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1. Abstract

For the past 60 years, the anxiety and depression
medications are prescribed to patients based on
The Hamilton Depression Rating Scale (HDRS)[1].
The HDRSJ[1] does not take into account the neuro
biomarkers as it is very expensive to do FMRI on all
patients. Goal of this project is to identify clinically
applicable imaging biomarkers and establish intrin-
sic functional connectivity to predict efficacies of
three antidepressants: Sertraline, Venlafaxine, Esci-
talopram from the small dataset of 128 patients col-
lected from Williams PanLab, Precision Psychiatry
and Translational Neuroscience, Stanford Medicine
iSPOT-D project. There is a need for markers that
are predictive of remission and guide classification
and treatment choices in the development of a
brain-based taxonomy for major depressive disorder
(MDD) that affect millions of Americans.

II. Introduction

Our project analyzes the iSPOT-D dataset for 128
patients with images from functional magnetic res-
onance imaging(FMRI) data, uses different Graph
Analysis techniques and computes the functional
scores based on multiple brain image attributes. We
compare the correlation between functional score
and Hamilton Score to predict the antidepressants
linked to different brain attributes. The topologi-
cal structure of functional brain network plays an
important role in major depressive disorder(MDD).
We built a network using these highly connected
and mostly unexplored interdependent components,
explored the dataset using some of the common
network construction techniques to obtain network
statistics like density, cluster coefficient and took a
deep dive into community detection.

We created patient nodes in our network graph
where each node contains the feature attribute re-
lated to multiple social bio-markers based on FMRI
data as well as the antidepressants taken by them.
Hence, this patient network is associated with rich
attributes. Our goal is to find the social network
embedding. We projected the patient information
into a low-dimensional embedding space. Since the
network structure and feature offer different sources
of information, it is crucial to capture both of
them to learn a comprehensive representation of
each patient feature. We took into account both
homophily and the network structure to get more
informative node representation. Our objective was
task-independent feature learning, it is an unsuper-
vised problem. There are no fixed node ordering or
reference point. We used embedding methods that
preserve both the structural proximity and attribute
proximity of social network.

We denote a patient network as G = (U, E, A),
where U = {uy,...,up} denotes the patients, E =
{eij} denotes the links between the patients i and
j, and A = { A7} denotes the attributes of the patient
1. We created undirected and unweighted graph, so
each edge {eij}, connecting patient i and patient
J 1s associated with a weight = 1. For structural
proximity we used the nodes u; and u; with a link
ei; between them. We applied node2vec that con-
trols the random walk by balancing the breadth-first
sampling (BFS) and depth-first sampling (DFS) to
generate the embedding. For attribute proximity, we
meant the proximity of the nodes represented by the
patients using all the feature attributes. The attribute
intersection of patient i and patient j, denoted by A;
and A; gives the attribute proximity of the nodes
u; and u;. By enforcing the constraint of attribute
proximity, we can model the attribute homophily
because the patients with similar attributes will be
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placed close to each other in the embedding space.

II1. Related Work
A. Functional Score

The objective is to create a functional score
for patient by leveraging the network structure
and rich information available in the dataset. We
used the word “feature vector” to denote the pa-
tient’s clinical biomarkers. Our iSPOT-D dataset
contains several clinical biomarkers related to pa-
tient, e.g. social and occupational functioning as-
sessment scale(SOFAS)[8], brain scan data from
brain regions Amygdala [9], Insula [10], Nac (nu-
cleus accumbens) [11] known to control human
behavior and other social attributes of a patient
like, age, gender and education. Functional score is
dictated by these attributes. Functional score takes
into account both the structural proximity and the
feature vector proximity of the patient node in the
graph.

In this section we plan to summarize patient
attributes and network embedding method like
node2vec.

