic neuroimaging tools 

distinguishing MDD and BD should consider mood state, since only depressed subjects with 

MDD and BD could be correctly classified. Future studies in greater samples are needed to 

investigate whether results can be generalized to medication-naïve or first-episode subjects.  

 

Key words: bipolar disorder – diagnosis – fMRI – machine learning – major depressive 

disorder – mood state 

 

Differentiation between major depressive disorder (MDD) and bipolar disorder (BD) in an 

early phase is important, since treatment strategies and prognosis differ for these disorders. 

Misdiagnosis may result in inadequate pharmacological therapy, which is associated with 

prolonged illness duration and risk for recurrence. Unfortunately, current diagnostic tools 

(i.e., questionnaires and clinical interviews) poorly distinguish between the depressed 

episode of MDD and BD due to comparable symptom profiles (1). If previous (hypo) manic 

episodes have not been recognized, or are yet to appear, BD is prone to be misdiagnosed as 

MDD. 

 

Identifying specific neural dysfunctions as biomarkers for MDD or BD could therefore 

enhance diagnostic accuracy. There is considerable evidence that these mood disorders are 

associated with altered structure and function of different neuronal regions and networks, 

particularly those involved in attention, emotion processing and cognitive control, both 

during task performance (2–6) and rest (7, 8) [for reviews/meta-analyses, see (9–16)]. 

However, previous mass univariate functional magnetic resonance imaging (fMRI) studies 

are not yet clinically applicable since results were observed at group level and are 

consequently not useful for individual prediction (17, 18). 

 

One way to classify individual subjects based on fMRI data is the use of multivariate pattern 

recognition analysis (MVPA) or supervised machine learning (17–20). Briefly, this technique 
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involves the ‘training’ of a computer algorithm in order to predict to which predefined 

category an observation belongs (17).  

 

Previous MVPA studies distinguishing MDD from BD, using various imaging modalities, 

yielded prediction accuracies ranging from 59% to 90% (20–25) (Supplementary Table S1). 

However, in these studies medication use was allowed, which may have affected results: the 

discriminative ability of neural activity or structural patterns could have (partly) been driven 

by differential acute effects of ongoing antidepressants in MDD versus mood stabilizers use 

in subjects with BD on brain function or structure.  In addition, only depressed subjects with 

MDD and BD were included in previous studies [except (26)]. Therefore, it is not clear 

whether MDD and BD are still distinguishable while in remission. Since MDD and BD are both 

highly recurrent, this would be relevant to know, e.g., when deciding on type of 

maintenance treatment against future relapses.  

 

Importantly, one of the previous MVPA studies showed that classifiers to differentiate 

depressed, medicated MDD from BD based on structural MRI (sMRI) data (gray matter 

volumes of emotion regulation areas) are generalizable to independent replication samples 

(25). Within-subject structural MRI data are relatively stable (27), which is likely to result in 

good test/retest reliability, a prerequisite for diagnostic tools (28). Another advantage of 

sMRI is that assessment is comparatively easy, facilitating clinical implementation. 

Furthermore, a recent meta-analysis showed robust differences in gray matter volume 

between subjects with MDD and BD in regions important for emotion regulation (e.g., 

smaller volumes in the right dorsolateral prefrontal cortex and left hippocampus in MDD 

compared to BD) (16). Thus, sMRI may be particularly suitable for classification of MDD and 

BD. Nevertheless, fMRI has also proven to be useful for psychiatric classification (17, 20). 

Compared to task-related fMRI, resting state fMRI (RS-fMRI) may be of special interest for 

this purpose, because resting-state networks (RSNs) are less susceptible to task compliance 

and independent of specific task paradigms. Furthermore, RSNs show consistency across 

different subject groups, analysis methods and types of scanning protocols (28). Moreover, 

several RSNs have been implicated in mood disorders: the default mode network (DMN) (7, 

29–40); the left and right lateralized frontoparietal networks (FPN) (40–47); and the salience 

network (SN) (2, 35, 40, 48, 49).  
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In the current study, we used sMRI and RS-fMRI data (connectivity of the DMN, left and right 

FPN, and SN) to examine the discriminative potential of Gaussian Process Classifier (GPC)-

based pattern recognition analysis in subjects with MDD and BD. The aim of our study was to 

investigate whether MDD–BD discrimination is also possible in medication-free subjects and 

whether mood state would influence performance of the classifier. Since we are the first to 

classify currently medication-free MDD and BD and also the first to classify remitted subjects 

[except one study in medicated samples (26)], this study was explorative. 

