Statistical Modeling of Major Depression: Bridging the Gap between Brain and Behavior
Ien Li
PERSONAL
One memory that resonates with me occurred the summer I turned twelve, when my family visited our home
country, Taiwan, for the first time in a decade. There, amidst the elation of reunion, I also received staggering news: I had
developed severe idiopathic scoliosis.
Before I knew it, I was encased in a thick plastic back brace, 22 hours a day for the next 5 years. The ensuing triannual x-ray appointments served as a constant reminder of my self-perceived deformity. I lived with the constant terror of
bumping into someone in the school hallway and watching him or her turn around and gasp, pointing a degrading finger at
the stretch of Velcro spanning my collar bone. In the event that my condition worsened, threats of invasive surgery
prompted me to conduct my first “scientific” investigation at age 12. The results of this inquiry, however, would haunt me
for many nights. Learning about the true gravity of such a procedure—the permanent insertion of metal rods in my spine
and the risk of paraplegia—compelled me to take matters into my own hands. Practicing good posture, stretching daily, and
beginning physical therapy at home transformed me from an insecure and diffident tween into a determined and purposeful
young adult. I moved past my aforementioned fear. Over time, I’ve learned to sit straighter, stand taller, speak my mind,
and appreciate the plastic friend that still supports me at night.
It was in coming to terms with my struggle that I realized my passion for scientific research, a discipline that has
allowed me to meet and collaborate with incredible scientists, and has pushed the boundaries of what I deemed achievable.
Initially, in pursuit of research opportunities, I had emailed letters to fifty-five prominent researchers, whose published
works I greatly admired. Yet three-quarters of the scientists to whom I reached out never responded. And the few who
replied informed me of their near retirement or foreign travels that would conflict with mentorship. Not ready to abandon
my dreams, I learned about the prestigious Stony Brook University Simons Summer Research Program and spent weeks
upon weeks writing and perfecting my application. No one from my school had been selected for this program in years, and
even my science research teacher warned me not to have high hopes.
Two months later, to my amazement, I was accepted into the Simons Program. Surrounded by dedicated scientists
and cutting-edge technology, I pursued my passion last summer by conducting novel psychiatric research in the field of
neuroimaging. I sought to bridge the gap between brain and behavior by elucidating the neuroanatomy underlying
depression symptomatologies. I also seized this opportunity to enrich my personal knowledge. Much to my mentor’s
surprise, I begged to return to her laboratory on the weekends to improve my skills in statistical analysis, a technique
essential to my investigation but neither heavily covered nor practically applied in classroom settings. My desire to learn
and absorb motivated me to develop a project, write papers for journal publication, and present my findings to the scientific
community. Research brought me renewed curiosity, a stronger sense of purpose, and a skillset that will prove invaluable
throughout my scientific career.
Evidently, overcoming scoliosis was a stepping stone to bigger and brighter dreams and aspirations. Thus I do not
believe in coincidence; hardships are merely opportunities for self-discovery in disguise. By pursuing these opportunities, I
will continue my quest for the thrill of both scientific breakthrough and finding myself.
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ABSTRACT
Despite decades of research, the pathophysiology of major depressive disorder (MDD), as well as its
laterality effects, is not well characterized. Further, response and remission rates to antidepressants are low.
Development of novel medication targeting neural substrates requires greater understanding of the biological
correlates of depression’s clinical presentations. The present project identified the biological underpinnings of
specific depressive symptoms deconstructed from the 17-item Hamilton Depression Rating Scale (HAM 17),
through the integration of neuroanatomical and psychological measures. Neuroimaging and clinical data (n=46)
were obtained from a large, multicenter imaging study. Using the Statistical Package for Social Sciences
(SPSS), linear regression models were developed to predict severity of MDD symptoms, calculated as factors of
HAM17. Number of major depressive episodes (p=.001) and left-handedness (p=.047) positively correlated with
total HAM17; no biological measures (extracted from the images) were significant HAM 17 predictors. Further,
different neurobiological anomalies predicted distinct symptom clusters, which may underlie the heterogeneity
of MDD biosignatures. Due to the variability of depression, dimensional deconstruction of HAM 17 may be
essential for determining structural correlates of specific psychological manifestations. Incorporation of
neuroimaging technology and clinical observation may aid in future recruitment of more anatomically and
symptomatically homogeneous cohorts for treatment optimization. Further, identifying anatomical biomarkers
of distinct depressive phenotypes may guide development of novel therapeutics, establish systematic treatment
algorithms based on both psychological and biological evidence, and elucidate the relationship between brain
and behavior in complex mental diseases, which still eludes the field of psychiatry today.

