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A B S T R A C T

Major Depressive Disorder (MDD) is a heterogeneous disorder with a considerable symptomatic overlap with
other psychiatric and somatic disorders. This study aims at providing evidence for association of a set of serum
and urine biomarkers with MDD. We analyzed urine and serum samples of 40 MDD patients and 47 age- and sex-
matched controls using 40 potential MDD biomarkers (21 serum biomarkers and 19 urine biomarkers). All
participants were of Caucasian origin. We developed an algorithm to combine the heterogeneity at biomarker
level. This method enabled the identification of correlating biomarkers based on differences in variation and
distribution between groups, combined the outcome of the selected biomarkers, and calculated depression
probability scores (the “bio depression score”). Phenotype permutation analysis showed a significant dis-
crimination between MDD and euthymic (control) subjects for biomarkers in urine (P < .001), in serum
(P= .02) and in the combined serum plus urine result (P < .001). Based on this algorithm, a combination of 8
urine biomarkers and 9 serum biomarkers were identified to correlate with MDD, enabling an area under the
curve (AUC) of 0.955 in a Receiver Operating Characteristic (ROC) analysis. Selection of either urine biomarkers
or serum biomarkers resulted in AUC values of 0.907 and 0.853, respectively. Internal cross-validation (5-fold)
confirmed the association of this set of biomarkers with MDD.

1. Introduction

Major depressive disorder (MDD), with a lifetime prevalence of

around 15%, is a major cause of disability in the western world [1,2].
Due to the heterogeneous nature of MDD and its symptomatic overlap
with other psychiatric and somatic disorders diagnosis may be
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complicated [3]. The heterogeneity of the disorder most probably also
finds its roots in heterogenous biological processes as described by
Jentsch et al. [3]. Six hypotheses were formulated, being those that
describe pathophysiological processes of the HPA-axis, inflammation
and immune system alterations, monoamine dysfunction, oxidative
stress/endothelial disfunction, altered neurogenesis/neuroplasticity,
and alterations of magnesium metabolism/mineral homeostasis. Within
these hypotheses typical biomarkers linked to the pathophysiological
processes were identified. In a novel method to discriminate between
patients and controls we eventually selected a subset of biomarkers
covering all important hypotheses of MDD pathophysiology [3–7]. In
supplementary table S1 the scientific support for these hypotheses in-
cluding a list of relevant biomarkers are summarized.

A biomarker is defined as “a characteristic that is objectively mea-
sured and evaluated as an indicator of normal biological processes,
pathogenic processes, or pharmacologic responses to a therapeutic in-
tervention” [8]. Thus, a biomarker test for MDD may aid the clinician in
making a correct diagnosis or predicting treatment response. Several
biomarkers have been suggested for MDD, including cytokines (e.g.
TNFα, IL-1β), neurotrophic factors (e.g. BDNF, VEGF), and hormones
(e.g. cortisol). However, none of these biomarkers fulfill the sensitivity
and specificity criteria when used separately [3]. This may be in part
due to the complicated underlying pathophysiology of MDD. An in-
creasing body of evidence indicates that the underlying neurobiology of
MDD likely involves a complex interplay of genetic factors, dysregula-
tion of the hypothalamic-pituitary-adrenal (HPA) axis and other endo-
crine parameters, dysfunctions in the immune system and mono-
aminergic systems. Accordingly, single genetic, endocrinological,
neurotransmitter-related or hormonal abnormalities are unlikely to
discriminate patients with severe mood disorders from healthy people
or patients with other psychiatric disorders. Combining a number of
biomarkers reflecting the divergent dysfunctions in MDD, as designed
in this study, might be a more fruitful approach [3].

A major problem in the identification of biomarkers associated with
disease is the fact that biomarker values are not normally distributed,
and distributions may be different in patients and healthy controls.
When the distribution in patients and healthy controls differs in aspects
other than the mean or median, difficulties arise for parametric and
non-parametric testing. Examples in which regular parametric or non-
parametric testing fails include a ceiling effect in one of the groups or
differences in variance between groups not accompanied by differences
in average. Variance information gets lost when not considering that
each biomarker obeys different variance rules between cases and con-
trols.