 

Methods and materials 

 

Subjects 

 

We used sMRI and RS-fMRI data of 36 subjects with bipolar I disorder (BD-I) and bipolar II 

disorder (BD-II) (10 depressed: BDd; 26 remitted: BDr) and 44 subjects with MDD (22 

depressed: MDDd and 23remitted: MDDr; 22 MDDr for RS-fMRI due to missing data of one 

subject). All subjects were free of antidepressants, antipsychotics, and mood stabilizers for ≥ 

1 month and were matched for age, gender, education, and depression severity. Part of this 

sample has been described elsewhere (50). The study was approved by the Medical Ethical 

Committee of the Academic Medical Center, Amsterdam, The Netherlands. All subjects 

provided written informed consent, obtained according to the Declaration of Helsinki of 

1975 (see Supplementary Data for additional details).  

 

Additional inclusion criteria for subjects with MDD and BD [diagnosis assessed by the 

Structured Clinical Interview for DSM-IV Axis I Disorders (SCID-I)] were: (i) age 18–60 years, 

(ii) a history of at least two major depressive episodes (MDEs), (iii) age at first mood episode 

≤ 40 years, (iv) current MDE or remission [i.e., not fulfilling the criteria of MDE or 

(hypo)manic episode], and (v) illness duration of ≥ 5 years since the first episode (in order to 

reduce the chance of including late MDD-to-BD converters in the MDD group).  Exclusion 

criteria for subjects with MDD and BD were: (i) electroconvulsive therapy ≤ 2 months before 

scanning, (ii) current (hypo)mania, (iii) current psychotic symptoms, (iv) a comorbid Axis-I 

disorder (assessed by SCID-I) except for anxiety disorders occurring in the context of the 
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mood disorder, (v) a diagnosis of cluster B personality disorder [assessed by SCID-II, if 

suspected based on (hetero)anamnestic information], and (vi) current use of any 

psychotropic medication (stopped ≤ 1 month before scanning). Incidental benzodiazepine 

use was allowed, but was stopped ≥ 1 day before scanning. In addition, subjects with MDD 

were excluded when they had a history of (hypo)manic derailment after antidepressant use 

or a first-degree family history of BD (to prevent inclusion of subjects with MDD with 

possible BD traits). Subjects with BD were excluded if (hypo)manic episodes solely appeared 

during the use of antidepressants, again to insure inclusion of ‘true’ subjects with BD; and in 

case of a Young Mania Rating Scale (YMRS) score > 8, to prevent inclusion of subjects with 

BD with (subclinical) (hypo)manic symptoms. Furthermore, for all subjects contra-indications 

for MRI-scanning led to exclusion: a history of head trauma or neurological disease, severe 

general physical illness, claustrophobia, or implanted metal objects. 

 

MRI data acquisition 

 

Resting-state fMRI and structural data were acquired on a 3.0 Tesla MRI scanner (Philips 

Intera, Philips Medical Systems, Best, the Netherlands) with body coil excitation and an 8-

channel SENSE head coil. For the functional resting-state scan the following parameters were 

used: echo time (TE) = 30 msec, repetition time (TR) = 2300 msec, flip angle = 80°, matrix = 

96 × 96, number of slices = 40, ascending slice order, field of view (FOV) = 220 × 120 × 220 

mm3, voxel size = 2.29 × 2.29 × 3.00 mm3. In total, 200 dynamics were acquired with a total 

duration of 7 min and 51 sec. For the T1-weighted structural image, parameters were: TE = 

4.6 msec, TR = 9.6 ms,ed flip angle = 8°, matrix = 256 × 256, number of slices = 182, FOV = 

218 × 256 × 256 mm3, voxel size = 1.0 × 1.0 × 1.2 mm3

 

, total duration = 7 min.  

Data analysis 

 

Resting state networks. For the resting-state data, Statistical Parametric Mapping (SPM8, 

Wellcome Trust Center for Neuroimaging, London, UK; 

http://www.fil.ion.ucl.ac.uk/spm/software/SPM8) was used for the following preprocessing 

steps: slice timing; realignment and unwarping to correct for subject motion; co-registration 

of functional and structural data; segmentation; spatial normalization into standard 
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stereotactic space using the Montreal Neurological Institute (MNI) template and resampling 

to 3-mm isotropic voxels; smoothing of data with an 8-mm full-width at half-maximum 

(FWHM) Gaussian kernel.  