INTRODUCTION
Psychiatric medications today have improved little in the past half century, 1-6 despite the growing
statistic that one in four Americans is diagnosed annually with mental illness.4 The three major classes of
psychiatric drugs currently in use—antidepressants, antipsychotics, and anxiolytics—were discovered
serendipitously in the 1950’s and 1960’s.3,4,6-8 Second-generation “me too” drugs, boasting subtle alterations4
have failed to better public mental health.2 At best, antidepressants exert modest therapeutic effects after 6
weeks of adherence, exacerbating an illness that already has both the single greatest burden of disease5 and the
leading rank in cause of disability worldwide.9 In fact, not a single novel, scientifically-developed psychiatric
drug has entered the market in more than three decades, 8 due to the lack of new molecular targets6,8 which, in
turn, is attributed to the lack of insight into the pathophysiology of mental disorders.2,5,8 Continued ambiguity
regarding the molecular actions of psychiatric drugs in combating symptoms4 has further driven pharmaceutical
industries away from supporting expensive and reputedly “unpromising” clinical research for psychiatric
therapeutics.4,6
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Mental illnesses are poorly addressed by psychopharmacology, which has assumed that individuals
diagnosed with the same mental disorder will present similar behavioral symptoms and biological abnormalities
and thus respond to the same treatments. 5,10 Due to the highly heterogeneous and polygenic nature of mental
disorders such as major depressive disorder (MDD),6,11 a simple “cure-all” treatment modality for all the
variable forms of MDD appears unlikely.4,5,11 Covering an extensive range of fluctuating symptoms,4,6 the
American Psychiatric Association’s DSM-V (Diagnostic and Statistical Manual of Mental Disorders, 5 th edition)
criteria for MDD diagnosis12 allows for approximately 1,497 different combinations of clinical profiles
categorized as MDD, with profiles exhibiting only a single symptom—depressed mood—in common. 13
Classification of different depressive presentations under a “one-size-fits-all” category has resulted in
the recruitment of inconsistent subject pools, crippling the validity and robustness of clinical research findings
as well as rendering uncertain the biological mechanisms at play. 10,14 The overt heterogeneity of major
depression has become notably cited as a major contributor to ambiguous outcomes in pathophysiological
analyses,11 delayed progress in understanding the underlying neurobiology of MDD,2,11,15-17 and consequently
resulted in the inability to move past trial-and-error treatment.13,18 It is unknown in advance which treatment
modalities, including electroconvulsive therapy, vagal nerve stimulation, transcranial magnetic stimulation,
cognitive behavior therapy, and various antidepressant medications,19,20 will induce remission and recovery in a
particular individual.21 The lack of an established algorithm for the selection of optimal treatment modalities,
both after initial diagnosis and after unsuccessful trials of medication, contributes to longer and unnecessary
suffering, high rates of treatment dropouts, elevated cost burden, 22 and worsening of comorbidities. 21
Since drugs act by targeting molecules in a disease pathway, future psychiatric drug development will
require greater understanding of the basic neurobiological principles governing psychiatric disease.4,5
Furthermore, as current psychiatric nosology impedes progress in clinical research,6 it has thus been proposed
that stratifying depression and evaluating treatment response from more symptomatically patient subgroups may
elucidate the neural processes underlying specific behavioral phenotypes.3,8 Notably, the National Institute of
Mental Health’s (NIMH) 2009 launch of the ongoing Research Domain Criteria (RDoC) project 15 entails further
discoveries in genomics, clinical assessment, and neuroscience in order to clarify mechanisms of various
dysfunctions that will inform treatment optimization in the decades ahead.
Biomarkers identified from brain mapping may offer important insights into targetable biological
substrates for novel therapeutic development. 6,8,23 Neuroimaging techniques, such as structural and diffusionweighted magnetic resonance imaging (MRI), hold great potential in the search for biological underpinnings of
MDD.23 MRI, an imaging modality in widespread use, allows in vivo neuroanatomical analysis of the brain
pathophysiology associated with complex disorders.24 Among studies employing structural MRI, some have
demonstrated abnormal cortical thickness values, which measure the distance between the gray matter/white
matter surface and the pial surface,17,25-28 while others have also reported volumetric reductions in cortical gray
matter regions,29-32 such as gyri of the caudal middle frontal and medial orbitofrontal,33,34 and in subcortical
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regions, such as the amygdala and hippocampus,19,35-39 as MDD correlates. Nevertheless, cortical thickness and
volumetric findings remain highly variable across studies.29,33 Laterality effects of depression are also not well
characterized (Qiu, personal communication, July 2014),35,38 though some imaging studies have observed more
robust structural deficits in the right compared to the left cerebral hemisphere25,26,34 with greater MDD
severity.35,40
Diffusion tensor imaging (DTI), an MRI technique, provides estimates of white matter integrity and
health, which are affected in MDD.41,42 Fractional anisotropy (FA) is a DTI-derived measure that quantifies the
directionality of water diffusion along neural (white matter) tracts and helps identify microstructural
anomalies.41,43 Measurement of water diffusion can be used to estimate axon organization and degree of
myelination in major neuronal fiber pathways, revealing specific tissue properties. 42,44 A consistent trend of
reduced FA, signifying decreased integrity or number of nerve fibers in depressed individuals, has been noted
across literature.43,45,46
Biomedical advancements such as brain imaging bring promise to the clarification of psychiatric
pathogenesis, without which novel and improved mechanistically-designed drugs are unattainable.8 Imaging
biomarkers to target for diagnosis and treatment may guide paradigm shifts in more personalized and effective
medication development.22,47 For the nearly two-thirds of MDD patients who do not respond to the first
medication prescribed,20 a new generation of neuroscience-based psychiatric therapeutics2 is essential.
Ambiguity among MDD-related neurobiological findings suggests a variability in depression itself11 and
that multiple modalities of imaging and clinical assessment may be required to understand the disease. 23 Even
when specific brain substrates and functional alterations give rise to depressive symptoms, quantification of
MDD severity relies solely on clinical observations of depressive behavior, which can be quantified using scales
such as the clinician-rated Hamilton Depression Rating Scale.48 Originally developed for psychiatric patients
diagnosed with unipolar and bipolar affective disorder,49 the Hamilton scale remains the most widely used
behavioral-based research tool for measuring depression severity. 50 Yet the sum Hamilton score does not explain
for the individual symptoms that cause the diagnosis. To address this, factor analyses can isolate phenotypic
features and determine the independent contributions of symptom clusters in the final sum score.51 As the
Hamilton scale possesses good reliability and internal consistency,52 separating the sum score into individual
items or dimensional factors has been proposed as a valid approach for investigating symptom-specific
anatomical aberrations.8,16,50,53
Because the neuroanatomical correlates of various depressive behaviors are still unclear, combining
neuroimaging and clinical observation may elucidate the different pathophysiological processes of various MDD
phenotypes. The personalization of treatment selection and clinical management may require deconstructing
MDD into multiple dimensions or symptom clusters16 from summed Hamilton scores. Using a dimensional
approach integrating neuroanatomical and psychological data to address depression’s heterogeneous nature, this
study investigates the biological footprints of specific depressive behaviors. As individual symptoms exhibit
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different characteristics and are subject to different risk factors,53 it was hypothesized that different
neurobiological anomalies, as extracted from MRI and DTI, would be related to different symptoms of MDD.
This paper thus aims to bridge the gap between neuroscience and behavior, in order to enhance current
understandings of both biological and symptomatic heterogeneity in major depression.
Table 1. Training set demographics and clinical characteristics (n=46).
Characteristic

