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METABOLIC SYNDROME AND HPA AXIS
BIOMARKERS FOR MAJOR DEPRESSIVE
DISORDER

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims benefit of priority from U.S. Pro-
visional Application Ser. No. 61/115,710, filed on Nov. 18,
2008.

TECHNICAL FIELD

This document relates to materials and methods for moni-
toring major depressive disorder.

BACKGROUND

Biobehavioral research can be a challenging scientific
endeavor, as biological organisms display wide-ranging indi-
vidual differences in physiology. Most clinical disorders do
not arise due to a single biological change, but rather are the
result of interactions between multiple factors. Thus, differ-
ent individuals affected by the same clinical condition (e.g.,
depression) may present with a different range or extent of
symptoms, depending on the specific changes within each
individual.

SUMMARY

The development of psychotropic drugs has relied on the
quantification of disease severity through psychopathological
parameters (e.g., the Hamilton scale for depression). Subjec-
tive factors and lack of a proper definition inevitably influence
such parameters. Similarly, diagnostic parameters for enroll-
ment of psychiatric patients in phase II and phase III clinical
studies are centered on the assessment of disease severity and
specificity by measurement of symptomatological scales, and
there are no validated biological correlates for disease trait
and state that can help in patient selection. In spite of recent
progress in molecular diagnostics, the potential information
contained within the patient genotype on the likely pheno-
typic response to drug treatment has not been effectively
captured, particularly in non-research settings.

The immune system has a complex and dynamic relation-
ship with the nervous system, both in health and disease. The
immune system surveys the central and peripheral nervous
systems, and can be activated in response to foreign proteins,
infectious agents, stress, and neoplasia. Conversely, the ner-
vous system modulates immune system function both
through the neuroendocrine axis and through vagus nerve
efferents. The hypothalamic-pituitary-adrenal (HPA) hyper-
activity hypothesis states that when this dynamic relationship
is perturbed, it results in neuropsychiatric disorders such as
depression. HPA axis activity is governed by secretion of
corticotropin-releasing hormone (CRH or CRF) from the
hypothalamus. CRH activates secretion of adrenocorticotro-
pic hormone (ACTH) from the pituitary, and ACTH, in turn,
stimulates secretion of glucocorticoids (cortisol in humans)
from the adrenal glands. Release of cortisol into the circula-
tion has a number of effects, including elevation of blood
glucose. If the negative feedback of cortisol to the hypothala-
mus, pituitary and immune system is impaired, the HPA axis
can be continually activated, and excess cortisol is released.
Cortisol receptors become desensitized, leading to increased
activity of the pro-inflammatory immune mediators and dis-
turbances in neurotransmitter transmission.
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The ability to determine disease status on an individual
basis thus would be useful for accurate assessment of a sub-
ject’s specific status. There is a need, however, for reliable
methods of diagnosing or determining predisposition to clini-
cal conditions, and of assessing a subject’s disease status or
response to treatment. This document is based in part on the
identification of methods for determining diagnosis, progno-
sis, or predisposition to depressive disorders. The methods
can include developing an algorithm that includes multiple
parameters such as HPA axis and metabolic biomarkers, mea-
suring the multiple parameters, and using the algorithm to
determine a quantitative diagnostic score. In some embodi-
ments, algorithms for application of multiple biomarkers
from biological samples such as cells, serum, or plasma can
be developed for patient stratification, identification of phar-
macodynamic markers, and monitor the treatment outcome.
As used herein, a “biomarker” is a characteristic that can be
objectively measured and evaluated as an indicator of a nor-
mal biologic or pathogenic process or pharmacological
response to a therapeutic intervention.

The approach described herein differs from some of the
more traditional approaches to biomarkers in the construction
of an algorithm versus analyzing single markers or groups of
single markers. Algorithms can be used to derive a single
value that reflects disease status, prognosis, or response to
treatment. As described herein, highly multiplexed microar-
ray-based immunological tools can be used to simultaneously
measure of multiple parameters. An advantage of using such
tools is that all results can be derived from the same sample
and run under the same conditions at the same time. In addi-
tion to traditional multivariate and regression analysis, high-
level pattern recognition approaches can be applied. A num-
ber of tools are available, including PHB’s proprietary
BIOMARKER HYPER-MAPPING™ (BHM) technology.
Other clustering approaches such as hierarchical clustering,
self-organizing maps, and supervised classification algo-
rithms (e.g., support vector machines, k-nearest neighbors,
and neural networks) also can be used. Both BIOMARKER
HYPER-MAPPING™ technology and supervised classifica-
tion algorithms are likely to be of substantial clinical use.

In one aspect, this document features a method for deter-
mining whether a human subject has depression, comprising
(a) providing numerical values for a plurality of parameters
predetermined to be relevant to depression, wherein the plu-
rality of parameters comprises one or more hypothalamic-
pituitary-adrenal (HPA) axis markers and one or more meta-
bolic markers; (b) individually weighting each of the
numerical values by a predetermined function, each function
being specific to each parameter; (c¢) determining the sum of
the weighted values; (d) determining the difference between
the sum and a control value; and (e) if the difference is greater
than a predetermined threshold, classifying the individual as
having depression, or, if the difference is not different than the
predetermined threshold, classifying the individual as not
having depression. The depression can be associated with
major depressive disorder (MDD).

An algorithm can be used to calculate an MDD score that
can be used to support the diagnosis of MDD. The HPA axis
markers can be selected from the group consisting adreno-
corticotropic hormone, cortisol, epidermal growth factor,
granulocyte colony stimulating factor, pancreatic polypep-
tide, vasopressin, and corticotrophin releasing hormone, and
the metabolic markers are selected from the group consisting
of acylation stimulating protein, adiponectin, apolipoprotein
CII1, C-reactive protein, fatty acid binding protein, prolactin,
resistin, insulin, testosterone, and thyroid stimulating hor-
mone. The plurality of parameters can comprise clinical mea-
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surements relevant to metabolic syndrome (e.g., clinical mea-
surements are selected from the group consisting of body
mass index, fasting glucose levels, blood pressure, central
obesity, high density lipoprotein, and triglycerides). The plu-
rality of parameters can comprise the level of one or more
catecholamines or catecholamine metabolites in urine, one or
more inflammatory biomarkers, and/or one or more neu-
rotrophic biomarkers.