At the outset we tried to understand the homophily
effect among the patients in the dataset. The ho-
mophily principle, “birds of a feather flock together”
is one of the most striking and robust empirical
regularities of social life [7]. Hence, in graph analy-
sis, nodes that are highly interconnected and cluster
together should embed near each other. SOFASI8]
captures patient’s level of social and occupational
functioning and is not directly influenced by the
overall severity of the individual’s psychological
symptoms. Patient’s brain scan data studies func-
tionally central structure between amygdala [9],
basal ganglia, mesolimbic dopaminergic regions,
mediodorsal thalamus and prefrontal cortex, the
nucleus accumbens[10] appears to play a modula-
tive role in the flow of the information from the
amygdaloid complex to these regions. Dopamine
i1s a major neurotransmitter of the nucleus accum-
bens and this nucleus has a modulative function
to the amygdala-basal[9] ganglia-prefrontal cortex
circuit. Together with the prefrontal cortex and
amygdala[9], nucleus accumbens[11] consists of a
part of the cerebral circuit which regulates functions
associated with effort. It is anatomically located in
a unique way to serve emotional and behavioral
components of feelings. It is considered as a neural

interface between motivation and action, having a
key-role in food intake, reward-motivated behavior,
stress-related behavior and substance-dependence. It
is involved in several cognitive, emotional and psy-
chomotor functions, altered in some psychopathol-
ogy. Moreover it is involved in some of the com-
monest and most severe psychiatric disorders, such
as depression, schizophrenia, obsessive-compulsive
disorder and other anxiety disorders, as well as in
addiction, including drugs abuse, alcoholism and
smoking. The feature vector of the patient reveals
a significant detail which is not accommodated
in the Hamilton score. We tried to embed nodes
from the same network community and from the
same structural roles in the graph(e.g., hubs) closely
together.

B. Network Embedding

We investigated some earlier works on unsuper-
vised learning algorithm that computes low dimen-
sionality and neighborhood preserving embeddings
of high dimensional data. Local Linear Embedding
(LLE)[12] and Laplacian Eigenmap[13] first trans-
form data into an affinity graph based on the feature
vectors of nodes (e.g., k-nearest neighbors of nodes)
and then embed the graph by solving the leading
eigen vectors of the affinity matrix. Node2vec[14]
and DeepWalk[15] are some of the recent works fo-
cused more on embedding an existing network into
a low-dimensional vector space to facilitate further
analysis and achieve better performance than those
earlier works. In node2vec [14] the authors modified
the way of generating node sequences by balancing
BFS and DFS, and achieved performance improve-
ments. However, all these methods only leverage
network structure. Patient profile contains valuable
attribute information. Purely structure-based meth-
ods fail to capture such valuable information, this
leads to less informative embeddings.

C. Network enhancement(NE) as a general
method to denoise weighted biological networks

Denoising dataset is necessary before analysis.
This paper by Jure Leskovec et al.[3] explores
a mathematical approach to extract noise from
undirected weighted graph. It intends to replace
row-normalized transition matrix with a more
robust symmetric Positive Semi Definite(PSD)
doubly stochastic matrix. The NE diffusion
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technique preserves the eigenvectors and increases
the eigengaps for the large eigenvalues. The
re-weighting is helpful when the noise in the
network is present in the eigen direction where
the eigenvalues are small. This has advantage
over PCA technique where the eigen spectrum
is truncated at a certain threshold. NE defusion
technique helps in reducing network noise and
offers better quality network performance analysis.

The denoising algorithm presented in the above
paper treats all the nodes as independent and
identically distributed(i.i.d), hence small subset of
high confidence nodes are ignored. However, the
algorithm can take advantage of the small amount
of accurately labeled data to denoise networks.
The paper does not discuss mechanism to extract
accurately labeled nodes with high confidence.

Initially, we thought to improve the algorithm
on this deficiency because we have a very through
clinical data with all the features presented, hence,
we cannot make i.i.d assumptions when there are
obviously socially correlated factors that contribute
to depression. Finally, we used node2vec to identify
feature embedding instead of using the algorithm
presented in the paper.