METHODS
Participants
MRI, DTI, and clinical data were
processed from the cohort of a multisite
imaging study in which depressed subjects
receive MRI and DTI imaging. Data were
divided into a MDD training set (n=46;
Table 1) and a MDD validation set (n=93),
which is currently being used for crossvalidation. Clinical diagnosis of nonpsychotic MDD was conducted using the
Structured

Clinical

Interview

for

Diagnostic and Statistical Manual of

Mean (SD)

Sex (M:F)
17:29
Characteristic
Mean (SD)
Age, years
37.0 (12.4)
Sex (M:F)
17:29
Race (White: Black: Asian: American Indian/ Alaska Native: Other) 31:10:4:1:0
Age, years
37.0 (12.4)
Education, years
14.7 (2.1)
Race (White: Black: Asian: American Indian/ Alaska Native: Other) 31:10:4:1:0
Employment (Full time: Part time: Unemployed: N/A)
9:9:27:0
Education, years
14.7 (2.1)
Age of MDD onset
15.7 (6.3)
Employment (Full time: Part time: Unemployed: N/A)
9:9:27:0
Number of MDEs
17.1 (29.0)
Age of MDD onset
15.7 (6.3)
HAM17 score
19.1 (4.4)
Number of MDEs
17.1 (29.0)
Factor 1, Psychic Depression
13.2 (3.2)
HAM17 score
19.1 (4.4)
Factor 2, Loss of Motivated Behavior
2.4 (1.7)
Factor 1, Psychic Depression
13.2 (3.2)
Factor 3, Psychosis
6.2 (2.0)
Factor 2, Loss of Motivated Behavior
2.4 (1.7)
Factor 4, Anxiety
1.4 (1.2)
Factor 3, Psychosis
6.2 (2.0)
Factor 5, Sleep Disturbance
5.7 (1.9)
Factor 4, Anxiety
1.4 (1.2)
Medication (medicated; not medicated)
15:31
Factor 5, Sleep Disturbance
5.7 (1.9)
MDD, major depressive disorder; SD, standard
deviation; MDE, major depressive episodes;
Medication
(medicated; not medicated)
15:31
HAM17, 17-item Hamilton Depression Rating Scale

Table
Medication
1. Training
status, set
as demographics
defined by MGH-ATRQ,
and clinical
checked
characteristics
for any medication
(n=46). since
beginning of current MDE or, if chronic, in past 2 years.

th

Mental Disorders, 4 edition (DSM-IV), Axis I, Patient Version (SCID-I/P) criteria. Individual symptomatology
MDD, major depressive disorder; SD, standard deviation; MDE, major depressive episodes;

was assessed using the 17-item Hamilton Depression
Rating
ScaleDepression
(HAM 17
).48 Exclusion
criteria for participants
HAM17, 17-item
Hamilton
Rating
Scale


Medication status, as defined by MGH-ATRQ, checked for any medication since

included current obsessive-compulsive disorder,
life-time
history
Axis Iinpsychotic
beginning
of current
MDE or,ofif chronic,
past 2 years. disorders, history of poor

treatment response at adequate doses for adequate durations as determined by Massachusetts General Hospital
Antidepressant Treatment History Questionnaire (MGH-ATRQ), severe liver disease, pregnancy, epilepsy, any
unstable general medical condition, high suicide risk, substance dependence 6 months prior to enrollment
(excluding nicotine), substance abuse in the last 2 months, and history of vagal nerve stimulation,
electroconvulsive therapy, or repetitive transcranial magnetic stimulation during index episode. All patients
had MDD onset at <30 years of age. Informed consent was obtained prior to study participation and after a full
explanation of the protocol.
MRI Acquisition Protocol
MR images were collected at 5 imaging centers and 6 different MRI scanners. The same magnetic field
strength, 3T, was used in all centers, as well as an eight-channel head coil, except for two sites. High-resolution
3D T1-weighted magnetization prepared rapid acquisition gradient echo (MPRAGE) images were acquired with
the following parameters: echo time = 2.36-3.73 ms; repetition time = 6.08-2300 ms; flip angle of 9°-178°
contiguous 1 mm-thick sagittal slices of 256 × 256 voxels; field of view = 25.6 × 25.6 cm2.
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DTI images were collected using either a double-refocused spin echo sequence or a single-shot spin
echo Echo-Planar Imaging (EPI) sequence, with the following parameters: echo time = 96.3-95; repetition time
= 8310-9500; field of view = 24 × 24 cm2; slice thickness = 2.5 mm; voxel size = 2.5 × 2.5 × 2.5 mm3; matrix
size = 128 × 128 or 96 × 96 for MGH and SBU; diffusion directions = 64.
Data Processing
Cortical thickness and volumetric analyses were performed using the Desikan-Killiany anatomical atlas
(34 regions per hemisphere)54 for cortical segmentation, and the “aseg” atlas for subcortical segmentation55 of
axial and coronal MRI views in FreeSurfer (ver. 5.3, Massachusetts General Hospital, Boston, US). Procedures
in FreeSurfer have been detailed in previous publications. 56 Briefly, the automated procedure includes removal
of non-brain tissue, transformation of the subject brain image into a common space, intensity normalization,
segmentation of gray and white matter, surface reconstruction and inflation, intensity correction, and cortical
and subcortical parcellation. All segmentations and assigned neuroanatomical labels underwent systematic and
careful visual inspection by experienced research technicians. Subjects whose images exhibited poor tissue
contrast or erroneous surface outlines for more than 7 slices across the axial and coronal views were removed
from the sample. Images were then registered to a common surface template, aligning the sulci and gyri
optimally. Volumes and cortical thickness estimates of anatomical regions were calculated. Cortical thickness
was defined as the shortest distance between the gray matter-white matter surface and the pial surface. 56 DTI
was used to estimate FA values at every point in the brain, which were averaged over FreeSurfer-derived
regions to compute regional average FA measures, as described previously.57
A well-established asymmetry index, defined as