In another aspect, this document features a method for
monitoring treatment of an individual diagnosed with a
depression disorder, comprising (a) using an algorithm to
determine a first MDD disease score based on the levels of a
plurality of analytes in a biological sample from the indi-
vidual, wherein the plurality of analytes comprise one or
more HPA axis biomarkers and one or more metabolic biom-
arkers; (b) using the algorithm to determine a second MDD
disease score after treatment of the individual for the depres-
sion disorder; (c¢) comparing the score in step (a) to the score
in step (b) and to a control MDD disease score, and classify-
ing the treatment as being effective if the score in step (b) is
closer than the score in step (a) to the control MDD score, or
classifying the treatment as not being effective if the score in
step (b) is not closer than the score in step (a) to the control
MDD score. The second MDD disease score can be deter-
mined weeks or months after treatment. Steps (b) and (c¢) can
be repeated over time to monitor the individual’s response to
treatment, the change in the individual’s MDD status, or the
progression of MDD in the individual. A subset of the plural-
ity of analytes can be measured at time points prior to and
after the initiation of treatment.

The method can further comprise including in the algo-
rithm parameters comprising clinical measurements relevant
to metabolic syndrome (e.g., clinical measurements selected
from the group consisting of body mass index, fasting glucose
levels, blood pressure, central obesity, high density lipopro-
tein, and triglycerides). The biological sample can be serum,
plasma, or cerebrospinal fluid. The biomarkers can be nucleic
acids and the biological sample can be comprised of cells or
tissue. The plurality of analytes can comprise the level of one
or more catecholamines or catecholamine metabolites in
urine. The one or more metabolic biomarkers can comprise
one or more thyroid hormones, or testosterone. The plurality
of analytes can comprise one or more inflammatory biomar-
kers and/or one or more neurotrophic biomarkers. The
method can further comprise adjusting the treatment of the
individual if the score in step (b) is not closer than the score in
step (a) to the control MDD score. The control MDD score
can be an MDD score calculated for anormal individual or the
average of MDD scores calculated for a plurality of normal
individuals.

In still another aspect, this document features a method for
determining whether an individual is likely to have depres-
sion, comprising (a) providing a biological sample from the
individual; (b) measuring the level of an analyte in the bio-
logical sample, wherein the analyte is selected from the group
consisting of apolipoprotein CIII, epidermal growth factor,
prolactin, and resistin; (c) comparing the measured level with
a control level of the analyte; and (d) if the level of the analyte
is greater than the control level, classifying the individual as
likely to have depression, or if the level of the analyte is not
greater than the control level, classifying the individual as not
likely to have depression. The biological sample can be, for
example, a serum sample. The depression can be associated
with MDD.

Unless otherwise defined, all technical and scientific terms
used herein have the same meaning as commonly understood
by one of ordinary skill in the art to which this invention
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pertains. Although methods and materials similar or equiva-
lent to those described herein can be used to practice the
invention, suitable methods and materials are described
below. All publications, patent applications, patents, and
other references mentioned herein are incorporated by refer-
ence in their entirety. In case of conflict, the present specifi-
cation, including definitions, will control. In addition, the
materials, methods, and examples are illustrative only and not
intended to be limiting.

The details of one or more embodiments of the invention
are set forth in the accompanying drawings and the descrip-
tion below. Other features, objects, and advantages of the
invention will be apparent from the description and drawings,
and from the claims.

DESCRIPTION OF DRAWINGS

FIG. 1 is a flow diagram outlining the selection of biom-
arkers.

FIG. 2 is a flow diagram for the development of a disease
specific library or panel with an algorithm for diagnostic
development.

FIG. 3 is a flow diagram for development of a basic diag-
nostic score, where n diagnostic scores are generated. Diag-
nostic score Sn=Fn(Cl, . .. Cn, Ml, . . . Mn), where Sn is the
nth score and Fn is the nth function, and Cn and Mn are the nth
coefficient and nth marker expression level, respectively.

FIG. 4 is a flow diagram for the process of using blood to
diagnose, select treatment, monitor treatment efficacy and
optimize therapy. Diagnostic score Sn=Fn(Cl, . . . Cn,
M, . . . Mn), where Sn is the nth score and Fn is the nth
function, and Cn and Mn are the nth coefficient and nth
marker expression level, respectively.

FIG. 5 is a box whisker plot indicating serum levels of
pancreatic polypeptide in control and MDD patients, and
MDD patients treated with antidepressants. The box repre-
sents the 257-75” percentile. The line drawn within the box is
the median concentration of the marker, and the whiskers are
the 5% and 95” percentiles. Each dot represents an individual
patient value.

FIG. 6 is a box whisker plot indicating serum levels of
hypothetical biomarker protein X in normal subjects and
MDD patients before and after the initiation of treatment.
Data are presented as in FIG. 5.

FIG.7 is abox whisker plot of apolipoprotein CIII in serum
samples from 50 depressed patients and 20 age-matched nor-
mal controls. Data are presented as in FIG. 5.

FIG. 8 is a box whisker plot of epidermal growth factor
(EGF) in serum samples from 50 depressed patients and 20
age-matched normal controls. Data are presented as in FIG. 5.

FIG. 9 is a box whisker plot of prolactin in serum samples
from 50 depressed patients and 20 age-matched normal con-
trols. Data are presented as in FIG. 5.

FIG. 10 is a box whisker plot of resistin in serum samples
from 50 depressed patients and 20 age-matched normal con-
trols. Data are presented as in FIG. 5.