In this study we have used an analytic method described and sub-
mitted by Paus et al. [9] that addresses these pitfalls. This method is
called Quantile Based Prediction (QBP) and is used to select those
biomarkers that “behave” differently between cases and controls while
not necessarily displaying a difference in average between both groups.
It distinguishes the distributional tail behavior between cases and
healthy controls. Subsequently, the best performing biomarkers were
selected, and its validity tested. This method combines the outcome of
the selected biomarkers and calculates a depression probability score
discriminating depressed from euthymic subjects. The method provides
for each subject a biometric depression score, tentatively named BDS
(Bio-Depression-Score). Aim of the study is to provide evidence for a
cluster of serum and/or urine biomarkers to be associated with MDD,
reflecting the complex interaction of divergent pathophysiological
mechanisms that underlies depression.

2. Methods

2.1. Patients

MDD patients were recruited in collaboration with general practi-
tioners, psychiatric care organizations and through advertisements in

local and national newspapers. For definite inclusion a MINI diagnostic
interview was performed to validate the DSM-IV diagnosis of MDD and
concurrently rule out organic causes. Further inclusion criteria in-
cluded: age 18–65, a 17-item Hamilton Depression Rating Scale (HAM-
D) score equal or higher than 11 and informed consent. Exclusion cri-
teria included pregnancy, presence of a confounding primary psychia-
tric disorder in the MINI interview among which alcohol or substance
use disorders, inflammatory or systemic diseases, metabolic disorders
or other disorders that might cause MDD. A total of 102 volunteers were
included (51 MDD, 51 Controls) in which all biomarkers were tested.
Non-Caucasian ethnicity (11 MDD, 4 Controls) was excluded, resulting
in 40 MDD cases and 47 healthy controls of Caucasian ethnicity. MDD
cases consisted of 19 with and 21 without anti-depressant medication.
Healthy controls (HC) were recruited via general practitioners and
advertisements in local and national newspapers. For definite inclusion
the MINI diagnostic interview was performed. Axis II diagnosis was not
investigated in healthy volunteers nor MD patients, because recruit-
ment was primary done in general care/general population settings and
not expected to confound our results. HAM-D was used to assess
symptoms of depression and the Mini International Neuropsychiatric
Interview (MINI) was conducted for objective validation of diagnosis. A
non-clinician researcher trained by an experienced clinician in the use
of these questionnaires executed all questionnaires and a second ex-
perienced psychiatrist checked the correct diagnosis.

Participants were asked to deliver 50ml of blood through veni-
puncture as well as 50ml of first morning urine. Urine and blood were
collected the same day. Per participant a single blood sample was col-
lected in the course of the day and documented in 66 of the 87 parti-
cipants: from 8 am till 6 pm, mean 11:50 am and latest 5:40 pm. Blood
was collected in serum separation tubes, allowed to clot and centrifuged
at 3000 xg for 10min. Serum supernatant was divided into aliquots and
stored at −80 °C. Urine samples were centrifuged for 10min at 1000 xg
to precipitate any particles and cells; the supernatant was collected,
divided into aliquots and stored at −80 °C.

2.2. ELISAs

ELISA kits were obtained from the following vendors: R&D systems
Europe Ltd., Abingdon, United Kingdom (Cortisol, LTB4, Thromboxane,
Endothelin-1, Substance P, c-AMP, and c-GMP); Ray Biotech Inc.,
Norcross, GA, USA (Leptin, EGF, Lipocalin, adiponectin, TNF alpha
receptor 2 and HVEM); Sanbio B, Hycult biotech, Uden, The
Netherlands (Calprotectin); Northwest Life Science Specialties, LLC,
Vancouver, WA, USA (Isoprostane-2); Immundiagnostik GmbH,
Bensheim, Germany (Zonulin); Cellmid Limited, Perth, Australia
(Midkine); Diasource, Leuven, Belgium (Pregnenolone and vitamin D);
Peninsula Laboratories, LLC, San Carlos, CA, USA (NPY); Promega
Benelux BV, Leiden, The Netherlands (BDNF). LDN, Germany
(Aldosterone); Hycult Biotech, USA (Nitrotyrosin).

All procedures were performed according to the manufacturer's in-
structions making use of an ELISA plate washer PW40 (Sanofi Pasteur).
Read-outs of the Microtiter plate were digitally saved. Data were ana-
lyzed by making use of standard curves of OD values obtained by the
Microtiter plate reader (Multiscan EF type 35, ThermoScientific)
against (log transformed) concentrations as provided by the individual
manufacturers of the kits. Individually measured patient sample values
were obtained by linear interpolation of the sample OD value and the
OD values of the standards. From each serum and urine sample crea-
tinine levels were assessed and urine biomarker levels were corrected
for the creatinine content. Patients and controls were only included
with serum creatinine concentration within the normal range (ex-
cluding renal dysfunction).