𝐿−𝑅
𝐿+𝑅

× 100, was computed to assess differences in both

volume and cortical thickness metrics for homologous brain structures between hemispheres. 58,59 The resulting
range from -100 to 100 denoted larger right to larger left, respectively.58
Predicted Variables
The individual items of the HAM17 were used to calculate the severity of previously determined
symptom clusters, which are labeled Factors 1 through 5.60,61 Six models were built which related imaging data
to the following: HAM17, Factor 1 (Psychic Depression, items 1-3, 8, 22-24, signifying depressed mood, guilt,
suicidality, retardation, helplessness, hopelessness, worthlessness), Factor 2 (Loss of Motivated Behavior, items
7, 12, 14, 16, including work and activities, somatic and genital symptoms, weight loss), Factor 3 (Psychosis,
items 17, 19-21, containing lack of insight, depersonalization, derealization, paranoia, obsessive and compulsive
behavior), Factor 4 (Anxiety, items 9-11, 15, involving agitation, hypochondrias, psychic or somatic anxiety),
and Factor 5 (Sleep Disturbance, items 4-6, indicative of insomnia), respectively.60,61
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Statistical Analyses
Statistical analyses with the Statistical Package for Social Sciences (SPSS; ver. 22, IBM SPSS Statistics
for Windows, Armonk, NY) consisted of Pearson’s and partial correlations, the latter using total brain volume
and/or Edinburgh Handedness Inventory score62 as covariates for regional brain measures and asymmetry
measures respectively. More positive values of the Edinburgh scale signify increased right-handedness. Missing
values were replaced with the mean. Relationships between imaging data such as cortical gray matter volumes,
gray matter volumetric asymmetries, subcortical volumes, subcortical volumetric asymmetries, cortical
thicknesses, cortical thickness asymmetries, and white matter FA values, and between clinical variables, such as
number of major depressive episodes (MDEs) and Edinburgh Handedness Inventory score, were investigated;
significance was set at p<.05.
Model Development
For model development using the training dataset, candidate predictors with the lowest p-values, as
obtained from the aforementioned bivariate analyses, and/or evident predictor relevance based on previous
literature, were selected.63 Inter-variable correlations were subsequently conducted; for each highly correlated
pair (R2>0.6), only the predictor more strongly correlated with the outcome variable was retained to address
multicollinearity.64
Implementation of the forward-stepwise procedure for automatic linear modeling in SPSS, with the
inclusion of covariates total brain volume and Edinburgh Handedness Inventory score, yielded 2-7 variables per
model for predicting HAM17 and HAM17-derived symptom factors.60,61 Using Akaike’s Information Criterion
Corrected (AICC), the forward stepwise method enters predictors singularly, removing variables that do not
significantly increase the residual sum of squares, in order to prevent overly complex models. 65 Final brain
regions in each model were depicted on surface-based models from a randomly selected, processed dataset,
using 3D Slicer ver. 4.66

RESULTS/ DISCUSSION
Model 1: Hamilton Depression Rating Scale Score
HAM17, as aforementioned, is an extensively-used clinical research tool for examining depression
severity and changes in severity in response to treatment. 48 Model 1 utilized HAM17 scores as the outcome
variable to identify any robust brain abnormalities associated with MDD pathogenesis (Fig. 2). The number of
previous major depressive episodes (MDEs) demonstrated high predictive importance for HAM 17 in Model 1
(p=.001; Table 2). Increased number of MDEs was highly associated with greater overall MDD severity ratings,
as recent studies have observed.67 Depressive episodes putatively induce brain tissue damage and influence
physiological function, perpetuating patient symptoms. 68
Left-handedness, as indicated by the negative coefficient of the Edinburgh Handedness Inventory score,
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was also a measure of high predictive value for HAM17 (p=.047; Table 2). Previous studies have concluded that
left-handers were more likely to develop depression and subsequently exhibit more severe symptoms than nonleft handers, due to either shared genetic factors underlying depression and abnormal lateralization 69 or
differences in hormone levels.70 Though increased frequency of left-handedness in individuals with mood
disorders was not observed in another study, 71 it is evidenced that the influence of handedness on depression

laterality and emotional processing (Qiu, personal communication, July 2014).
Table 2. Predictors for Model 1 using automatic linear modeling. The final model built in SPSS
to predict HAM17 included 2 clinical variables. No neurobiological measures from MRI or DTI
emerged as important predictors for overall depression severity, indicating the need for
deconstructing HAM17 scores into separate symptom clusters to reveal MDD-related brain
abnormalities.
Model Term
Final Model

Predictor Importance Coefficient§ SE§ P value Target Variable
.002**

Intercept

21080

Number of MDEs

1703 <.001***

0.75

72.8

20.3

.001***

Edinburgh Handedness Inventory 0.25

-41.6

20.3

.047*

HAM17

§=values multiplied by 103; SE, standard error; HAM17, 17-item Hamilton Depression Rating Scale; MDE, major
depressive episodes; ***p≤.001; *p<.05

Predicted HAM17 score

severity warrants further investigation, in order to better comprehend MDD’s association with abnormal
35
30
25
20
15
10
10

15

20

25

30

35

HAM17 score
Figure 2. Scatter plot for HAM17
actual
versus
model-predicted
scores. HAM17 predictions by Model
1 were significant (p=.002). Trend
line and identity line are denoted in
black and blue, respectively.

Strikingly, neurobiological measures did not emerge in Model 1 as important variables for predicting
illness severity (Table 2). Table 2 evidences that HAM17, as a sum score of symptoms, may fail to reflect
relevant brain changes due to the variability of pathophysiology associated with different psychological
manifestations.16,52 A general evaluation of MDD severity may hide anatomical anomalies specific to individual
symptoms. It is also posited that due to the polymorphic and multifactorial nature of depression, there may not
be any explicit and robust brain anomalies shared by all forms of diagnosed depression.53 The breakdown of
HAM17 into multiple dimensions is thus necessitated for identifying any biological correlates associated with
specific MDD-related symptom clusters.