DETAILED DESCRIPTION

This document is based in part on the identification of
methods for establishing a diagnosis, prognosis, or predispo-
sition to depression disorder conditions by developing an
algorithm, evaluating (e.g., measuring) multiple parameters,
such as HPA axis and metabolic biomarkers, and using the
algorithm to determine a set of quantitative diagnostic scores.
Algorithms for application of multiple biomarkers from bio-
logical samples such as serum or plasma can be developed for
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patient stratification and identification of pharmacodynamic
markers. The approach described herein differs from some of
the more traditional approaches to biomarkers in the con-
struction of an algorithm versus analyzing single markers or
groups of single markers.
Algorithms

Algorithms for determining diagnosis, prognosis, status, or
response to treatment, for example, can be determined for any
clinical condition. The algorithms used in the methods pro-
vided herein can be mathematic functions containing mul-
tiple parameters that can be quantified using, for example,
medical devices, clinical evaluation scores, or biological/
chemical/physical tests of biological samples. Each math-
ematic function can be a weight-adjusted expression of the
levels of parameters determined to be relevant to a selected
clinical condition. The algorithms generally can be expressed
in the format of Formula 1:

Diagnostic score=f(x1, x2, x3, x4, x5 . .. xn)

@)

The diagnostic score is a value that is the diagnostic or
prognostic result, “f” is any mathematical function, “n” is any
integer (e.g., an integer from 1 to 10,000), and x1, x2, X3, x4,
x5 . . . xn are the “n” parameters that are, for example,
measurements determined by medical devices, clinical evalu-
ation scores, and/or tests results for biological samples (e.g.,
human biological samples such as blood, urine, or cerebrospi-
nal fluid).

The parameters of an algorithm can be individually
weighted. An example of such an algorithm is expressed in

Formula 2:

Diagnostic score=al *x1+a2*x2—-a3 *x3+a4 *x4-a5*x5

@

Here, x1, x2, x3, x4, and x5 can be measurements deter-
mined by medical devices, clinical evaluation scores, and/or
test results for biological samples (e.g., human biological
samples), and al, a2, a3, a4, and a5 are weight-adjusted
factors for x1, x2, x3, x4, and x5, respectively.

The diagnostic score can be used to quantitatively define a
medical condition or disease, or the effect of a medical treat-
ment. For example, an algorithm can be used to determine a
diagnostic score for a disorder such as depression. In such an
embodiment, the degree of depression can be defined based
on Formula 1, with the following general formula:

Depression diagnosis score=flx1, x2, X3, x4, x5 . .. xn)

The depression diagnosis score is a quantitative number
that can be used to measure the status or severity of depression
in an individual, “f” is any mathematical function, “n” can be
any integer (e.g., an integer from 1 to 10,000), and x1, x2, x3,
x4, x5 . . . xn are, for example, the “n” parameters that are
measurements determined using medical devices, clinical
evaluation scores, and/or test results for biological samples
(e.g., human biological samples).

In a more general format, multiple diagnostic scores Sm
can be generated by applying multiple formulas to specific
groupings of biomarker measurements, as illustrated in equa-

tion (3)

Scores Sm=fm(x1, . .. xn)

3)

Multiple scores can be useful, for example, in the identifi-
cation of specific types of depression disorders and/or asso-
ciated disorders. By way of example, it has been shown that a
link exists between depressed mood and hypothyroidism, and
it has been estimated that more than a third of people suffering
from depression are hypothyroid. A biomarker panel includ-
ing elements whose measurements may be indicative of
hypothyroid function (e.g., anti-thyroid antibodies, T3, T4,
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TSH) can be used to calculate a score indicative of hypothy-
roidism. Combining these data with one or more panels
indicative of MDD can allow a clinician to choose a regimen
for treating both MDD and hypothyroidism. Cumulative
experience based upon measurements with multiple biomar-
ker panels and the success of treatment regimens can provide
additional insight into the choice of a regimen.

For major depressive disorder and other mood disorders,
treatment monitoring can help a clinician adjust treatment
dose(s) and duration. An indication of a subset of alterations
in individual biomarker levels that more closely resemble
normal homeostasis can assist a clinician in assessing the
efficacy of a regimen. Similarly, subclassification of a patient
can be valuable in choosing an optimal drug or combination
of drugs to use as a treatment regimen. Such changes, indica-
tive of clinical efficacy, also can be useful to pharmaceutical
companies during the development of new drugs.

To determine what parameters are useful for inclusion in a
diagnostic algorithm, a biomarker library of analytes can be
developed, and individual analytes from the library can be
evaluated for inclusion in an algorithm for a particular clinical
condition. In the initial phases of biomarker library develop-
ment, the focus can be on broadly relevant clinical content,
such as analytes indicative of inflammation, Th1l and Th2
immune responses, adhesion factors, and proteins involved in
tissue remodeling (e.g., matrix metalloproteinases (MMPs)
and tissue inhibitors of matrix metalloproteinases (TIMPs)).
In some embodiments (e.g., during initial library develop-
ment), a library can include a dozen or more markers, a
hundred markers, or several hundred markers. For example, a
biomarker library can include a few hundred protein analytes.
As a biomarker library is built, new markers can be added
(e.g., markers specific to individual disease states, and/or
markers that are more generalized, such as growth factors). In
some embodiments, analytes can be added to expand the
library and to increase specificity beyond the inflammation,
oncology, and neuropsychological foci by addition of disease
related proteins obtained from discovery research (e.g., using
differential display techniques, such as isotope coded affinity
tags (ICAT) or mass spectroscopy).

The addition of a new protein analyte to a biomarker library
can require a purified or recombinant molecule, as well as the
appropriate antibody (or antibodies) to capture and detect the
new analyte. Addition of a new nucleic acid-based analyte to
a biomarker library can require the identification of a specific
mRNA, as well as probes and detection systems to quantify
the expression of that specific RNA. Although discovery of
individual “new or novel” biomarkers is not necessary for
developing useful algorithms, such markers can be included.
Platform technologies that are suitable for multiple analyte
detection methods as described herein typically are flexible
and open to addition of new analytes.

While this document indicates that multiplexed detection
systems can provide robust and reliable measurement of ana-
lytes relevant to diagnosing, treating, and monitoring clinical
conditions: this does not preclude the use of assays capable of
measuring the concentration of individual analytes from the
panel (e.g., a series of single analyte ELISAs). The biomarker
panels can be expanded and transferred to traditional protein
arrays, multiplexed bead platforms or label-free arrays, and
algorithms can be developed to support clinicians and clinical
research.