 

For group independent components analysis we used the GIFT toolbox (51) 

(http://icatb.sourceforge.net). Intensity normalization was used to improve the accuracy and 

test-retest reliability of the independent components analysis (ICA) output (52). Twenty 

independent components were extracted from the data [based on the minimum description 

length criteria (51)], using the Infomax ICA algorithm. The stability of extracted independent 

components was determined by repeating the Infomax algorithm 10 times in ICASSO.  

 

Of the 20 extracted components, 11 RSNs were identified by visual comparison of aggregate 

spatial maps with the literature (28, 53, 54). We used the spatial maps [created by back-

reconstruction and reflecting the connectivity and degree of coactivation within the RSN 

(52)] of the RSNs of interest (DMN, FPNs, and SN) as input patterns for classification (Fig.1 

and Supplementary Table S2). The cluster quality index of all three RSNs was 0.98, indicating 

highly stable ICA decomposition (52).  

 

ICA identifies motion-related sources, which are incorporated in ‘noise’ independent 

components (in the same way as vascular, ventricular, and susceptibility artifacts) (52, 55, 

56), and thus selected RSNs are considered denoised from major motion effects. However, 

to ascertain that MDD versus BD classification results are not due to differences in possible 

residual motion-related variance present in the RSNs, we also compared motion between 

subjects with MDD and BD (see Supplementary Data for details). Motion did not significantly 

differ between remitted (p = 0.90) and depressed (p = 0.20) subjects with MDD and BD. 

 

Gray matter volumes. For the structural data, we applied voxel based morphometry (VBM) 

according to Redlich et al. (25), involving bias-correction, tissue classification, normalization 

to MNI-space using linear (12-parameter affine) and nonlinear transformations within a 

unified model, including high-dimensional DARTEL normalization, using default parameters 

of the VBM8-toolbox (http://dbm.neuro.unijena.de/vbm). The resulting modulated gray 

matter images were smoothed with a Gaussian kernel of 8-mm FWHM. Subsequently, 
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quality of all scans was checked by visual inspection and the check quality function 

implemented in the VBM-toolbox.  

 

MVPA. For MVPA, binary Gaussian Process Classifiers (GPCs), as implemented in the Pattern 

Recognition for Neuroimaging Toolbox (http://www.mlnl.cs.ucl.ac.uk/pronto) were applied 

(57). GPC is a supervised machine learning technique similar to Support Vector Machine 

(SVM) that provides an additional benefit of predictive probabilities of class membership 

(58). Probabilistic predictions can be easily recalibrated to accommodate variations in 

disease prevalence (20). This is important for future clinical translation purposes of MVPA 

studies, since prevalence of psychiatric disease in clinical practice is usually different from 

the prevalence in the samples under investigation. Moreover, GPC allows us to account for 

the imbalance of our depressed groups (the MDD group being twice the size of the BD 

group), calculating a balanced sensitivity and specificity not biased by differences in group 

sizes.  The used classification model contains a single hyper-parameter, which controls the 

scale of the latent function used to model class differences and therefore assists in the 

calibration of the predictive probabilities. The value for this hyper-parameter was set by 

maximizing the marginal likelihood of the model (model evidence) under a Gaussian 

approximation. This is referred to as Type II maximum likelihood and is a standard approach 

in the literature (58, 59).  

 

To assess the diagnostic potential of each RSN with respect to subjects with MDD versus BD 

and mood state, each subject's RSN spatial map of the DMN, SN and FNPs were entered 

separately into independent GPCs. Features were restricted to the gray matter voxels of the 

regions belonging to each specific RSN. Therefore, for each network a binary mask was 

constructed by combining the a priori binary gray matter mask from SPM8 with the masks 

derived from the spatial maps of the given network across subjects (resulting from a one 

sample t-tests, testing for activations, thresholded at p < 0.05 family-wise error whole-brain 

corrected). To assess the diagnostic potential of gray matter volume with respect to MDD 

versus BD subjects and mood state, each subject's gray matter image was entered into the 