Model 2: Factor 1, Psychic Depression Severity
MRI-derived estimates of gray matter volume and cortical thickness significantly predicted the severity
of psychic depression—Factor 1 (p<.001; Table 3; Fig. 4). The volume of the posterior corpus callosum (Fig. 3),
which connects visual areas in the occipital lobe, 72 was positively correlated with Factor 1 (p=.001; Table 3),
coinciding with previous findings of posterior corpus callosum expansion in depressed individuals.73 As altered
callosal sizes have also been indicated in bipolar disorder, 74,75 it is suggested that corpus callosum anomalies
may lead to cognitive and emotional deficits, due to altered interhemispheric connectivity between key regions
implicated in mood disorder pathophysiology. 76
Greater left than right cortical thickness of the parahippocampal gyrus (Fig. 3) was also associated with
more severe psychic depression (p=.007; Table 3). Pantelis et al.77 reported decreased gray matter in the right
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parahippocampal cortex in high-risk individuals who eventually developed psychosis compared to those that did
not. Reduced gray matter in the right parahippocampal gyrus was also observed separately in first-episode MDD
patients and MDD patients with comorbid anxiety disorder, 78 suggesting a spectrum of related psychopathologies
that may share the same neural dysfunctions and require similar treatment. Notably, the functions of the
parahippocampus include linking contextual processing to emotional understanding, 79 as well as receiving and
relaying perceptual information among the hippocampus and association cortices. 80 Recent hypotheses of
atypical associative activation underlying mood disorders80 entail investigation in the functional, in addition to
structural, abnormalities of the parahippocampus in MDD.
Table 3. Predictors for Model 2 using automatic linear modeling. The final model built in SPSS to predict Factor 1
included MRI-derived measures. Posterior corpus callosum enlargement, rightward cortical volume increases, and leftward cortical thickness asymmetry in the parahippocampal gyrus served as important predictors for psychic depression.
Predictor Importance Coefficient§ SE§ P value Target Variable
<.001***

Model Term
Final Model
Intercept
Vol of posterior corpus callosum

0.35

Gray vol asym of posterior cingulate 0.26

7330

2610

.008**

8.54
-181

2.34

.001***

56.9

.003**

CT asym of parahippocampal gyrus

0.22

199

69.2

.007**

Gray vol of R frontal pole

0.10

-3.16

1.61

.057

CT asym of pars orbitalis

0.07

-141

85.4

.106

Factor 1:
Psychic
Depression

§=values multiplied by 103; SE, standard error; vol, volume; asym, asymmetry; CT, cortical thickness; R, right; ***p≤.001; **p≤.01
Post Cing Asym
Post
CC

Pars Orb
Asym

R Fr Po

Parahip
Asym Anterior

Pars Orb
Asym

Parahip Asym

= Gray Matter Volume/ Subcortical Volume
= Cortical Thickness

R Fr Po

Right Lateral
0.1
0.001
Predictor P-Value

Figure 3. Regional brain abnormalities significantly correlated with
Factor 1 (Psychic Depression). Statistical significance ranking of
individual predictors is indicated from light to dark blue, covarying for
total brain volume and Edinburgh Handedness Inventory score. R, right;
Asym, asymmetry; Post Cing, posterior cingulate; Fr Po, frontal pole; Pars
Orb, pars orbitalis; Post CC, posterior corpus callosum; Parahip,
parahippocampus.

Predicted Factor 1

Post Cing Asym

19
17
15
13
11
9
7
5
5

10

15

20

Factor 1
Figure 4. Scatter plot for Factor 1
actual versus model-predicted
scores. Factor 1 predictions by
Model 2 were significant (p<.001).
Trend line and identity line are
denoted in black and blue,
respectively.

Model 3: Factor 2, Loss of Motivated Behavior Severity
Loss of motivated behavior, predicted by Model 3 (p<.001; Table 4; Fig. 6) includes psychomotor
retardation, weight loss, and genital and somatic symptoms. 58 Cortical thinning in the left lingual gyrus (Fig. 5)
was the most highly correlated predictor of Factor 2 (p=.003; Table 4). Also demonstrated previously in suicidal
attempters and non-attemptors with borderline personality disorder, 81 reduced lingual gray matter concentrations
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may implicate altered processing of emotional facial expressions and stimuli underlying mood disturbance.81,82
Further, the shared biology may offer a prospective clinical target in both depression and personality disorders.
Table 4. Predictors for Model 3 using automatic linear modeling. The final model built in SPSS to predict Factor 2
consisted of cortical thickness measures. Cortical thinning in the left lingual gyrus, as well as the left pars triangularis
and entorhinal cortex relative to the right significantly correlated with loss of motivated behavior in MDD.

Predictor Importance Coefficient§ SE§ P value Target Variable
<.001***

Model Term
Final Model
Intercept
CT of L lingual

0.41

11900

2470 <.001***

-4120

1280

.003**

CT asym of pars triangularis 0.37

-286

93.8

.004**

CT asym of entorhinal

-112

47.7

.025*

0.22

Factor 2:
Loss of
Motivated
Behavior

§=values multiplied by 103; SE, standard error; asym, asymmetry; CT, cortical thickness; L, left; ***p≤.001; **p<.01; *p<.05

Pars Tri
Asym

L Ling

Anterior

Ent
Asym

= Cortical Thickness

Ent Asym
Right Lateral
0.1
0.001
Predictor P-Value

Figure 5. Regional brain abnormalities significantly correlated with
Factor 2 (Loss of Motivated Behavior). Statistical significance ranking
of individual predictors is indicated from light to dark blue, covarying for
total brain volume and Edinburgh Handedness Inventory score. R, right; L,
left; Asym, asymmetry; Pars Tri, pars triangularis; Ent, entorhinal; Ling,
lingual.