Custom antibody array(s) can be designed, developed, and
analytically validated for about 25-50 antigens. Initially, a
panel of about 5 to 10 (e.g., 5, 6, 7, 8, 9, or 10) analytes can be
chosen based on their ability to, for example, distinguish
affected from unaffected subjects, or to distinguish between
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stages of disease in patients from a defined sample set. An
enriched database, however, usually one in which more than
10 significant analytes are measured, can increase the sensi-
tivity and specificity of test algorithms. Other panels can be
run in addition to the panel reflecting HPA axis activity and
metabolic syndrome, to further define the disease state or
sub-classify patients. By way of example, data obtained from
measurements of neurotrophic factors can discern patients
with alterations in neuroplasticity. It is noted that such
approaches also can include or be applied to other biological
molecules including, without limitation, DNA and RNA.
Selection of Individual Parameters

In the construction of libraries or panels, the markers and
parameters can be selected by any of a variety of methods.
The primary driver for construction of a disease specific
library or panel can be knowledge of a parameter’s relevance
to the disease. To construct a library for diabetes, for example,
understanding of the disease would likely warrant the inclu-
sion of blood glucose levels. Literature searches or experi-
mentation also can be used to identify other parameters/mark-
ers for inclusion. In the case of diabetes, for example, a
literature search might indicate the potential usefulness of
hemoglobin Alc (HbAC), while specific knowledge or experi-
mentation might lead to inclusion of the inflammatory mark-
ers tumor necrosis factor (TNF)-alpha receptor 2 (s TNF-RII),
interleukin (IL)-6, and C-reactive protein (CRP), which have
been shown to be elevated in subjects with type II diabetes.

The hypothalamic-pituitary-adrenal axis (also referred to
as the HPA axis or HTPA axis) is a complex set of direct
influences and feedback interactions between the hypothala-
mus, the pituitary gland, and the adrenal glands. The fine,
homeostatic interactions between these three organs consti-
tute the HPA axis, a major part of the neuroendocrine system
that controls reactions to stress and regulates various body
processes including digestion, the immune system, mood and
sexuality, and energy usage. Hypercortisolemia has been
observed in patients with major depression (see, e.g., Carpen-
ter and Bunney (1971) Am. J. Psychiatry 128:31; Carroll
(1968) Lancet 1:1373; and Plotsky et al. (1998) Psychiatr.
Clin. North Am. 21:293-307). True hypercortisolemia and
dysregulation of the HPA axis can be found in severe forms of
depression, and elements of the HPA axis appear to be state
rather than trait markers, in that they respond to external
stimuli.

Metabolic biomarkers as defined herein refer to markers
related to general health and regulation of metabolic pro-
cesses, including energy metabolism. Among the possible
metabolic markers that can be monitored are biomarkers
related to metabolic syndrome, which is a combination of
medical disorders that increase the risk of developing cardio-
vascular disease and diabetes. It has been suggested that
depression may lead to development of cardiovascular dis-
ease through its association with metabolic syndrome. While
little is known about the biochemical relationship between
depression and metabolic syndrome, however, it was
observed that women with a history of a major depressive
episode were twice as likely to have the metabolic syndrome
compared with those with no history of depression (Kinder et
al. (2004) Psychosomatic Medicine 66:316-322).

FIG. 1 is a flow diagram detailing the first steps that can be
included in development of a disease specific library or panel
for use in determining a diagnosis or prognosis. The process
can include two statistical approaches: 1) testing the distribu-
tion of biomarkers for association with the disease by univari-
ate analysis; and 2) clustering the biomarkers into groups
using a tool that divides the biomarkers into non-overlapping,
uni-dimensional clusters, a process similar to principal com-
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ponent analysis. After the initial analysis, a subset of two or
more biomarkers from each of the clusters can be identified to
design a panel for further analyses. The selection typically is
based on the statistical strength of the markers and current
biological understanding of the disease.

FIG. 2 is a flow diagram depicting steps that can be
included to develop a disease specific library or panel for use
in establishing diagnosis or prognosis. As shown in FIG. 2,
the selection of relevant biomarkers need not be dependant
upon the selection process described in FIG. 1, although the
first process is efficient and can provide an experimentally
and statistically based selection of markers. The process can
be initiated, however, by a group of biomarkers selected
entirely on the basis of hypothesis and currently available
data. The selection of a relevant patient population and appro-
priately matched (e.g., for age, sex, race, BMI, and/or any
other suitable parameters) population of normal subjects typi-
cally is involved in the process. In some embodiments, patient
diagnoses can be made using state of the art methodology
and, in some cases, by a single group of physicians with
relevant experience with the patient population. Biomarker
expression levels can be measured using Luminex MAP-x,
Pierce Searchlight, the PHB MIMS instrument or any other
suitable technology, including single assays (e.g., ELISA or
PCR). Univariate and multivariate analyses can be performed
using conventional statistical tools (e.g., not limited to:
T-tests, principal components analysis (PCA), linear dis-
criminant analysis (LDA), or Binary Logistic Regression).
Analyte Measurement

Any appropriate method(s) can be used to quantify the
parameters included in a diagnostic/prognostic algorithm.
For example, analyte measurements can be obtained using
one or more medical devices or clinical evaluation scores to
assess a subject’s condition, or using tests of biological
samples to determine the levels of particular analytes. As used
herein, a “biological sample” is a sample that contains cells or
cellular material, from which nucleic acids, polypeptides, or
other analytes can be obtained. Examples of biological
samples include, without limitation, urine, blood, serum,
plasma, cerebrospinal fluid, pleural fluid, bronchial lavages,
sputum, peritoneal fluid, bladder washings, secretions (e.g.,
breast secretions), oral washings, swabs (e.g., oral swabs),
isolated cells, tissue samples, touch preps, and fine-needle
aspirates.

Measurements can be obtained separately for individual
parameters, or can be obtained simultaneously for a plurality
of parameters. Any suitable platform can be used to obtain
measurements for parameters. Useful platforms for simulta-
neously quantifying multiple parameters include, for
example, those described in U.S. Provisional Application
Nos. 60/910,217 and 60/824,471, U.S. Utility application
Ser. No. 11/850,550, and PCT Publication No. WO2007/
067819, all of which are incorporated herein by reference in
their entirety.