GPC and restricted to emotion regulation areas by a previously described emotion regulation 

mask, comprising the entire prefrontal cortex, mid-cingulate cortex (MCC), anterior cingulate 

cortex (ACC), amygdala, thalamus, striatum and hippocampal formation (22, 25). 
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We used a leave-one-out cross-validation strategy to estimate the generalization ability of 

our classifier. The GPC provided probabilistic predictions for each diagnostic category for 

each subject. These were converted to categorical predictions by applying a threshold 

according to the frequency of classes in the training set. Since the classifiers were 

unbalanced (i.e. , different class sizes), balanced accuracy measures (the mean of sensitivity 

and specificity) were computed to assess the overall categorical performance of each 

classifier, accommodating this imbalance. Statistical significance was determined by 

permutation testing (58). For each RSN and for gray matter volume, the following 

classification problems were defined: MDDd versus BDd; and MDDr versus BDr. Feature 

weights were computed to visualize the relative importance of each voxel in the decision 

function of the GPC, displaying the pattern of functional connectivity used by the algorithm 

to discriminate each group. To validate results with an independent algorithm, we repeated 

the above analyses using the SVM (see Supplementary Data). Post-hoc, but only for 

illustrative purposes, we performed classical mass-univariate analysis on the data that would 

prove to be useful for classification of subjects with MDD and BD (see Supplementary Data). 

 

Results 

 

Demographics and clinical characteristics 

 

Subjects with MDD and BD in the depressed and remitted subject groups were matched for 

age, gender, education, IQ, and Hamilton Depression Rating Scale (HDRS) score, age of illness 

onset, and illness duration (all p > 0.05) (Table 1); the number of previous MDEs differed 

between the remitted (p = 0.05) and depressed subgroups (p = 0.02). Furthermore, six 

subjects with MDD and four subjects with BD had comorbid anxiety disorders (p > 0.05). 

Three subjects (1 MDDd, 1 MDDd, 1 BDr) used benzodiazepines ante noctem (temazepam 

and oxazepam: stopped 40–48 hours before scanning; lorazepam: quit 17 hours before 

scanning). Bipolarity Index (BI) (60) scores differed significantly between the MDDd/r and 

BDd/r groups (p < 0.001), indicating a high level of bipolarity in the BD groups compared to 

the MDD groups.  
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Pattern classification 

 

The GPC was able to predict diagnostic group based on patterns of DMN connectivity and of 

gray matter volume, but only for the depressed state (Table 2). DMN functional connectivity 

patterns discriminated subjects with MDDd from subjects with BDd with 69.1% accuracy (p = 

0.02; sensitivity 70.0%; specificity 68.2%; positive predictive value 50.0%; negative predictive 

value 83.3%). Prediction accuracies on basis of gray matter volume patterns were also above 

chance level for subjects with MDDd versus subjects with BDd, with 69.1% accuracy (p = 

0.02; sensitivity 70.0%; specificity 68.2%; positive predictive value 50.0%; negative predictive 

value 83.3%). Prediction accuracies of the GPC applied to patterns of FPN and SN 

connectivity were not above chance level (all p > 0.05).  

 

Using the SVM, balanced prediction accuracies again were only significantly above chance 

level for the MDDd versus BDd classification (Supplementary Table S3), indicating that the 

effect of state was independent of the type of classifier that was applied. 

 

Although the discriminating connectivity patterns are multivariate and therefore encompass 

all the features, we additionally report the weight vectors contributing to discriminate 

subjects with MDDd from subjects with BDd. Regarding the DMN, highest weight vectors 

favored subjects with MDDd relative to subjects with BDd and were found in the superior 

temporal pole/insula [Brodmann area (BA) 47], angular gyrus, inferior parietal gyrus, 

(pre)cuneus (BA 7/31), calcarine sulcus, mid-cingulate cortex (MCC) (BA 32/24), anterior 

cingulate cortex (ACC) (BA24), and medial orbitofrontal cortex (OFC); lowest weight vectors 

favored BDd relative to MDDd and were found in the posterior cingulate (PCC) (BA 23/29), 

(pre)cuneus (BA 7/5), and middle frontal gyrus (Fig. 2A). Regarding gray matter volume, 

highest weight vectors favored subjects with MDDd relative to subjects with BDd and were 

found in the parahippocampal gyrus, middle frontal gyrus, and superior frontal gyrus, orbital 

part/gyrus rectus; lowest weight vectors favored BDd relative to MDDd and were found in 

the middle frontal gyrus (a.o. BA 6), MCC (BA 24/31), ACC (BA 9), caudate/pallidum/putamen 

(Fig. 2B). 
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Post-hoc uncorrected mass univariate analysis for the relevant comparisons (MDDd versus 

BDd; DMN and gray matter volumes) demonstrated intensity differences in areas grossly 

corresponding to those with the highest weights in the MVPA analysis (Supplementary Table 

S4 and Supplementary Fig. S1). 