Predicted Factor 2

8

Pars Tri Asym

6

4
2
0
0

2

4

6

8

Factor 2
Figure 6. Scatter plot for Factor 2
actual versus model-predicted
scores. Factor 2 predictions by
Model 3 were significant (p<.001).
Trend line and identity line are
denoted in black and blue,
respectively.

Model 3 (Fig. 5) also revealed rightward relative to leftward cortical thickening of the pars triangularis
(p=.004) and entorhinal cortex (p=.025; Table 4), which is consistent with the increased right-hemisphere
cortical thicknesses observed previously among first-episode MDD patients.17 Though the specific mechanisms
for hemisphere-specific cortical thickening remain to be elucidated,17 it may be important to note that
handedness did not emerge as a significant predictor in the analysis of Factor 2, suggesting that regional cerebral
asymmetries, compared to functional lateralization such as hand preference, 70 may be more relevant to loss of
motivation. It is also possible that these laterality effects are a proxy for functional correlates.

Model 4: Factor 3, Psychosis Severity
Cortical thickening of the left entorhinal cortex (p=.001; Fig. 7) emerged as the most important
predictor of Factor 3—psychosis—which involves depersonalization, paranoia, and obsessive and compulsive
behavior58 (Table 5; Fig. 8). Smaller entorhinal cortex volumes have been demonstrated in MDD remitters
compared to non-remitters,83 signifying that an abnormally large entorhinal structure may be characteristic of
psychotic major depression severity. Though the entorhinal cortex remains relatively understudied in regards to
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depression,83 abnormalities in the entorhinal gyrus have been related to MDD pathophysiology and treatment
resistance. 84 Previous studies have reported cortical thinning in the right 85 and left 86 entorhinal gyri in
schizophrenics, suggesting that a thicker entorhinal cortex may be neurobiological distinction of MDD,
informative of treatment differentiation between the two disorders.
The second most-weighted variable in Model 4 was the FA of left superior parietal white matter
(p=.016; Fig. 7), which showed a negative linear relationship with psychosis, consistent with the robust
reductions of cortical white matter FA observed in MDD.45,87
Table 5. Predictors for Model 4 using automatic linear modeling. The final model built in SPSS to predict Factor 3
included MRI and DTI variables. Cortical thickening, in addition to decreased cortical and increased subcortical FA
values, were highly predictive of MDD-related psychotic symptoms.

Predictor Importance Coefficient§ SE§ P value Target Variable
<.001***

Model Term
Final Model
Intercept

-5480

CT of L entorhinal

2970

.073

0.43

1130

327

.001***

FA of white L superior parietal 0.23

-9750

3890

.016*

FA of R choroid plexus

0.13

14000

7350

.064

FA of R vessel

0.11

6710

3840

.088

FA of R thalamus proper

0.10

9290

5570

.103

Factor 3:
Psychosis

§=values multiplied by 103; SE, standard error; CT, cortical thickness; L, left; R, right; FA, fractional anisotropy; ***p≤.001; *p<.05
L Sup Par

R Ch
Plex

R Ch
Plex
R Ves
Anterior
= Fractional Anisotropy
= Cortical Thickness

5

R Th Prop

Predicted Factor 3

R Th Prop

R Ves

L Ent
Right Lateral

0.1
0.001
Predictor P-Value

Figure 7. Regional brain abnormalities significantly correlated with
Factor 3 (Psychosis). Statistical significance ranking of individual
predictors is indicated from light to dark blue, covarying for total brain
volume. R, right; L, left; Ent, entorhinal; Ch Plex, choroid plexus; Th
Prop, thalamus proper; Ves, vessel; Sup Par, superior parietal.

3
1
-1 0

1

2 3 4
Factor 3

5

Figure 8. Scatter plot for Factor
3 actual versus model-predicted
scores. Factor 3 predictions by
Model 4 were significant (p<.001).
Trend line and identity line are
denoted in black and blue,
respectively.

It is important to note that Model 4 appears driven by one or two significant predictors (Table 5) and
only one point, with the remaining distributed across the three smallest integral scores (Fig. 8). It can thus be
speculated that Model 4 may not be as robust as the other models developed, and may not wholly survive crossvalidation. Nevertheless, the model points to important regions of interest underlying psychotic MDD symptoms
(Fig. 7), which supports propositions for dimensional analyses of MDD-associated psychosis.88

Model 5: Factor 4, Anxiety Severity
MDD patients with either high anxiety symptoms or a comorbid anxiety disorder are often diagnosed
11

with anxious depression, a subtype of MDD that has been proposed to exhibit distinct neurobiological
abnormalities.89 Model 5 (p<.001; Table 6) indicated a significantly negative linear relationship between anxiety
and FA of white matter in the pars orbitalis (p=.002) and middle temporal gyrus (p=.018; Fig. 9). Higher
predicted anxiety levels (Fig. 10), as influenced by decreased FA values, may be underpinned by microstructural
anomalies in neural circuitry, which contribute to functional abnormalities such as emotional processing45 in
refractory depression.90
Table 6. Predictors for Model 5 using automatic linear modeling. The final corrected model built in SPSS to predict
Factor 4 included MRI and DTI variables. Regional gray and white matter volumetric changes and decreased cortical
FA emerged as important predictors of MDD-related anxiety.
Predictor Importance Coefficient§

Model Term

SE§

Final Model

P value Target Variable
<.001***

Intercept

22200

4070

<.001***

FA of R pars orbitalis white matter

0.23

-19020

5550

.002**

Gray vol of L inferior parietal

0.18

-0.508

0.168

.005**

Total brain volume

0.17

0.00787

0.00266

.006**

FA of L middle temporal white matter 0.12

-22200

8960

.018*

Vol of R cerebellum white matter

0.11

-0.199

0.0837

.023*

Gray vol of L parahippocampal gyrus

0.11

1.78

0.755

.024*

Gray vol of R inferior parietal

0.1

-0.330

0.148

.032*

Factor 4:
Anxiety

R Inf Par

L Inf Par

R Cer
WM

L Inf Par
L Mid
Temp

R Pars
Orb

R Pars
Orb

L Mid
Temp

L Parahip
L Parahip

TBV
Anterior

R Cer WM

= Gray Matter Volume/ Subcortical Volume
= Fractional Anisotropy

Right Lateral
0.1
0.001
Predictor P-Value

Figure 9. Regional brain abnormalities significantly correlated with
Factor 4 (Anxiety). Statistical significance ranking of individual
predictors is indicated from light to dark blue, covarying for total brain
volume and Edinburgh Handedness Inventory score. R, right; L, left; Pars
Orb, pars orbitalis; Parahip, parahippocampus, Cer WM, cerebellum
white matter; TBV, total brain volume; Mid Temp, middle temporal; Inf
Par, inferior parietal.