An example of a useful platform utilizes MIMS label-free
assay technology, which has been developed by Precision
Human Biolaboratories, Inc. Briefly, local interference at the
boundary of a thin film can be the basis for optical detection
technologies. For biomolecular interaction analysis, glass
chips with an interference layer of SiO, can be used as a
sensor. Molecules binding at the surface of this layer increase
the optical thickness of the interference film, which can be
determined as set forth in U.S. Provisional Application Nos.
60/910,217 and 60/824,471, for example.

FIG. 3 is a flow diagram depicting steps that can be
included in establishing set scores for diagnostic develop-
ment and application. The process can involve obtaining a
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biological sample (e.g., a blood sample) from a subject to be
tested. Depending upon the type of analysis being performed,
serum, plasma, or blood cells can be isolated by standard
techniques. If the biological sample is to be tested immedi-
ately, the sample can be maintained at room temperature;
otherwise the sample can be refrigerated or frozen (e.g., at
-80° C.) prior to assay. Biomarker expression levels can be
measured using a MIMS instrument or any other appropriate
technology, including single assays such as ELISA or PCR,
for example. Data for each marker can be collected, and an
algorithm can be applied to generate a set diagnostic scores.
The diagnostic scores, as well as the individual analyte levels,
can be provided to a clinician for use in establishing a diag-
nosis and/or a treatment action for the subject.

FIG. 4 is a flow diagram of the process of using diagnostic
scores to aid in determining a diagnosis, selecting treatments,
and monitoring the treatment process. One or more multiple
diagnostic scores can be generated from the expression levels
of a set of biomarkers. In this example, multiple biomarkers
can be measured from a patient blood sample; three diagnos-
tic scores are generated by the algorithm. In some cases, a
single diagnostic score can be sufficient to aid in making a
diagnosis and selecting treatment. When the treatment regi-
men is selected and treatment starts, the patient can be moni-
tored periodically by drawing their blood, measuring the
biomarker levels and generating diagnostic scores. Multiple
measurements can be used to develop S3. These multiple
scores can be used to continually adjust the treatment (dose
and schedule) and to periodically assess the patient’s status,
optimize and select new single or multiple agent therapeutics.

An example of platform useful for multiplexing is the FDA
approved flow-based Luminex assay system (xXMAP; World
Wide Web at luminexcorp.com). This multiplex technology
uses flow cytometry to detect antibody/peptide/oligonucle-
otide or receptor tagged and labeled microspheres. Since the
system is open in architecture, Luminex can be readily
adapted to host particular disease panels.

Diagnostic scores generated by the methods provided
herein can be used to monitor treatment. For example, diag-
nostic scores and/or individual analyte levels can be provided
to a clinician for use in establishing or altering a course of
treatment for a subject. When a treatment is selected and
treatment starts, the subject can be monitored periodically by
collecting biological samples at two or more intervals, mea-
suring biomarker levels to generate a diagnostic score corre-
sponding to a given time interval, and comparing diagnostic
scores over time. On the basis of these scores and any trends
observed with respect to increasing, decreasing, or stabilizing
diagnostic scores, a clinician, therapist, or other health-care
professional may choose to continue treatment as is, to dis-
continue treatment, or to adjust the treatment plan with the
goal of seeing improvement over time. For example, a
decrease in disease severity as determined by a change in
diagnostic score can correspond to a patient’s positive
response to treatment. An increase in disease severity as
determined by a change in diagnostic score can indicate fail-
ure to respond positively to treatment and/or the need to
reevaluate the current treatment plan. A static diagnostic
score can correspond to stasis with respect to disease severity.

Diagnostic scores also can be used to stratify disease sever-
ity. In some cases, individual analyte levels and/or diagnostic
scores determined by the algorithms provided herein can be
provided to a clinician for use in diagnosing a subject as
having mild, moderate, or severe depression. For example,
diagnostic scores generated using the algorithms provided
herein can be communicated by research technicians or other
professionals who determine the diagnostic scores to clini-
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cians, therapists, or other health-care professionals who will
classify a subject as having a particular disease severity based
on the particular score, or an increase or decrease in diagnos-
tic score over a period of time. On the basis of these classifi-
cations, clinicians, therapists, or other health-care profession-
als can evaluate and recommend appropriate treatment
options, educational programs, and/or other therapies with
the goal of optimizing patient care. Diagnoses can be made,
for example, using state of the art methodology, or can be
made by a single physician or group of physicians with rel-
evant experience with the patient population. When a patient
is being monitored after treatment, movement between dis-
ease strata (i.e., mild, moderate, and severe depression) can
indicate increasing or decreasing disease severity. In some
cases, movement between disease strata can correspond to
efficacy of the treatment plan selected for a particular subject
or group of subjects.

After a patient’s diagnostic scores are reported, a health-
care professional can take one or more actions that can affect
patient care. For example, a health-care professional can
record the diagnostic score in a patient’s medical record. In
some cases, a health-care professional can record a diagnosis
of MDD, or otherwise transform the patient’s medical record,
to reflect the patient’s medical condition. In some cases, a
health-care professional can review and evaluate a patient’s
medical record, and can assess multiple treatment strategies
for clinical intervention of a patient’s condition.

A health-care professional can initiate or modify treatment
for MDD symptoms after receiving information regarding a
patient’s diagnostic score. In some cases, previous reports of
diagnostic scores and/or individual analyte levels can be com-
pared with recently communicated diagnostic scores and/or
disease states. On the basis of such comparison, a health-care
profession may recommend a change in therapy. In some
cases, a health-care professional can enroll a patient in a
clinical trial for novel therapeutic intervention of MDD
symptoms. In some cases, a health-care professional can elect
waiting to begin therapy until the patient’s symptoms require
clinical intervention.

A health-care professional can communicate diagnostic
scores and/or individual analyte levels to a patient or a
patient’s family. In some cases, a health-care professional can
provide a patient and/or a patient’s family with information
regarding MDD, including treatment options, prognosis, and
referrals to specialists, e.g., neurologists and/or counselors.
In some cases, a health-care professional can provide a copy
of a patient’s medical records to communicate diagnostic
scores and/or disease states to a specialist.