 

Discussion 

 

In the current study, we investigated the discriminative power of patterns of gray matter 

volume and resting-state functional connectivity to distinguish MDD from BD by applying a 

Gaussian Process Classifier. Of note, we examined medication-free subjects in two different 

mood states (depressed and remitted).  We found that DMN connectivity as well as gray 

matter volume can be used to discriminate between both mood disorders in the depressed 

state. In contrast, we were not able to discriminate remitted patient groups, either using 

resting state fMRI connectivity or gray matter data.  Therefore, our results suggest that it is 

important to consider mood state for classification of MDD and BD in future studies. 

 

Corroborative with our findings, previous evidence indicates depression specific volume 

abnormalities in emotion regulation areas in mood disorders. For example, previous mass 

univariate studies in unmedicated MDD found that volume reductions of the hippocampus, 

prefrontal cortex, thalamus, caudate and pallidum, as well as amygdala enlargement, were 

specific for the depressed state (61–64). In (medicated) BD, reduced orbitofrontal, prefrontal 

and amygdala volumes, as well as increased volume of the PCC/parahippocampal gyrus were 

depression specific too (65–67). Thus, there is substantial evidence that at least part of 

MDD/BD-specific volumetric abnormalities found during depression may reverse when 

subjects achieve remission; consequently, gray matter volume patterns in remitted MDD and 

BD may be too much alike to be used for classification.  Although absence of evidence is not 

evidence of absence, a recent MVPA-study using SVM applied to subcortical volumes also 

failed to classify MDDr and BDr (26).  

 

However, the relationship between mood state and the DMN is less clear. Treatment-

response studies with medication or vagal nerve stimulation reported state-dependent DMN 

changes in MDD (68–70) which may be partly due to remission itself rather than the 
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treatment provided. In BD, a small pilot study reported state-dependent abnormal 

suppression of activity in specific DMN components (hippocampus during depression, rostral 

anterior cingulate cortex (rACC) during remission) (71). Thus, there are some indications that 

DMN functioning changes when remission is achieved; possibly, these changes abolish 

MDD/BD differences present during depressed states. Taken together, during remission, 

neurobiological differences may be too few or too small to allow for classification between 

MDD and BD. 

 

Our study design adds to knowledge that without acute effects of medication depressed 

subjects with MDD and BD could still be classified, with accuracy rates comparable to those 

found in previous MVPA studies with medicated depressed subjects with MDD and BD. This 

could not be assumed a priori. It has been demonstrated that antidepressants (used in the 

treatment of MDD) and mood stabilizers (lithium, anti-epileptics, antipsychotics; used in the 

treatment of BD) may potentially alter gray matter volume, activity and connectivity of 

regions implicated in the differentiation between MDD and BD, e.g., amygdala, hippocampal, 

striatal, ACC, PCC, and DLPFC volume [see e.g., (61, 68, 72-78)]; lateral and medial prefrontal, 

(sg)ACC and amygdala activity [see e.g., (79–86)]; and default mode, reward, emotional and 

task-positive network connectivity (68, 87–92). Although it is generally thought that 

successful medication has normalizing effects, some studies have shown deviant results (93, 

94). For example, as discussed in a review by Hafeman et al. (94), atypical antipsychotics 

have the potential to overcorrect abnormalities in neural activity, leading to prefrontal 

hyperactivity (95). Furthermore, medication can have additional effects on neural activity 

beyond the specific activity differences between patients and healthy individuals, as shown 

in a study comparing medication-free subjects with BD with medicated subjects with BD 

(96). Even in case of similar medication, such additional, non-normalizing effects could be 

different in subjects with MDD compared to BD, due to illness by treatment interactions. 

Moreover, specific classes of medication, let alone interactions between drugs in case of 

polypharmacy (more common in BD than in MDD) may all influence neural activity (94). 