2.3. Design of the study

A primary selection of biomarkers to be tested in serum and in first
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morning urine was based on a thorough literature search in combina-
tion with a pilot study in 24 participants (12 MDD patients and their
sex, age and ethnic matched healthy controls). The biomarkers included
in this pilot cohort and their selection for the follow-up cohort is pro-
vided in supplementary Table S2. The selected biomarkers were sub-
sequently tested in a cohort of 40 MDD patients and 47 healthy con-
trols, fully independent of the pilot study. The results of this cohort
were subsequently used for the design of the algorithm leading to the
Bio-Depression Score (BDS, see below) and statistical validation by
permutation analysis. Elimination of non-contributing biomarkers lead
to a set of MDD associated biomarkers for which the association was
confirmed by 5-fold cross validation.

2.4. Descriptive analysis

Descriptive statistics were calculated for the demographic para-
meters to describe the population. Numerical variables were summar-
ized with means and standard deviations, while categorical variables
were summarized with counts and percentages. Differences between the
MDD and HC group were determined with Mann-Whitney U test for
numerical data and Pearson's Chi-square test for categorical data. To
determine median and variance differences in each biomarker for the
MDD and HC group, the Mann-Whitney U test and Levene's test on
heterogeneity were applied, respectively. These analyses were carried
out using the Real Statistics add-in for Microsoft Excel.

2.5. Design of the algorithm and its validation to confirm association with
MDD

The algorithm and its validation consist of 3 steps.

1. The algorithm (QBP) in which differences in the ‘tails’ of the dis-
tribution of multiple biomarkers between MDD and control subjects
are combined into one single diagnostic score, the Bio-Depression
Score (BDS):
a. For each biomarker separately the left and right tail dominance

for the MDD and for the HC group is determined. Left tail: MDD
dominates if the 10th percentile (P10) of the MDD group lies left
of the P10 of the HC group, in which case the P1, P5 and P10 of
the HC-distribution are used to define segments (see below). HC
dominates if the order is opposite, in which case the P1, P5 and
P10 of the MDD group are used to define the segments. Right tail:
MDD dominates if the P90 of the MDD group lies to the right of
the P90 of the HC group, in which case the P90, P95 and P99 of
the HC-distribution are used to define the segments. HC dom-
inates when this order is opposite, in which case the P90, P95 and
P99 of the MDD group are used to define the segments.

b. For each biomarker the value-range is divided into segments
according to the rules set out in 1.a.: values≤ P1;
P1 < values≤ P5; P5 < values≤ P10; P10 < values< P90;
P90≤ values<P95; P95≤ values< P99; values≥ P99.

c. Each biomarker value is normalized relative to these segments. In
an MDD dominant tail the normalized values are assigned posi-
tive (i.e. a positive contribution to disease prediction), with value
+1 for segments P5-P10 and P90-P95, value +2 for segments the
P1-P5 and P95-P99, and value +3 for the segments< P1
and > P99. Similarly, in a HC dominant tail the normalized
values are assigned negative (−1, −2, −3), respectively. For
segment P10 - P90 the normalized value is assigned 0 (zero, i.e.
no contribution to disease prediction).

d. A criterion for inclusion: in the left tail the presence of a
minimum number of participants (percentage) in the dominant
group at P10 and P5 and for the right tail at P90 and P95. A
biomarker tail failing to reach the criterion is excluded: the
normalized segment values in a failing tail are then set to value
zero. Consequently, if both tails fail, the biomarker does not

contribute to disease prediction at all.

By application of the QBP algorithm each participant obtains per
biomarker a normalized value ranging from −3 to +3. The BDS for a
participant is then calculated as the sum of the normalized values of all
contributing biomarkers. This generates per participant one single
figure containing the cumulative information of all biomarkers. The
higher the BDS the more likely the participant is associated with MDD.
The lower the BDS the more likely the participant is not associated with
MDD.