Predicted Factor 4

§=values multiplied by 103; SE, standard error; L, left; R, right; FA, fractional anisotropy; ***p≤.001; **p≤.01; *p<.05
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Factor 4
Figure 10. Scatter plot for Factor
4 actual versus model-predicted
scores. Factor 4 predictions by
Model 5 were significant (p<.001).
Trend line and identity line are
denoted in black and blue,
respectively.

Reduced volume of the interior parietal was another important predictor (p=.005; Fig. 9). Consistent
with findings in panic disorder patients,91 the shared biomarker posits that anxiously depressed individuals may
respond well to treatments currently reserved for panic disorder. Positive correlation between gray matter
volume in the left parahippocampal gyrus (p=.024; Fig. 9) and Factor 4 was yet another intriguing outcome,
considering depressed patients show greater left parahippocampal activity than controls during both positive
emotional regulation and response to negative pictures. 92 An increase in left parahippocampal structure was also
12

evidenced in cortical thickness in Model 2 for Psychic Depression (Table 3), an overlap further demonstrating
the critical role of this region in the manifestation of both depressed and anxious symptoms of MDD.

Model 6: Factor 5, Sleep Disturbance Severity
Sleep disturbance, characterized by early, middle and late insomnia, 58 was predicted in Model 6
(p<.001; Table 7; Fig. 12). The significantly decreased FA value of the putamen observed with increased sleep
disturbance (p=.002; Fig. 11) is consistent with reduced FA reported in MDD43 and in idiopathic rapid eye
movement (REM) sleep behavior disorder.93 As FA of white matter in paracentral (p=.002) and lateral
orbitofrontal regions (p=.007) also decrease with greater Factor 5 severity, this suggests that the structural
neuropathological changes underlying insomnious symptoms include reduced white matter integrity throughout
the human brain (Table 7; Fig. 11). The association of dynamic changes in white matter with symptom severity
supports the applications of DTI technology in identifying brain regions where medication-induced
normalization of white matter integrity may potentially produce treatment response. 94
Table 7. Predictors for Model 6 using automatic linear modeling. The final corrected model built in SPSS to predict
Factor 5 consisted of MRI and DTI measures. Reduced FA values and gray volumetric abnormalities strongly
correlated with sleep disturbance in depression.
Predictor Importance Coefficient§

Model Term

SE§

Final Model

P value Target Variable
<.001***

Intercept

27400

4730 <.001***

FA of L putamen

0.22

-37500

11050

.002**

FA of L paracentral white matter

0.22

-19500

5830

.002**

Gray vol asym of posterior cingulate

0.18

-110

35.8

.004**

FA of R lateral orbitofrontal white matter

0.16

-19040

6680

.007**

Gray vol asym of inferior temporal

0.14

89.6

33.1

.010*

Gray vol of R entorhinal

0.09

1.34

0.618

.037*

Factor 5:
Sleep
Disturbance

§=values multiplied by 103; SE, standard error; L, left; R, right; FA, fractional anisotropy; vol, volume; asym, asymmetry; ***p≤.001;
**p≤.01; *p<.05

L Put

R Ent
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Figure 11. Regional brain abnormalities significantly correlated with
Factor 5 (Sleep Disturbance). Statistical significance ranking of
individual predictors is indicated from light to dark blue, covarying for
total brain volume and Edinburgh Handedness Inventory score. R, right; L,
left; Parahip, parahippocampus, Inf Temp, inferior temporal; Post Cing,
posterior cingulate; Ent, entorhinal; Put, putamen; LOF, lateral
orbitofrontal; ParaC, paracentral.
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Figure 12. Scatter plot for Factor
5 actual versus model-predicted
scores. Factor 5 predictions by
Model 6 were significant (p<.001).
Trend line and identity line are
denoted in black and blue,
respectively.
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Larger gray matter volume in the right compared to left posterior cingulate (Fig. 11) was also
significantly correlated with Factor 5 (p=.004; Table 7). Bilateral volumetric reductions of the anterior and
posterior cingulates have been demonstrated in MDD previously. 95 Greater gray matter density in the left
posterior cingulate cortex has also predicted clinical remission in depressive patients 97 which, in conjunction
with left posterior cingulate volumetric reduction as a marker of symptom severity, support the existence of
laterality effects as well as a discrepancy in water diffusion directionality with MDD pathogenesis.