Thus, because of an association between diagnosis and type of medication, and/or illness by 

treatment interactions, use of different medication in samples with distinct psychiatric 

disorders may have biased the performance of sensitive pattern classification tools to 

distinguish between various psychiatric disorders. With our study, we bypassed potential 
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acute effects of current medication and demonstrated the utility of MVPA for differential 

diagnosis of currently medication-free depressed MDD and BD. Although our sample was not 

medication-naïve, our results provide a first clue in the development of individual, clinically 

applicable diagnostic tools without the influence of confounding medication. This is relevant 

because MDD and BD ideally should be accurately diagnosed before starting medication, i.e., 

in a current unmedicated state, since providing wrong therapy can have serious adverse 

consequences.  

 

Furthermore, our results extend findings of previous MVPA studies using emotional fMRI 

paradigms (21–23), arterial spin labelling (24) and sMRI (25,26) by demonstrating that 

resting-state DMN connectivity patterns are also valuable for classification of depressed 

subjects with MDD and BD. This finding suggests that the nature of DMN abnormalities 

differs between both mood disorders during the depressed state. Apparently, 

neurobiological differences exist despite phenomenological similarities. These differences 

may reflect either a pathway involved in the vulnerability for (hypo)manic derailment, or 

scarring effects due the experience of previous (hypo)manic episodes. Such pathway 

associated with vulnerability for or the effects of (hypo)mania may be juxtaposed to a 

specific depression-related pathway. In fact, these pathways may represent two 

independent dimensions (mania and depression) instead of one single mood dimension, as 

suggested by recent family studies, showing independent transmission of depression and 

mania (97–100). During depression, the pathway involved in the dimension of mania may 

not be phenomenologically expressed, but still present. Moreover, as proposed by 

Strakowski et al., depression may be a non-specific response to brain injury (e.g., due to the 

excitatory processes present during (hypo)mania in BD, versus other types of stressors in 

MDD) (101). 

 

Limitations 

 

There are some limitations to our study. First, by the use of supervised machine learning 

prediction accuracy cannot exceed clinical assessment, since groups are predefined based on 

this clinical information (17). However, our results add to existing knowledge by 

demonstrating that classification results are state-dependent. We did not investigate 
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(hypo)mania; yet, in case of (hypo)mania the diagnosis of bipolar disorder is clear without 

further fMRI investigation. Second, our sample sizes of subgroups were small, limiting 

discriminative power and generalizability. Recruitment of medication-free depressed 

subjects with BD proved to be challenging: given the serious and possible life-threatening 

nature of BD depression in particular, patients diagnosed with BD before were often treated 

immediately. Our failure to classify subjects with MDD and BD belonging to the remitted 

subgroup may be due to this small sample size; on the other hand, subjects belonging to the 

even smaller depressed groups could be classified correctly. Hypothetically, this correct 

classification may also be due to relatively higher homogeneity in the smaller depressed 

groups versus higher heterogeneity in larger remitted groups (20). Our study should thus be 

considered hypothesis generating, adding to current knowledge that it is possible to 

distinguish MDD and BD even without current effects of medication, and that mood state 

(and thus possibly also depression severity) may be an important issue to consider for 

development of diagnostic tools. These results need to be confirmed in larger samples. 

Third, we included both subjects with BD-I and BD-II. Due to our small sample size, it was not 

possible to stratify for bipolar subtype. However, BD-II may be considered an intermediate 

between BD-I and MDD (bipolar spectrum); hence, if the BD subtype would have affected 

our results, inclusion of subjects with BD-II would likely have reduced the observed 

differences. Fourth, by investigating medication-free subjects we may have introduced a 

selection bias, by inclusion of less vulnerable or less severe cases who could manage without 

maintenance treatment, at least for some period. However, most of the medication-free 

depressed patients were prescribed relevant psychotropics immediately after scanning, 

which is in contrast with this hypothesis of lower severity. Fifth, most of our participants 

were medication-free but not medication-naïve, which limits generalization to medication-

naïve subjects. Despite evidence of reversibility of (volumetric) medication effects (102, 

103), we cannot rule out long-term effects of previous medication. Sixth, we have no reliable 

information regarding handedness, which may differ between groups. Handedness may 

affect laterality of neuroimaging results, due to differences in organization between the 

dominant and non-dominant hemisphere (e.g., language areas are located in the dominant 

hemisphere, which is the left hemisphere in all right-handed, but only in a proportion of left-

handed individuals). However, to the best of our knowledge, to date there is no evidence for 

effects of handedness to multivariate classification of mood disorders. Therefore, we would 
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expect only a minor influence of handedness on the results, if any. Finally, due to our cross-

sectional design we cannot establish whether differences between MDD and BD represent 

specific preexisting vulnerability or result from differential ‘scarring’ due to previous 

episodes. Replication of our results considering mood state and testing of medication effects 

is needed in studies with greater sample sizes, combining medication-free and medicated 

subjects with MDD and BD in (mild to severely) depressed and remitted states. 