2. The second step describes the analysis of disease discrimination of
the BDS followed by a permutation analysis to quantify the sig-
nificance (p-value) of the discriminative power of the BDS using
serum biomarkers only, urine biomarkers only, and a combination
of serum and urine biomarkers. The generated BDS of each parti-
cipant and its disease classification allows ROC analysis and calcu-
lation of the Area-Under-the-Curve (AUCReal). MedCalc Statistical
Software version 16.8 is used for comparison differences in AUCReal

between the groups ‘serum only’, ‘urine only’ and ‘serum plus urine’.
The higher AUCReal, the better BDS discriminates between healthy
and disease. The AUCReal is used to determine the tail inclusion
criteria mentioned in Step 1.d. above. After fixing all criteria in the
algorithm, the discriminative power of the BDS is investigated with
a permutation analysis. Then, the case/control indicator is randomly
redistributed over the original biomarker data. Applying the algo-
rithm to this random disease classification results in a BDSRandom
and then applying ROC analysis generates an AUCRandom. Repeating
this process at least 10,000 times an AUCRandom frequency dis-
tribution is generated. The proportion of random AUCRandom beyond
the observed AUCReal provides the p-value for the null hypothesis
that the biomarkers are not associated with MDD.

3. The cross validation to support the association of the BDS with MDD
for new samples. Discrimination does not necessarily provide good
prediction of new samples. To determine the association between
BDS and disease (MDD) a 5-fold cross-validation was performed.
The validation was done on the biomarkers that were identified by
the algorithm. The 87 participants were randomly divided into five
parts (part 1: 18, part 2: 18, part 3: 17, part 4: 17 and part 5: 17
participants). No attempt was made to equally distribute MDDs and
HCs, nor to match age and sex. Five separate sets were constructed:
each contains 4 of the 5 subsets for training and the remaining sub
set for validation. For each set separately, the participants in the
‘training subset’ were used to determine the cut-offs for the per-
centiles P1, P5, P10, P90, P95 and P99 as described in Step 1. Next,
based on these cut-offs, a BDS calculated for participants in the
validation subset generates a ROC-curve for classification of the
disease. This was executed for three situations: ‘serum biomarkers
only’, ‘urine biomarkers only’, and ‘for ‘combined serum and urine
biomarkers'. The results confirm the relevance for the association of
the included biomarkers with MDD.

3. Results

3.1. Demographic characteristics

Table 1 shows the demographic characteristics of the subjects that
were included in the 87-participant cohort. All subjects were of Cau-
casian origin. MDD subjects were matched for sex and age.

Control subjects had a median HAM-D17 score of 2.6 (range 0–8),
while MDD subjects had a score of 19.0 (range 11–43). Due to in-
sufficient amount of serum or identification errors, certain ELISAs were
excluded in a minority of participants: 19 biomarkers were tested in all
87 participants, 16 biomarkers in all 86 participants, 2 biomarkers in 85
participants and 2 biomarkers in 83 participants. The results in serum
are expressed as a concentration of the biomarker. The results in urine
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are expressed as the ratio of biomarker to creatinine by dividing the
biomarker concentration by that of creatinine. As a control for normal
renal function, creatinine concentration was measured in serum as well
and checked to remain within normal value ranges. Only those within
the normal serum creatinine range were included.

Table 2 shows that differences at significant level in medians
(Mann-Whitney U) were found in urine for Aldosterone and in serum
for Thromboxane and in variances (Levene's) for Thromboxane in urine
and for TNF and Zonulin in serum. Thus, these traditional statistical
tests for location identified only a small number of relevant biomarkers.

3.2. BDS and association of biomarkers with MDD

The BDS was calculated for each of the 3 groups. Group 1 uses only
the information of the 21 biomarker levels in serum. Group 2 uses only
the information of the 19 biomarkers in urine. Group 3 uses all 40
biomarkers. The BDS was calculated according to the algorithm de-
scribed in Step 1 of the Methods section.

The optimal limits for exclusion of non-performing tails are in-
vestigated (see Methods, Design of BDS, step 1(4) by varying the limits
for P10/P5 and P90/P95 from 0% to 40% and checking the effect on the
AUC using all biomarkers (in Serum, in Urine and in serum plus urine).
Without an exclusion limit, i.e. using the dominance classification only,

the AUC becomes 0.876. At limit 40% for the P10 and P90, the AUC
becomes 0.500 indicating that this limit excludes all biomarkers. The
maximum AUC is obtained at 20% for P10 and P90 and at 17.5% for the
P5 and P95 (for detailed information see Supplementary S3). These
conditions exclude 23 biomarkers, leaving 9 biomarkers in Serum and 8
biomarkers in Urine with relevance for MDD. At higher exclusion per-
centages the AUC drops sharply. Thus, exclusion P10/90 at 20% and
P5/95 at 17.5% is the condition generating the optimal result, which is
chosen for further analysis. From high level of exclusion to lower levels,
the biomarkers appeared in following order of decreasing relevance for
serum: Thromboxane, TNF-R2, Cortisol, Substance P, BDNF,
Calprotectin, cAMP, Zonulin and Leptin. In urine these were
Thromboxane, Aldosterone, Isoprostane, Substance P, cGMP, HVEM,
Midkine and Lipocalin. The ROC curves showing the results of the in-
cluded biomarkers only are visualized in Fig. 1.