CONCLUSIONS
The present study sought to elucidate the biological correlates underlying specific depressive symptoms,
using a dimensional approach necessitated by MDD’s multifactorial clinical presentation. To the author’s
knowledge, this is the first study to combine MRI, DTI, and clinical data to predict major depression severity.
The results demonstrated that specific biological changes may be masked when analyzing depression as a whole.
It therefore may be necessary for this heterogeneity to be deconstructed into distinct symptom patterns in order
to identify brain anomalies associated with MDD-related behaviors.16
Models 2 through 6 differ strikingly enough to conclude that different symptoms are associated with
different underlying neurological abnormalities, 18,58 which parallels recent findings of etiological heterogeneity
among MDD symptoms. 53 The need for understanding disorders at the individual symptom level using both
biological and clinical markers is also demonstrated and can inform treatment selection for different subtypes of
depression diagnoses.8 Similar in mindset, the National Institute of Mental Health’s (NIMH) Research Domain
Criteria (RDoC) posits that separately evaluating mental disorder-related domains of function, rather than
clinically-categorized disorders, can help associate the neurobiology of mental illness with behavioral
manifestations.15 A preliminary benchmark evinces the vast umbrella of MDD heterogeneity (Table 8).
Findings from psychiatric neuroscience are evidently defying conventional diagnostic boundaries,
which preclude the identification of important biomarkers. A critical step forward is determining the
pathophysiologies that vary within current diagnostic categories such as major depressive disorder which may
be uniquely responsive to different medications.97 The implications of this paper coincide with RDoC’s ongoing
efforts for the re-classification of mental disorders based on psychological, biological, and genetic correlates. 11
In the next few decades, identifying specific structural and clinical markers associated with the severity of MDD
symptoms may ultimately guide drug development in targeting the observed abnormalities, as well as assist in
the establishment of personalized, systematic treatment algorithms based on biological evidence.
The diversity of the participants, representative of a general MDD population, 14 warranted the
subdivision of HAM 17 into its component factors to identify any relevant associations between anatomical and
clinical markers. Participant heterogeneity is often a major contributing factor to negative or contradictory
findings in psychiatric literature.13 As demonstrated, deconstructing complex mental disorders into separate
components or dimensions for analysis58 may serve as a useful approach to address the heterogeneity of clinical
14

phenotypes and reveal targetable neurological anomalies important to the development of more effective
psychiatric therapeutics.6
Although the present study exhibits several strengths, including a relatively large psychiatric sample
size, several limitations must also be addressed. As with any study, results must be validated in a second cohort.
Cross-validation of the models using the aforementioned independent validation cohort (n=93) is currently
underway and is warranted in order to ensure robustness and avoid model overfitting.24,87,98 Some models such
as Model 6, Sleep Disturbance, may outperform others such as Model 4, Psychosis, due to the high significance
of individual predictors in the former, thus further model testing integrating specific symptoms and regional
neuroanatomy16 is needed. The addition of functional MRI88,99,100 and genotyping101,102 data in future
investigations could also help achieve a more accurate understanding of MDD biosignatures, by relating
volumetric and diffusional abnormalities to functional connectivity changes and genetic or neural
predispositions.
Table 8. Neuroanatomical and symptomatic heterogeneity of major depressive disorder. Selected biological substrates of each
HAM17 (Hamilton Depression Rating Scale)-derived symptom dimension have been implicated in other psychiatric and neurodegenerative diseases, suggesting MDD stratification for appropriate treatment of heterogeneous clinical presentations. Bolded
hemisphere checkmarks indicate the direction of asymmetry measures.
Symptom
Factor

Factor 1

HAM 17
Symptom
Cluster60,61

Psychic
Depression

Hemisphere
Selected Biological Correlates

L

R

Abnormal posterior corpus callosum
volume

—

Bipolar Disorder74,69,103
104
Schizotypal Personality Disorder
Schizophrenia105

Leftward parahippocampal cortical
thickness asymmetry



Comorbid Anxiety Disorder78
Bipolar Disorder85



Factor 2

Factor 3

Loss of
Motivated
Behavior

Psychosis

Cortical thinning in lingual gyrus
Rightward entorhinal cortical
thickness asymmetry
Abnormal entorhinal cortical
thickness
Decreased volume of inferior parietal

Factor 4

Mental Disorder Association

Anxiety
Reduced FA of middle temporal






Borderline Personality Disorder81
Schizophrenia85
Obsessive-Compulsive Disorder105
Post-Traumatic Stress Disorder

106

107,108

Alzheimer’s Disease
Schizophrenia85,86

91
Panic Disorder

109
 Attention-Deficit/ Hyperactivity Disorder
Schizophrenia110

111

Factor 5

Sleep
Disturbance

Reduced FA of putamen



Parkinson’s Disease
Rapid-Eye Movement (REM) Sleep
112
Behavior Disorder

To conclude, the breakdown of HAM17 with biological substrates for the application of a predictive
model approach could facilitate the recruitment of more neuroanatomically and symptomatically homogeneous
patient groups that in future studies will identify optimal treatments for different clinical presentations. 14 By
15

integrating results from structural and functional imaging, genomics, and clinical evaluation, clinicians can
ideally cater to different forms of MDD symptomatology and severity. Dependent on the dominating symptom
clusters presented, appropriate treatment for “depressed” individuals may become unified across mental
disorders that share symptomatology (Table 8). The proposed dimensional paradigm combining HAM17 scores
and imaging data revealed distinct structural changes dependent on the symptoms exhibited and suggests its
applicability to other complex mental illnesses, such as schizophrenia,3 currently in need of greater
neurobiological understanding. RDoC’s campaign to deconstruct broad categories of mental illnesses into
individual components for analysis11 further aligns with this project’s proposition for the separate evaluation of
characteristics that have constituted “depression.” Identification of effective drugs for subsets of patients will
entail greater understanding of the molecular mechanisms, neural circuits, and genetic predispositions for the
stratification of depressed individuals.4,15 For instance, with knowledge of abnormalities in the left putamen
evidenced in sleep disturbance (Table 7), drug developments targeting the putamen may emerge as the most
effective sleeping aids for people with MDD.
The present investigation contributes to the field’s pursuit for the fundamental psychiatric neuroscience
knowledge needed for novel drug discovery and treatment optimization. Comprehending how pathological
disturbances to normal brain function correlate to observed clinical phenotypes will prove instrumental in
turning around the psychiatric medication standstill. 6 By enhancing current knowledge of the relationship
between brain and behavior in depression, the study further determines the biological disparities that produce
symptom factors, providing support for the incorporation of both neuroanatomical and psychological measures
in psychiatric studies.22,23,113 If validated, this study will be the first to succeed in relating neurobiological
changes to clinical MDD phenotypes, which still eludes the field of psychiatry today.
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