A research professional can apply information regarding a
subject’s diagnostic scores and/or disease states to advance
MDD research. For example, a researcher can compile data
on MDD diagnostic scores with information regarding the
efficacy of a drug for treatment of MDD symptoms to identify
an effective treatment. In some cases, a research professional
can obtain a subject’s diagnostic scores and/or individual
analyte levels to evaluate a subject’s enrollment or continued
participation in a research study or clinical trial. A research
professional can classify the severity of a subject’s condition
based on the subject’s current or previous diagnostic scores.
In some cases, a research professional can communicate a
subject’s diagnostic scores and/or individual analyte levels to
a health-care professional, and/or can refer a subject to a
health-care professional for clinical assessment of MDD and
treatment of MDD symptoms.

Any appropriate method can be used to communicate
information to another person (e.g., a professional), and
information can be communicated directly or indirectly. For
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example, a laboratory technician can input diagnostic scores
and/or individual analyte levels into a computer-based record.
In some cases, information can be communicated by making
a physical alteration to medical or research records. For
example, a medical professional can make a permanent nota-
tion or flag a medical record for communicating a diagnosis to
other health-care professionals reviewing the record. Any
type of communication can be used (e.g., mail, e-mail, tele-
phone, and face-to-face interactions). Information also can be
communicated to a professional by making that information
electronically available to the professional. For example,
information can be placed on a computer database such that a
health-care professional can access the information. In addi-
tion, information can be communicated to a hospital, clinic,
or research facility serving as an agent for the professional.

In some embodiments, a diagnosis of MDD, stratification
of MDD severity, and/or treatment monitoring for MDD can
be made based on the level of a single analyte. For example,
apolipoprotein CIII levels can be measured in a biological
sample from a subject and the level can be compared to a
control level of apolipoprotein CIIL. If the level measured in
the subject is greater than the control level (e.g., 5%, 10%,
20%, 25%, 50%, 75%, 100%, or more than 100% greater than
the control level), the subject can be classified as having, or
being likely to have, MDD. If the level measured in the
subject is not greater than the control level, the subject can be
classified as not having, or not being likely to have, MDD.
The severity of MDD also can be stratified based on the level
of a single analyte in the subject, and MDD treatment can be
monitored in the subject based on changes in the levels of one
or more single analytes. For example, a diagnosis of MDD,
stratification of MDD severity, or treatment monitoring for
MDD can be made based on the measured level of a single
analyte such as epidermal growth factor, prolactin, resistin, or
apolipoprotein CIII, or combinations of two, three, or all of
those four analytes. It is to be noted that, as for diagnostic
scores, a health care or research professional can take one or
more actions that can affect patient care based on the mea-
sured level of a single analyte (e.g., epidermal growth factor,
prolactin, resistin, or apolipoprotein CIII).

The invention will be further described in the following
examples, which do not limit the scope of the invention
described in the claims.

EXAMPLES
Example 1
Diagnostic Markers of Depression

Methods as described herein were used to develop an algo-
rithm for determining depression scores that are useful to, for
example, diagnose or determine predisposition to major
depressive disorder (MDD), or evaluate response to anti-
depressive therapeutics. Multiplexed detection systems such
as those described herein were used to phenotype molecular
correlates of depression. Preliminary studies indicated the
value in using multiplexed antibody arrays to develop a panel
of biomarkers in populations with MDD. The availability of
biological markers reflecting psychiatric state (e.g., the type
ofpathology, severity, likelihood of positive response to treat-
ment, and vulnerability to relapse) can impact both the appro-
priate diagnosis and treatment of depression. This systematic,
highly parallel, combinatorial approach was proposed to
assemble “disease specific signatures™ using algorithms as
described herein. The algorithm can then be used to deter-
mine the status of individuals and patients previously diag-
nosed with MDD. Table 1 exemplifies an MDD disease-
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specific biomarker library—a collection of tests useful to
quantify proteins expressed in human serum.

Table 1 lists a series of biomarkers that have been evaluated
as individual biomarkers of MDD as well as members of a
disease specific multi-analyte panel. Two statistical
approaches can be used for biomarker assessment and algo-
rithm development: (1) univariate analysis for testing the
distribution of biomarkers for association with MDD; and (2)
linear discriminant analysis (LDA) and binary logistic regres-
sion for algorithm construction.

Univariate analysis of individual analyte levels: Using the
Students T test, serum levels of each of the analytes tested
using Luminex multiplex technology were analyzed for com-
parison of depressed versus normal subjects. The level of
significance was set at p=0.05.

Table 2 lists the biomarker measurements and p values
(determined by an independent T test) for a subset of markers
related to the HPA axis and metabolism.

Table 3 includes a partial list of different groups of meta-
bolic and HPA biomarker combinations that can be used to
generate diagnostic scores. These groups, or combination of
these groups, can be used to diagnose different subtypes of
depression disorder, or select and monitor treatments. In addi-
tion, other markers also can be added to these groups to
further classify patients and develop a series of optimal panels
for patient stratification as well as for diagnosis and manage-
ment of depression.

Table 4 indicates how subsets of a biomarker panel affect
the overall predictability of the resulting panel when the
number of markers was changed from a nine (9) marker panel
to a three (3) marker panel. As is apparent from this table,
removal of some markers from a panel had little effect on the
percentage of correct predictions.

By adding and subtracting analytes and determining the
resultant predictability, the panel is optimized. Depending
upon the criteria set for predictability (e.g., the ability to
properly diagnose vs. the ability to predict the efficacy of an
intervention), clinically valuable information is generated.