The permutation analyses using all 40 biomarkers and applying the
20%/17.5% inclusion criteria show significant BDS discrimination for
biomarkers in urine (P < .001), in serum (P= .02) and combined in
serum and urine (P < .001). The frequency distributions of the
AUCRandom are visualized for serum, urine, and urine and serum re-
spectively in Fig. 2. AUCReal is positioned in the histogram as a vertical
line.

3.3. Five-fold cross validation

By applying the 20%/17.5% exclusion limits, the contributing tails
and dominances of the remaining 9 serum and 8 urine biomarkers are
fixed. For each training-validation set, the percentile cut-off values are
determined in the training subset and applied to the validation subset,
leading to predicted AUC-values in the Validation subset (Table 3). The
mean AUC of the ROC curves is lowest for the serum biomarkers, fol-
lowed by the urine biomarkers and highest in the combined serum and
urine biomarkers. Note that the SD of a validation subset is higher than
in its training set in all cases. The validation sets show AUCs at the same
level as the training set for serum and urine. For the combined serum
plus urine the mean AUC is higher for both conditions. Thus, these

Table 1
Demographic characteristics.

All participants Healthy
Controls

MDD Statistics

Sex Male 35 19 16 Chi-square (2× 2):
P=.97Female 52 28 24

Age (Yr) Median 47.8 47.2 48.5 Mann-Whitney-U:
SD 11.4 11.3 11.7 P=.93

Ethnicity Caucasian 87 47 40 N.A.
HAMD17 median N.A. 2.6 19.0 Mann-Whitney-U:

p < .001SD N.A. 1.2 7.8

Table 2
Mann-Whitney U test and Levene's test results.

P-value

Serum Urine

Mann-
Whitney U test

Levene's test Mann-
Whitney U test

Levene's test

Adiponectin – – 0.35 0.67
Aldosterone 0.32 0.58 0.03a 0.61
BDNF 0.91 0.10 – –
Calprotectin 0.12 0.23 0.47 0.42
cAMP 0.55 0.53 0.38 0.56
cGMP – – 0.93 0.56
Cortisol 0.07 0.15 0.54 0.46
EGF 0.06 0.59 0.12 0.57
Endothelin 0.62 0.21 0.33 0.26
HVEM 0.41 0.72 0.69 0.62
Isoprostane 0.49 0.15 0.06 0.41
Leptin 0.90 0.53 0.66 0.96
Lipocalin 0.36 0.57 0.21 0.69
LTB4 0.08 0.06 0.91 0.05
Midkine 0.17 0.33 0.06 0.68
Nitrotyrosin 0.90 0.42 – –
NPY 0.77 0.78 0.96 0.07
Pregnenolone – – 0.69 0.78
Substance P 0.08 0.08 0.13 0.36
Telomerase 0.30 0.52 – –
Thromboxane B2 0.02a 0.63 0.32 0.03a

TNF R2 0.22 0.004a 0.97 0.58
Vitamin D 0.90 0.18 – –
Zonulin 0.37 0.002a – –

a Biomarkers with a p-value below p= .05.

Fig. 1. ROC curves of the Bio Depression Score obtained for serum biomarkers,
urine biomarkers, and serum plus urine biomarkers combined in the 87 parti-
cipants. AUC=0.853 for the 9 serum biomarkers only, AUC=0.907 for 8
urine biomarkers only and 0.955 for the 17 combined serum+urine bio-
markers. Comparison of ROC curves: ‘Serum’ versus ‘Urine‘: P= .29;
‘Serum‘versus ‘Serum plus Urine‘: P= .001; ‘Urine‘versus ‘Serum plus Urine‘:
p= .06.
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results fit well with the overall AUC results presented in Figs. 1 and 2,
confirming the association between these biomarkers and MDD.