 

Conclusions  

 

Our results indicate that both volumetric data and resting-state functional connectivity data 

can aid in distinguishing between MDD and BD. Importantly, we demonstrate that also 

medication-free patients can be differentiated, but only during a moderate to severe major 

depressive episode. The latter stresses the importance of taking mood state in consideration 

when developing diagnostic tools. To further investigate the predictive power of classifiers, 

longitudinal studies in medication-naïve, first-episode depressed subjects are needed. 

Combining more diverse data modalities [e.g., neuroimaging and clinical data (symptom 

profiles, family history, and comorbidity), blood biomarkers and/or genetics] may enhance 

discriminative power. Future research should also focus on the development of stepwise 

diagnostic pipelines, using the most efficient but least difficult, burdensome and least 

expensive examinations first in the diagnostic process.  
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Table 1. Demographic and clinical characteristics  

 MDDr  

(n = 23)
a

BDr   

  (n = 26)

MDDd  

b
 (n = 22)  

BDd  

(n = 10)
c

 

   MDDr versus BDr 

 

MDDd versus BDd 

     t/χ p-value 
2
 t/χ p-value 

2
 

Age, years, mean (SD) 42.7 (10.4) 42.7 (10.7) 43.8 (8.8) 38.8 (11.1) 0.001 1.0 1.3 0.2 

Gender, M/F, n 8/15 10/16 7/15 4/6 0.07 0.8 0.2 0.7 

Education: 

low/middle/high, n
d

3/7/13 

  

2/7/16 3/11/8 0/5/5 0.4 0.8 1.7 0.4 

No. of previous MDE’s, 

median [range]

4.0 [2–20] 

e
 

6.5 [2–20] 3.0 [2–20] 10.0 [3–20]   0.05  
f
 0.02

f
 

IQ, mean (SD) 100.3 (10.6) 101.5 (9.5) 97.0 (16.1) 101.0 (11.8) 0.4 0.7 0.9 0.4 

Age of illness onset, years, 

mean (SD) 

23.2 (9.1) 23.6 (8.7) 25.9 (8.4) 20.3 (8.1) 0.1 0.9 1.7 0.1 

Duration of illness, years, 

mean (SD) 

20.8 (11.3) 19.2 (10.5) 17.3 (10.1) 18.7 (12.2) 0.5 0.6 0.3 0.7 
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HDRS score, mean (SD) 6.4 (5.0) 5.5 (5.5) 22.0 (5.5) 22.3 (6.8) 0.6 0.6 0.1 0.9 

Comorbid anxiety 

disorder, n

3  

g
 

2  3  2  0.4 0.5 0.2 0.6 

Medication-naïve, n 5 2 6 1 2.0 0.2 1.8 0.6 

Duration of medication-

free period, n

 

h
 

   5.5 0.09 0.4 1.0 

   1–3 months 4 6 4 3     

   3–12 months 1 9 2 2     

   >12 months 8 6 8 4     

Duration of remission, n  
i
    2.5 0.4 – – 

   1 week–3 months 7 7 – –     

  3–12 months 4  10 – –     

   >12 months 8  6 – –     

History of substance use 

disorder, n 

5 13 6 3 3.8 0.07 0.03 1.0 

Duration of remission 

substance use disorder, n

 

j
 

   2.4 0.2 2.3 0.3 

   3–6 months 0 4 0 
k
 1     

   >6 months 5  7 6 2     

Current substance use, n         

   Alcohol 16 20 13 8 0.3 0.7 1.3 0.4 

   Tobacco 5  9 8 4 1.2 0.3 0.04 1.0 

   Drugs (incidental) 1 4 1 0 1.5 0.4 0.4 1.0 

Benzodiazepine use, n (%) 0 (0) 1 (3.8)
l

1 (4.5)  
m

1 (10.0)  
n

      

 

Within the depressed and remitted groups, there were no significant differences between MDD and BD regarding 

demographic or clinical characteristics, except for the number of previous episodes.  BDd = bipolar disorder, depressed 

state; BDr = bipolar disorder, remitted state; MDDd = major depressive disorder, depressed state; MDDr: major depressive 

disorder, remitted state; MDE = major depressive episode; SD = standard deviation; M = male; F = female; HDRS = Hamilton 

Depression Rating Scale (17 items). 