TABLE 1

MDD Biomarker Library

Gene Symbol Biomarker Name Cluster

— Cortisol HPA axis
EGF Epidermal Growth Factor HPA axis
GCSF Granulocyte Colony Stimulating HPA axis

Factor

PPY Pancreatic Polypeptide HPA axis
ACTH Adrenocorticotropic hormone HPA axis
AVP Arginine Vasopressin HPA axis
CRH Corticotropin-releasing hormone HPA axis
AlAT Alpha 1 Antitrypsin Inflammation
A2M Alpha 2 Macroglobin Inflammation
ApoC3 Apolipoprotein CIII Inflammation
CD40L CDA40 ligand Inflammation
IL-6 Interleukin 6 Inflammation
IL-13 Interleukin 13 Inflammation
IL-18 Interleukin 18 Inflammation
IL-1ra Interleukin 1 Receptor Antagonist  Inflammation
MPO Myeloperoxidase Inflammation
PAI-1 Plasminogen activator inhibitor-1 Inflammation
TNFA Tumor Necrosis Factor A Inflammation
ACRP30 Adiponectin Metabolic
ASP Acylation Stimulating Protein Metabolic
FABP Fatty Acid Binding Protein Metabolic
INS Insulin Metabolic
LEP Leptin Metabolic
PRL Prolactin Metabolic
RETN Resistin Metabolic

— Testosterone Metabolic
TSH Thyroid Stimulating Hormone Metabolic
BDNF Brain-derived neurotrophic factor ~ Neurotrophic
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Example 2

Depression Biomarkers that Change After Drug
Therapy

The present state of the art for monitoring depression is
based on periodic clinical interviews rather than biological
testing. Placebo effects, poly-pharmacy and inaccuracy of
patient reporting can make it difficult to monitor efficacy and
determine appropriate treatment. As disclosed herein, a biom-
arker panel can be used to predict future clinical outcomes or
suitable dose adjustments based on biomarker measurement.
This establishes the correlation between changes in the biom-
arker and changes in drug exposure, measured as plasma
concentration or dose. One of the challenges is to prospec-
tively plan and properly implement the model and to deter-
mine which metrics of drug exposure and biomarker time
course are able to predict clinical outcomes.

FIG. 4 is a flow diagram depicting a process for using
diagnostic scores to aid in diagnosis, selecting treatments,
and monitoring the treatment process. In this example, mul-
tiple biomarkers are measured from a patient blood sample at
baseline and at time points after initiation of therapy. Since
the biomarker pattern may be different for patients who are on
antidepressants as opposed to cognitive, electroconvulsive, or
behavioral therapy, changes in the diagnostic score toward
that of normal patients are an indication of effective therapy.
As the cumulative experience with therapies increases, spe-
cific biomarker panels and/or algorithms are derived to moni-
tor therapy with specific antidepressants, etc.

Since patients on therapy with antidepressants can become
resistant, patients are monitored periodically by drawing
blood, measuring biomarker levels, and generating diagnos-
tic scores. Such multiple measurements are used to continu-
ally adjust treatment (e.g., dose and schedule), to periodically
assess the patient’s status, and to optimize and select new
single or multiple agent therapeutics. In identifying biomar-
kers that change after initiation of therapy, the optimal experi-
mental design is a prospective clinical trial wherein drug
naive patients are monitored during the course of therapy.
However, cross-sectional studies can be used to identify
biomarkers that are up or down regulated during treatment.
Some examples of MDD biomarkers that are potentially
altered subsequent to antidepressant therapy are shown in
Table 5. While this example focuses on the level of each
protein in serum (or plasma), similar studies can be done on
mRNA expression (e.g., in isolated lymphocytes from
patients undergoing treatment).

TABLE 5

Biomarker values in MDD patients on antidepressant
therapy vs. those not on therapy

TABLE 1-continued
MDD Biomarker Library
Gene Symbol Biomarker Name Cluster 5
S100B S100B Neurotrophic
NTF3 Neurotrophin 3 Neurotrophic
GDNF Glial cell line derived neurotrophic ~ Neurotrophic
factor
ARTN Artemin Neurotrophic 10
TABLE 2
Serum Biomarker Levels in MDD and Normal subjects 15
Biomarker Cluster MDD Control  p value
Cortisol HPA axis 93.8 88.5 0.4
Epidermal Growth Factor HPA axis 306.9 162.5 0.09
Granulocyte Colony HPA axis 11.3 7.9 0.05 20
Stimulating Factor
Pancreatic Polypeptide HPA axis 120.9 75.8 0.1
Adiponectin Metabolic 3.5 3 0.3
Acylation Stimulating Metabolic 16558 11542 0.03
Protein
Fatty Acid Binding Protein ~ Metabolic 0.75 0.7 0.8 25
Insulin Metabolic 13.6 35 0.05
Leptin Metabolic 6.3 3.8 0.2
Prolactin Metabolic 134 0.5 0.04
Resistin Metabolic 1.33 0.85 0.02
Testosterone Metabolic 2.4 2.8 0.2
Thyroid Stimulating Metabolic 2.5 2.3 0.5 30
Hormone
TABLE 3
. . . N 35
Partial List of Biomarker Combinations
(9 member Panels) Marker Combination
Cortisol, ACRP30, PPY, EGF, G-CSF, PRL, RETN, ASP, TSH
Cortisol, ACRP30, EGF, FABP, LEP, PRL, RETN, Testosterone, TSH
Cortisol, ACRP30, EGF, FABP, PPY, PRL, RETN, TSH, Testosterone
Cortisol, ACRP30, EGF, Insulin, PPY, PRL, RETN, TSH, Testosterone 40
Cortisol, ACRP30, G-CSF, INS, PPY, PRL, RETN, TSH, Testosterone
ASP, ACRP30, G-CSF, INS, PPY, PRL, RETN, TSH, Testosterone
ASP, Cortisol, G-CSF, INS, PPY, PRL, RETN, TSH, Testosterone
45
TABLE 4
Example of a Biomarker Combination
and the Predictability of Subsets
% Correct 50
Marker Combination Prediction
A1AT, A2M, ApoC3, EGF, G-CSF, ICAM-1, PRL, RETN, 91.7
TNFA
ALAT, A2M, ApoC3, EGF, G-CSF, ICAM-1, PRL, TNFA 87.5
A1AT, ApoC3, EGF, G-CSF, ICAM-1, PRL, TNFA 89.6 55
A1AT, ApoC3, EGF, ICAM-1, PRL, TNFA 88.5
A1AT, ApoC3, EGF, PRL, TNFA 88.5
ApoC3, EGF, PRL, TNFA 88.5
ApoC3, PRL, TNFA 7.5
.. . . . 60
Individual biomarkers were evaluated in further studies. In
particular, levels of apolipoprotein CIII, epidermal growth
factor, prolactin, and resistin were measured in serum from 50
depressed patients and 20 age-matched normal controls. As
shown in FIGS. 7-10, each of these markers was present at a g5

higher concentration in depressed patients than normal con-
trols.