4. Discussion

The aim of this study was to identify biomarker sets that are mea-
surably associated with MDD. Based on literature research we identified

six biochemical routes hypothetically associated with MDD. Within
these hypotheses, 49 potential biomarkers were identified and tested in
a pilot: 46 in serum and 44 in urine. Out of these we selected 40 bio-
markers (21 in serum and 19 in urine) to be tested in the present case/
control study. We have also included patients with a mild depression
(HAMD-17 between 11 and 17): in the design of this study we antici-
pated that an association between biomarkers and MDD might become
apparent also in the early or mild stages of depression. The background
of the assumption is on the one hand that the disease phenotype would
most probably not fully correlate with biochemical phenotype, and on
the other hand that it may not be unlikely that early phases of disease
also induce changes in biomarker homeostasis leading to adapted
concentrations in either serum or urine. We found measurable asso-
ciations with MDD using the combined effect of 9 biomarkers in serum,
of 8 biomarkers in urine, and of 17 biomarkers in serum and urine
combined. This result supports the assumptions made.

The AUCs found including only Caucasians in the analysis (this
study) were higher than when 15 participants with other ethnicities
were added to the analysis (not published). Some biomarkers were not
identified in the combined ethnicities analysis whereas some did not
appear in the analysis of the Caucasians only. This indicates that when
investigating pathophysiology of biomarkers in psychiatric diseases
ethnic background needs to be considered, irrespective what could have
caused these differences.

Per participant only one sample has been taken without considering
the variability that occurs within a participant. This association led to
an Area Under the Curve of 0.955 in a Receiver Operating
Characteristic analysis and was confirmed by 5-fold cross validation.
The large value of the AUC may suggest that inter-individual variability
dominates the intra-individual variability within biomarkers, but we
recommend that future confirmation studies would apply repeated
samples to be able to estimate the index of individuality and provide a
view of the prediction within individuals. Biomarkers in serum ap-
peared somewhat less efficient than those in urine. The combined result
in serum plus urine was better than either serum or urine. For all hy-
potheses [3] for pathophysiology leading to MDD measurable bio-
markers were found: Cortisol, Aldosterone and Substance P for ab-
normal HPA-axis functioning; Substance P for monoaminergic changes;
TNF-R2, HVEM, Lipocalin and Substance P for altered immune system
functioning and inflammation, BDNF, Midkine and TNF-R2 for changes
in neurogenesis/neuroplasticity, Endothelin, Thromboxane-B2, Zo-
nulin, cAMP, cGMP, Leptin and F2-isoprostane for oxidative stress/
endothelial dysfunction and Thromboxane-B2, Aldosterone and Sub-
stance P for altered magnesium metabolism and mineral homeostasis.

We realize that our proposed method for biomarker selection and
disease prediction (QBP approach, to be published) is different from
commonly used statistical or machine learning approaches. Our focus
has been on biomarker selection, which would rule out certain ap-
proaches that require all (linearly transformed) biomarkers in their
prediction of the disease. The relatively low sample size also makes
certain machine learning approaches less applicable (e.g. support
vector machine). Furthermore, the QBP approach has been intensively
studied under all kinds of settings using simulation studies where the
approach is compared to more common approaches (e.g. discriminant
analysis; logistic regression). When differences in the probability dis-
tributions between cases and controls are determined by variation in
biomarkers, the QBP method is superior to the commonly known ap-
proaches, and it is equivalent to the commonly known approaches
when differences are due to location. An advantage of the QBP is that it
is conservative in selecting biomarkers, indicating that we would not
eliminate important biomarkers.

A total of 17 biomarkers were identified, whereas the classical sta-
tistical differences analyzed by the non-parametric Levene's test and
Mann-Whitney U test detected 5 biomarkers only. An alternative ana-
lytic approach to measure the combined effects of the biomarkers could
have been machine learning. Our approach is of a basic simplicity and
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Fig. 2. Histogram of the case/control randomizations expressed as the number
of randomization results at each AUCRandom found, relative to the position of
AUCReal. Fig. 2A. The histogram based on 10,001 permutations generated by
the 21 serum biomarkers (mean AUCRandom= 0.717 ± 0.057, fraction right of
AUCReal = 1.74%, leading to a p-value of p= .02); Fig. 2B. The histogram of
AUCRandom based on 10,004 permutations generated by the 19 Urine bio-
markers (mean AUCRandom=0.709 ± 0.057, fraction right of AU-
CReal= 0.02%, leading to a significant p-value of p < .001); Fig. 2C. The
histogram of AUCRandom based on 10,029 permutations generated by the
combined 40 Serum plus Urine biomarkers (mean AU-
CRandom= 0.796 ± 0.046, fraction right of AUCReal= 0.01% leading to a sig-
nificant p-value of p < .001). The difference in AUCReal with the AUC pre-
sented in Fig. 1 reflect differences in tail optimization.
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generally applicable: it cumulates the different biomarker outcomes per
individual into a one-figure outcome. It can be used to associate bio-
marker outcomes with clinical disease and relate to pathophysiology.