IV. Methods and Algorithm

Patient networks are more than just links; patients
biomarkers are very expensive information and pro-
vides a rich set for patient feature vectors. To learn
more informative representations for patients, it is
essential to capture the attribute information.

In order to create a new functional index, we
will develop a functional/social score of the patient
based on embedding methods that preserve both
the structural proximity and attribute proximity of
patient network.

Structural Proximity denotes the proximity of
patients that is evidenced by links. For nodes {u;}
and {u;} representing patients i and j, if there exists
a link egij} between them, it indicates the direct
proximity; on the other hand, if {u;} is within the
context of {u;}, it indicates the indirect proximity.
In our method, we apply the walking procedure pro-
posed by node2vec [14], which controls the random
walk by balancing the breadth-first sampling (BFS)
and depth-first sampling (DFS). We used the term

neighbors to denote both the first-order neighbors
and the nodes in the same context for simplicity.

Feature Proximity denotes the proximity of pa-
tients that is evidenced by features. The feature
intersection of {A4,} and {A,} for patients i and
j indicates the feature proximity of nodes {u;} and
{u;}. By enforcing the constraint of feature prox-
imity, we can model the feature closeness effect, as
patients with similar features will be placed close
to each other in the embedding space.

Network structures uses only the patient ID which
can be represented in a M-dimentional sparse vector
with the 1 at its i element and O elsewhere. The
structural proximity is a function f which maps 2
nodes u; and u; for patients 1 and j to their estimated
proximity scores.

Probability that node u; is connected to node u;

is
Todi e exp(f(ui,u;))
p(ujlu;) = EM exp(f(u;,ur))

Structural proximity of a node wu; with respect
to all its neighbors j; € N, is the conditional
probability of a node set /V; given node n;, denoted

(D

p(Nilws) = [ plu;lu:) 2)
JEN;
j € N; where N; = {set of neighbors of w;}.
Global structural proximity is given by the
likelihood function for the global structure:
M M
L= ][pWNilw) = T T] p(wslws) )
i=1 i=1 jEN,

We calculated the pairwise proximity f(u;,u;)
between patient nodes w; u; as an inner product of
the embeddings of the feature vectors of patients i
and j. The feature vector consists of 11 normalized
attributes, some of the important ones are: 3 an-
tidepressants Sertraline, Venlafaxine, escitalopram,
5 FMRI brain scan data from brain region Amyg-
dala, Insula and Nucleus Accumbens, 3 social and
occupational functioning assessment scale(SOFAS)
scores.

By using node2vec, we calculated embeddings
emb(u;) and emb(u,) for patient nodes u; and u; .
f(u;) = feature vector of node u; for patient i
f(u;) = feature vector of node u; for patient j
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From equation (3),

M
exp( ul,uj))
I= s
E]giﬂw‘u zl_Iwg M exp(f(us;,ux))
“4)
where
Fluiyug) = fug)" f(u;) (5)

We maximize, the conditional link probability over
all the nodes with respect to all the parameters O.

efEP f(ui, uj))
©" = argmaze
H]gl D o 1e$p(f(uz‘,uk)
)
€fL'p Ui, Us
©* = argmazre »
u; ]; k 1 exp(f (us, ug,)
(7)

The optimization problem in Equation-7 has two
effects:

1.to enhance the similarity between any wu,; and
these u € V;

2.to weaken the similarity between any wu; and
these u € NNV; .

Critique:
First problem of the model:

Equation(7) assumes that if two nodes representing
the patient IDs are not linked together, they are
dissimilar, but that is not necessarily true.

Second problem of the model:

This is linked to the calculation of the normalization
constant in equation (7). In order to calculate a
single probability, we need to go through all
combinations of patient IDs in the network and
that 1s NP-hard.

Due to the above two complexities, our algorithm
calculates the functional score based on pairwise
proximity f(u;,u;) which is easy to derive using
node2vec.