MDD No MDD +
Biomarker Name Cluster Drug Drug Control
Cortisol HPA axis 91 96 88.5
Epidermal Growth Factor HPA axis 220 365 162.5
Granulocyte Colony HPA axis 12.3 10.2 7.9
Stimulating Factor
Pancreatic Polypeptide HPA axis 138 108 75.8
Adiponectin Metabolic 3.7 33 3
Acylation Stimulating Metabolic 15343 17062 11542
Protein
Fatty Acid Binding Metabolic 4 0.8 0.7
Protein
Insulin Metabolic 8.9 16.9 3.5
Leptin Metabolic 34 7.6 3.8
Prolactin Metabolic 0.96 1.57 0.5
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TABLE 5-continued

Biomarker values in MDD patients on antidepressant
therapy vs. those not on therapy

MDD No MDD +
Biomarker Name Cluster Drug Drug Control
Resistin Metabolic 1.24 1.41 0.85
Testosterone Metabolic 2.31 247 2.8
Thyroid Stimulating Metabolic 2.24 2.78 2.3

Hormone

An example of the raw data for a single biomarker (pan-
creatic polypeptide) is shown in FIG. 5. Each dot represents
an individual subject. The boxes represent the 25 through
75" percentiles, while the whiskers indicate the 5% and 95"
percentiles. In this case, it appeared that the mean values of
serum pancreatic polypeptide in patients on antidepressants
were similar to serum pancreatic polypeptide levels in normal
subjects.

While this exercise suggests that serum levels of certain
individual markers may change upon therapy, this was a
cross-sectional study that did not take into account how
therapy may affect individual patients.

It was proposed to monitor therapy by measuring groups of
biomarkers at baseline and at time points after initiation of
therapy. By way of example, FIG. 6 shows the distribution of
blood levels of marker X in a hypothetical series of six MDD
patients before and after treatment. The first point to be made
from this graph is that the concentration of marker X is higher
in untreated MDD patients as opposed to control subjects.
Second, the levels of marker X in the MDD patients after
treatment is similar to that of controls. The Student’s t-Test is
then used to compare two sets of data and to test the hypoth-
esis that a difference in their means is significant. The differ-
ence in the means is of statistical significance on the basis of
how many standard deviations that they are apart. The dis-
tance is judged significant using Student’s t-statistic and its
corresponding probability or significance that the absolute
value of the t-statistic could be this large or larger by chance.
In addition, the t-Test takes into account whether the popula-
tions are independent or paired. An Independent t-Test can be
used when two groups are thought to have the same overall
variance but different means. It can provide support for a
statement about how a given population varies from some
ideal measure, for example how a treated group compares
with an independent control group. The independent t-Test
can be performed on data sets with an unequal number of
points. The paired test is executed only when two samples are
of equivalent size (i.e., same number of points). It assumes
that the variance for any point in one population is the same
for the equivalent point in the second population. This test can
be used to support conclusions about a treatment by compar-
ing experimental results on a sample-by-sample basis. For
example, this can be used to compare results for a single
group before and after a treatment. This approach can help to
evaluate two data sets whose means do not appear to be
significantly different using the Independent t-Test. This test
is performed only if the two data sets have an equal number of
points. During the test(s), the Student’s t-Statistic for mea-
suring the significance of the difference of the means is cal-
culated, and the probability (p-value) that the t-Statistic takes
on its value by chance. The smaller the p-value, the more
significant the difference in the means. For many biological
systems, a level of significance of p>0.05 represents the prob-
ability that the t-Statistic is not achievable just by chance.

10

20

40

45

16

For example, application of the Student’s t-Test to the data
in FIG. 6, where there are equal number of points, showed that
the difference in marker X expression between control sub-
jects and patients with MDD was statistically significant
(p=0.002), and the difference pre- and post-treatment also
was significant (p=0.013). Lastly, there was no statistically
significant difference between the control group and the
MDD patients after treatment (p=0.35)

Such data can be used to obtain a frequency distribution of
the data for the variable. This is done by identifying the lowest
and highest values of the variable and then putting all the
values of the variable in order from lowest to highest. The
number of appearances of each value of the variable is a count
of'the frequency with which each value occurs in the data set.
For example, if the MDD score is calculated using the algo-
rithm, the patient population can be placed into groups having
the same MDD score. If the 25 patients are monitored before
and after treatment, one can establish what the frequency is
for each MDD score and ascertain whether the treatment is
effective. Table 6 presents an example of data in which the
MDD scores were established at baseline and at week 4 post
treatment (Rx). As can be seen, the number of patients with
high scores (9 and 10) decreased from 13 to 6 after treatment,
with a concomitant increase in the lower range of MDD
scores (6 and 7) from 6 to 13, indicative of treatment efficacy.

TABLE 6
MDD Score # Pts before treatment # Pts after treatment
6 2 6
7 4 7
8 6 6
9 9 5
10 4 1

Other Embodiments

It is to be understood that while the invention has been
described in conjunction with the detailed description
thereof, the foregoing description is intended to illustrate and
not limit the scope of the invention, which is defined by the
scope of the appended claims. Other aspects, advantages, and
modifications are within the scope of the following claims.

What is claimed is:

1. A process for diagnosing a human subject as having a
depression disorder, comprising:

(a) performing an immunological assay to measure the
level of each of EGF, resistin, and cortisol in a blood
sample from the subject;

(b) comparing the measured levels of EGF, resistin, and
cortisol with control levels of EGF, resistin, and cortisol,
respectively, in blood samples; and

(c) diagnosing the subject as having said depression disor-
der when said measured levels of EGF, resistin, and
cortisol are higher than said control levels.

2. The process of claim 1, wherein said depression disorder

is major depressive disorder.

3. The process of claim 1, wherein said sample is a serum
sample.

4. The process of claim 1, wherein said sample is a plasma
sample.

5. The process of claim 1, wherein the control levels are
levels of EGF, resistin, and cortisol in normal human subjects
who do not have depression.

* * % Ed *
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