So far, only a handful of studies have combined results of multiple
biomarkers into one single diagnostic test [10–15]. A main advantage
of the approach used in this study as compared to other depression-
related biomarker studies is that we are the first to use a method that
includes differences in variation and distribution between MDD and
control groups, thus optimizing the use of available data.

Furthermore, with the exception of Zheng et al. [15], most studies
that have investigated biomarkers for depression focus on serum bio-
markers. We have chosen to investigate biomarker levels in both serum
and urine in this study, and we have shown that urine biomarkers may
be of added value for the identification of biomarkers: in urine we
found unique biomarkers such as HVEM, Midkine and cGMP. One of the
reasons for this might be that serum levels may show a large variation
over the day, limiting their potential use. Biomarker levels in urine are
a collection over a time period and may in such cases give more con-
sistent results. The use of urine biomarkers has several advantages over
the use of serum biomarkers. It is easy to collect and does not require
the use of invasive techniques. In addition, it is relatively easy to test for
proteins in urine, as urine is relatively protein-poor and thus the chance
of cross-reactivity is smaller than in serum.

It would be of interest to investigate whether specific biomarkers
are related to any specific phenotype of MDD, such as for example
treatment-resistant depression, the euthymic state (trait), severity of
depression (state), melancholia, atypical depression, or depression with
anxiety features. The present study does not allow to draw conclusions
at this level, as it was designed to show a primary relation of bio-
markers and depression and further research is needed to show relation
with phenotype subtyping.

This work is intended to investigate measurable biomarkers levels
associated with MDD. Our working hypothesis assumes that apparent
clinical MDD causes measurably differences in biomarker levels from
controls, irrespective status of medication. Nevertheless, medication
and the duration thereof may induce measurable effects on biomarker
levels [16–19]. Several studies have demonstrated that levels of bio-
markers may be influenced also in the absence of treatment response.
Turck et al. [17] for example have analyzed plasma proteins at baseline
and after 6 weeks of treatment and found 46 proteins to be altered at
6 weeks in non-responders against 43 proteins that were altered in re-
sponders. Another study found a decrease of several plasma cytokines
(IL-2, IL-4, IL-6, IL-10 and IFN-γ) in both responders and non-re-
sponders to either Sertraline treatment, a course of transcranial Direct
Current Stimulation (tDCS) or Sertraline and tDCS combined [20]. The
effect of treatment on levels of biomarkers in responders/remitters vs.
non-responders/non-remitters may be dependent upon the chosen
treatment strategy. For example, Chen et al. [19] demonstrated an in-
crease in levels of cytokines IL-6, IFN-γ and TNF-α in non-remitters and
a decrease in levels of cytokines IL-2, IL-4 and IL-5 in remitters after

8 weeks treatment with paroxetine. Venlafaxine treatment however
resulted in a decrease in levels of cytokines IL-2, TNF-α, IL-4, IL-5, IL-10
and IL-1β both in non-remitters and remitters and a decrease in IFN-γ
only in non-remitters. Another study demonstrated opposite effects of
Amitriptyline and Paroxetine on BDNF levels [21]. Furthermore, a
change in the levels of biomarkers may in some cases precede clinical
improvement [22]. Thus, despite the depressed state of all patients
included in this study, the medication status of part of the patients may
have influenced the levels of some of the biomarkers. Because of the
limited group size and the variation in types and duration of medication
we have not attempted to differentiate between these. Differentiating
status of medication is considered an essential step for future in-
vestigation requiring larger dedicated patient cohorts.

Of the previously performed studies investigating combinations of
biomarkers for depression, the most consistent results have been ob-
tained by Papakostas et al. [13] and Bilello et al. [14]. Papakostas and
colleagues show that a previously identified panel of 9 biomarkers, the
results of which were combined into an “MDD score”, can diagnose
depression with a sensitivity of> 90% and a specificity of> 80% [13].
These results have been validated in a separate cohort, with the addi-
tion of two additional factors to the algorithm calculating the MDD
score: gender and body mass index (BMI), and correction for circadian
serum cortisol levels [14]. We checked the effect of correction of cir-
cadian cortisol for the cortisol samples from which a sampling time-
point was available and found that this correction induced a favorable
effect of the AUC from 0.955 to 0.970 (data not shown), thus further
confirming both serum and urine as body fluids providing in-
dependently biomarker results. Our overall result for biomarkers in
serum and urine combined is similar to that of Papakostas et al. Future
research would need to determine if additional factors such as BMI and
gender may further improve this result.