Algorithm:

Our objective is to feed quality embeddings into
the algorithm. This adds knowledge to the data
and thus makes the task to train the model easier.

node2vec helps in extracting meaningful embed-
dings. The embeddings are learnt using a skip-gram
neural network model[16]. node2vec uses word2vec
framework to train a simple neural network with one
hidden layer and provides the output probabilities of
the nearby node using softmax classifier. The notion
of ”nearby” is implemented using the “window
size” parameter of node2vec. We choose “window
size’=10 to keep it computationally efficient for
our data size; so it will search 5 nodes before and
5 nodes after and provide the embeddings for 10
nodes.

OO0
sampling | O0—0-0
—~ ! strategy e
N\ C \ ! @@ ’O 'O
L*%VK?) : .
@ ( ) ,( ) )< ) >()
J &

Node2vec embedding process

There are two hyperpaerameters in node2vec
algorithm:

Return parameter p:

It controls the likelihood of immediately revisiting
a node in the walk.

If p > maz(q,1),

it is less likely to sample an already visited node
and avoids 2-hop redundancy in sampling.

If p < min(q, 1),

it backtracks a step and keep the walk local.

In-out parameter q:

Ifg>1

it does inward exploration,Local view and BFS
behavior If ¢ < 1

it does outward exploration,Global view and DFS
behavior
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Summary of our project’s algorithm

1.Generate the wundirected and unweighted
graph from the patient data set where each patient
ID is a node. We have nodes uq, uo, .., U1os.

2.Generate the feature vectors
f(uy), f(ug), .., f(ujes) associated to mnodes
Uy, Uo, .., U128 With 13 features: age,gender,3
antidepressants: Sertraline, Venlafaxine,

escitalopram, 5 FMRI brain scan data from
Amygdala, Insula and Nucleus Accumbens and
3 social and occupational functioning assessment
scale(SOFAS)[8] scores.

3.Use node2vec and generate embeddings
emb(uy ), emb(us), ..,emb(ui2s) with window
size=10 associated to nodes uq, uo, .., U128, Where
emb(u;) is a vector of length 10 consisting of
the embediings for node w;.

We have used hyperparameters p=10 and g=.1 to
look into homophily.

4.Calculate Functional Score:

For each node wu;, calculate the inner product
of f(u;,uy), where k iterates through all the
embedding nodes found in step(3) above. Since
“window size”’=10, we will get 10 of these inner
products. We averaged all the 10 inner products
and output as functional score of node ;.

Pearson correlation coefficient

Functions of Correlation Coefficient has been
used extensively in psychological research, because
scale-free measure of association is very important
in the areas of psychology to understand effective-
ness of a measure.

After getting the functional scores from all
the patient nodes, we wanted to understand the
association between Hamilton Score and the
functional score as well as the association between
SOFAS score and the functional score. Hence,
we calculated two sets of Pearson correlation
coefficients.

X: vector of hamilton scores for all the patients
Z: vector of SOFAS scores for all the patients
Y: vector of functional scores for all the patients as

found based on our algorithm

X,Y)= > (xi—Z)(yi—7)
pXY) Ve
Z,Y — Zi—Z2)\Yi—Y
P2Y) = By
p(X,Y) denotes a numerical measure of

dependence or association between X and Y.

Similarly, p(Z,Y’) denotes a numerical measure of
dependence or association between Z and Y.

We calculated the correlation coefficent between
the Hamilton score and Functional score.

We also calculated the correlation coefficient
between SOFAS score and Functional score.

TABLE I
CORRELATION COEFFICIENT

Between Hamilton score and functional score
Between SOFAS score and functional score r=.78

Usefulness of the above Correlation metric

1.Correlation helps in predicting one quantity
from another.

2.Correlation might indicate the presence of a
causal relationship.

3.Correlation is a statistical measure that describes
the association between random variables.