 

a
For resting state: n = 22. 

b
10 subjects with bipolar II disorder. 

c
Six subjects with bipolar II disorder. 

d
Low: primary education or preparatory middle-level applied education; middle: higher general continued education or 

middle-level applied education; high: preparatory scientific education, higher applied education, or scientific education. 

Missing values: 1 BDr. 

e
>20 episodes are set on 20 episodes; reported are median and range. Missing values: 3 BDr. 

f
Kruskall–Wallis test comparing medians. 

g
Hypochondria, specific phobia, social phobia, panic disorder, and obsessive compulsive disorder.  

h
Missing values: 5 MDDr, 3 BDr, 2 MDDd; all subjects were at least one-month free of medication. 

i
Missing values: 4 MDDr, 3 BDr. 
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j
Missing values: 2 BDr. 

k
Alcohol/cannabis abuse/dependence till 5–6 months before scanning. 

l
Lorazepam 2.5 mg: quit 17  hours before scanning. 

m
Oxazepam 25 mg: quit 48 hours before scanning. 

n
Temazepam 20 mg: quit 40 hours before scanning. 

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



 

This article is protected by copyright. All rights reserved 

Table 2. Classification results using Gaussian Process Classifier 

 Balanced accuracy 

(%) 

Class accuracy (%) Class predictive value p-value 

Data  Sensitivity Specifity PPV NPV  

Default mode network       

   MDDd versus BDd 69.1 70.0 68.2 50.0 83.3 0.02 

   MDDr versus BDr 50.3 46.2 54.6 54.6 46.2 0.46 

Gray matter volume of emotion 

regulation areas 

      

   MDDd versus BDd 69.1 70.0 68.2 50.0 83.3 0.02 

   MDDr versus BDr 60.0 61.5 59.0 64.0 56.5 0.01 

 

Default mode network activity and gray matter volume patterns discriminated significantly between depressed subjects with major depressive disorder (MDD) and 

bipolar disorder (BD) (indicated with gray shading). For both modalities, sensitivity (i.e., the true positive rate in subjects with BD) is reasonably high, decreasing the risk 

of missing subjects with BD and thereby preventing ineffective antidepressant treatment, which leads to prolonged illness duration, recurrence, and overall worse 

prognosis. Specificity (i.e., the true negative rate in non-BD subjects) is also relatively high, reducing the risk of erroneous prescription of BD medication and false 

positive diagnosis as BD in subjects with MDD. Although dependent on the prevalence of MDD and BD in the clinical population to be tested, which is not necessarily the 

prevalence in our population (MDD: BD = 2:1 in the depressed group) we also mention the positive and negative predictive values (reflecting the probability of disease 

after the test result is known). Positive predictive value is number of true positives divided by number of positive predictions; negative predictive value is number of 

true negatives divided number of negative predictions.  BDd = bipolar disorder, depressed state; BDr = bipolar disorder, remitted state; MDDd: major depressive 

disorder, depressed state; MDDr = major depressive disorder, remitted state; NPV = negative predictive value; PPV = positive predictive value. 
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Fig 1. Resting state networks of interest. (A) default mode network; (B) left frontoparietal network; (C) right frontoparietal network; (D) 

salience network. Displayed are the one sample t-tests of the spatial maps across subjects, whole brain p < 0.05 family-wise error corrected. 

Voxel intensities represent the connectivity and degree of co-activation within the resting state network. 

 

Fig 2. Weight maps of depressed major depressive disorder (MDDd) versus depressed bipolar disorder (BDd) classification.  Weight maps are 

based on the default mode network and gray matter data. Weight maps of the default mode network (above) and gray matter data (below) 

displaying the positive and negative weights of the classification problem MDDd versus BDd. Negative weights (blue) represent the voxels 

contributing to classification as a BDd subject; positive weights (red) represent the voxels contributing to classification as an MDDd subject.  
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