Together with these studies, our study demonstrates that the use of
biomarker panels is a promising method to investigate MDD patho-
physiology at biomarker level. The study of combinations of biomarkers
originating from different “hypotheses” may better elucidate the het-
erogenic pathophysiology of depression, and may therefore increase the
knowledge about the relation between biomarkers and disease state [3].
In addition, preliminary evidence indicates that the combination of
biological markers, clinical variables and self-report might enable
physicians to predict the development of a subsequent episode of MDD
in patients suffering from other psychiatric disorders, which may fa-
cilitate early intervention by timely starting antidepressant treatment
[23].

With respect to this case/control study, several limitations should be
kept in mind. We used a relatively low depression severity cut-off
(HAM-D≥ 11) and we included a wide range of HAM-D scores (ranging
from HAM-D=11 to HAM-D=43, average HAM-D=19). The inclu-
sion of patients with mild-to-moderate depression might have limited
the level of association found between the MDD and control groups.
Nevertheless, we still found a significant discriminating effect, leading

Table 3
Results of five-fold cross validaton expressed in the AUC's of the subsets.

Data set 5-fold cross validation (AUC)

Serum 9 biomarkers Urine 8 biomarkers Serum+Urine 17 biomarkers

Training Validation Training Validation Training Validation

Sub set 1 0.827 0.733 0.835 0.933 0.895 0.847
Sub set 2 0.780 0.861 0.856 0.868 0.959 0.931
Sub set 3 0.809 0.764 0.867 0.840 0.922 0.813
Sub set 4 0.799 0.846 0.847 0.923 0.912 0.965
Sub set 5 0.794 0.799 0.884 0.778 0.921 0.850
Mean 0.802 0.801 0.858 0.869 0.922 0.881
±SD 0.016 0.048 0.017 0.057 0.021 0.057

The means and SDs of the of the combined subsets are given in bold to differentiate them from the individual results of each subset.
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to quite high AUC levels, indicating that the biomarkers might also be
measurable in subjects with mild-to-moderate depression. Second, al-
though the phenotype permutation analysis has shown that the re-
sulting AUC cannot be explained by “overfitting” and the 5-fold cross
validation has shown, that the results have predictive potency, these
results should still be confirmed in a separate and independent cohort
of subjects. Third, although this study indicates that this panel of bio-
markers can successfully discriminates between MDD subjects and
healthy controls, we have used quite stringent exclusion criteria for
comorbidity in order to increase homogeneity between the MDD and
control groups on areas other than depression score. Thus, the clinically
relevant question whether this biomarker panel can also discriminate
between MDD and other psychiatric or somatic disorders needs to be
investigated in follow-up studies (MDD specificity). Fourth, the effects
of confounders are to be addressed: gender, ethnicity, age, body mass
index, smoking and other differences may exist. Fifth, 19 of the 40 MDD
patients in this study were on antidepressant medication, which might
have influenced levels of certain biomarkers. In this study, the clinical
presentation as judged by the Hamilton score was taken as reference:
patients presenting with MDD symptoms, without reconsidering anti-
depressant use, leading to the results obtained. Follow-up studies are
needed to elucidate any differences related to antidepressant use.
Despite these limitations, this study provides evidence towards the
elucidation of heterogenic pathophysiology of MDD at the level of
biomarkers.

In addition, with the elucidation of the pathophysiology, bio-
markers may become available for efficient diagnosis, they could po-
tentially be used for the identification of those at risk for developing
MDD and the prediction of treatment response and the identification of
MDD subtypes. The value of these biomarkers in combination with the
BDS algorithm with regard to such application needs to be determined
in future studies. As this panel contains biomarkers related to important
pathophysiological mechanisms related to certain MDD subtypes
[24–28] it is a promising perspective that MDD subtypes could be
identified based on the patient's specific biomarker scores.

5. Conclusion

We have demonstrated that a panel of biomarkers related to dif-
ferent aspects of MDD pathophysiology can measurably be associated to
MDD subjects using both serum and urine as body fluid matrix.
Although future research is needed to confirm these results in a separate
and larger group of subjects, and optimize the biomarkers association
by including confounders, medication, sex, age BMI, ethnicity, et ce-
tera, this study may be a first step towards the development of a bio-
marker-based test for depression that can be used in a clinical setting.
Particularly non-psychiatric physicians, such as general practitioners,
could benefit.
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