We saw that the correlation coefficient between
SOFAS score and functional score is higher than the
correlation coefficient between Hamilton score and
functional score. SOFAS score focuses exclusively
on the individual’s level of social and occupational
functioning and is not directly influenced by the
overall severity of the individual’s psychological
symptoms. The Hamilton(HDRS)[1] scale was
originally developed for hospital inpatients,
thus the emphasis is more on melancholic and
physical symptoms of depression as opposed to
age,gender,education and other social attributes.
Hence, we believe, our functional score based
on social and brain FMRI data establishes a perfect
bridge between SOFAS score and Hamilton Score
as it takes into account the social attributes of
the patient as well as the overall psychological
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symptoms based on brain scan data, hence this
1s more representative of patient’s overall wellbeing.

Mixture Model

In order to understand the meaning of the
correlation coefficient with respect to the structure
of each of the brain scan data, we deep dive further
using Mixture Models.

Assumption
A distribution f is a mixture of K component
distributions f1, fo, ... fx if
f= 0 M
A are the mixing weights, A\, > 0, > A\, = 1 Here
we assume, f1, fo,...fx follow Gaussian. In the
above, f € a complete stochastic model, first we
pick a distribution, with probabilities given by the
mixing weights, and then generate one observation
according to that distribution.
Symbolically,

7~ Mult()\l,Az,...
X|Z ~ fz

7/\K)

We ran different Gaussian Mixture models using
our functional score and brain data and it reveals
that the feature dataset indeed follow Gaussian
and we can separate them clearly using Gaussian
Mixture Model.

Gaussian Mixture Model

L]
04 .
03
L]
02 ° g ®
L]
Z o1 o 3 A
‘leg o
Z oo "\ 0.. =
E ¢ L] L]
-01 )
vee 38
-02 $Wete o
g .
-03 .
-0.4
8 10 12 14 16 18
functional score
Gaussian Mixture Model
L]
0.6
o 04
2 )
5, « 0, o
) Y 0
2 L 'Y
P by Wt
* 08 o 2
9, 0% °
* 8
> o
0.0 ) )
. ®
* o

8 10 12 14 16 18
functional score

Gaussian Mixture Model

03
® .
.
02 .
® e
o q O
)
01 ® 2
g ® %
3 * % ]
T, 00 e eg0
g o o8y
.
2 e, F 2
=0 o0 oo
oo
.
-0.2
. L)
. H
.
-03
8 10 12 14 16 18
functional score
Gaussian Mixture Model
03 P
.
02 %%
e
D .
01 o/
o° D) . [
g o %
2 o0 . [
) [ T °
3 01 . #5% g
34
o
0.2 ‘
Pl E
-03
.
8 10 12 14 16 18
functional score
Gaussian Mixture Model
% o o
80 ° .
L]
o 70 %8 w me
k] ¢ o o ® ol
2 ()
200 S Emnos o
< . s 0 @ moe .
° °
8 50 %o @ 04 “ommy,
40 o o©® % ©
.
30 . oo
8 10 12 14 16 18
functional score
Gaussian Mixture Model
.
25
300
g 215
T ot
8 oo .
2250 e o
E * oeme
z ® eses
§ 225 -
. LA ]
20.0 ®e e o L
.o .
e o .
175 °® o
e o o
8 10 12 14 16 18

functional score

Other Statistics
We calculated few other statistics for our dataset.

Clustering coefficient of node i:
2%1;
ki(k; — 1)
r; is the number of triangles around a node i and

k; is the degree of node i.
We did hierarchical clustering of 128 nodes and

Ci=
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we found the total number of unique clusters is 2
using total number of iterations 113 and mincut.
We used Jaccard similarity value for clustering.

Clique-set: A clique is a subgraph containing
vertices that connect to each other. If a
graph contains edges that represent functional
connectivity, then cliques from this graph would
represent patients that behave similar with respect
to the social attributes. We were looking for the set
of 3-vertex or higher cliques to assess functionally
similar networks for our dataset.

Here are the values of the metrics from the patient
graph:

Clustering Coeff Betweenness

0.85125

PageRank Eigenvector

0.2167

Authority

0.044 0.00237

V. Results and Findings

Based on the above analysis on the dataset, we
got a comprehensive understanding of the charac-
teristics of the patient nodes. The nodes capture
the social bio markers behind depression symptoms.
This functional score signifies a social score for
each patient with respect to the three antidepres-
sants. Strong correlation coefficient validates the as-
sociation between functional score and the HDRS17
baseline ( Hamilton score). Also, correlation coef-
ficient validates strong association between SOFAS
baseline and the functional score. HDRS17 baseline
or Hamilton score and the SOFAS baseline scores
are subjective in nature. These scores are determined
by the healthcare professional’s assessment of the
patient. Whereas the functional score is computed
by taking into account patient’s non subjective el-
ements like FMRI brain scan data, age, education
and medication. Strong correlation between subjec-
tive scores like SOFAS baseline/HDRS17 baseline
and functional score indicate the assessment of

the healthcare professionals is accurate. Functional
scores can predict the medication requirement of the
patient.

Our dataset is very small as it is based on
patient FMRI data,hence we applied the specific
techniques that will provide results with moderately
high accuracy.

The high clustering coefficient of 0.85 for the
patient network suggests that if two patients clinical
biomarkers are similar and they are taking the same
antidepressant and if a third patient’s biomarker
matches with these two,then we can draw same con-
clusion with high probability that the third patient
will benefit from the same antidepressant.

We did not make any i.i.d assumptions for any
of our model as we expected high correlation be-

02167 twveen the social attributes and our assumptions are

validated by the strong correlation coefficient found
above.

We used Node2vec framework for learning ver-
tex embeddings. This means learning a mapping
of vertices to euclidean space that maximizes the
likelihood of preserving network neighbourhoods
of vertices. In node2vec, while sampling neighbor-
hoods of a source patient node, we used Breadth-
first Sampling (BFS) where the neighborhood was
restricted to nodes that are immediate neighbors
of the source patient node. Hence, we used the
homophily hypothesis to search for nodes that are
highly interconnected and belong to similar network
clusters or communities and the embedding vectors
provided those closely connected nodes.

V1. Future Enhancements

In our algorithm, the proximity of two nodes is
modeled as the inner product of the embedding of
feature vectors. However, it is known that simply
the inner product of embedding vectors can limit the
models representation ability and incur large rank-
ing loss[5]. To capture the complex non-linearities
of real-world networks, we would like to model the
pairwise proximity of nodes by adopting a deep
neural network architecture.

In future, we would like to enhance the Embed-
ding layer as follows: it will consist of two fully
connected components where one component is the
one-hot patient ID vector that captures structural
information of the graph network and the other
component encodes the generic feature vector. The
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embedding layer will be fed into multilayer per-
ceptron which is neural network’s hidden layer and
the output vector of the last hidden layer will be
transformed into probability vector which we will
use to generate functional score for each patient
node.

In our project, we just used BFS sampling in
node2vec, we like to incorporate DFS sampling
strategy where the neighborhood will contain nodes
sequentially sampled at increasing distances from
the source patient node. Hence, we will use struc-
tural equivalence hypothesis to embed nodes that
have similar structural roles in networks. Unlike ho-
mophily, structural equivalence does not emphasize
connectivity; nodes could be far apart in the network
and still have the same structural role and this
will be representative of a robust patient network
and real networks commonly exhibit both behaviors
where some nodes exhibit homophily while others
reflect structural equivalence.

VII. Github link

The following github repo contains a link of
the code and a copy of iISPOT-D dataset obtained
from Dr.Adina Fischer,MD,PhD, a resident Stanford
Psychiatry physician and a T32-funded postdoctoral
fellow under the mentorship of Professor Leanne
Williams and Professor Alan Schatzberg, Williams
PanlLab, Precision Psychiatry and Translational
Neuroscience.

https://github.com/suvasis/cs224wproject
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