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1. Problem Setting:

e In a randomized clinical trial comparing treatments
to placebo tor mental illnesses, there often have sub-
jects with different groups that have similar out-
comes.

e A convexity-based clustering method was devel-
oped Tarpey et al to identify sets of outcomes that
are only observed 1n treated subjects.

e This study 1s aimed to improve this method by con-
sidering subjects’ baseline features.

2. Solution: Maximize Purity

In this study we focus on the scenario with 2 subpop-
ulations (population 1 and population 2). The mixed
effect model with consideration of linear combination
of baseline features can be expressed as:

y=XB+b+T(a'x)) +e

. X 1s the design matrix of times
. 3 1s the fixed effects;

b ~ N(0, D) is the vector of random effects
.I'(a’x)) is the fixed effects of baseline features,
where @ 1s the matrix of baseline covariates and «

1S a linear transformation
. € 1s the random error, which 1s independent of the

random effect

Then the its coefficient distribution 1s:
z=0+b+T(a'x))x
which specifies the functions’ trajectories.

The Purity 1s defined as the optimal rule for classifica-
tion in terms of minimizing the probability of misclas-
sification. That 1s, the purity of point x; with baseline
features w; 1S
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Theretore, the purity conditioning on the baseline w;
for the data 1s:
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. The subscripts 1 and 2 mark which population the
parameters are from

W = o' x;

» filzilw;) ~ MVN(B1+T'1(a/x;)), b); folwiw;) ~
MVN(,BQ + I‘z(a’wi)), bz)

. M1, o are the prior probabilities of f;, fo, which can
be estimated as sample proportion.

Then the purity of the whole data can be estimated as:
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The o that can maximize the purity actually mini-
mizes the probability of misclassification.

3. Convexity-Based Clustering

A general convexity based clustering method 1s to find
a partition that maximize the function through itera-
tion:

> P(B))6(E[X|X € B))

j=
where ¢ 1s a convex function. The algorithm can be
expressed as:

k
1

1. Find the o that maximizes the purity function
2. Initialize a partition By, B>.., B (k clusters)
3. Calculate the support points

_ mPs(By)
P(B;)

4. Determine a minimum support plane partition

Dj = UIA = hyll < []A = hill, 1 # j},

h;

. P(Bj) = miPy(Bj) + mP(Bj)

where \(x) = Wfff'&ig) 1s the posterior probability that

an observation x belongs to population II.

5. Update the partition by B; <— A~ '(D;)

6. Repeat 3-5 until the convergence criterion 1s met
4. Example

.Data from a 6-week longitudinal depression study.
Subjects randomly asigned to Fluoxetine group v.s.
placebo group. The outcome the severity of depres-
sion assessed with the Hamilton Rating Scale for

Depression (HRSD)

. The purity calculation: We considered two covari-
ates: Age, Baseline CGI. The « that can achive the
max purity is a = |0, 1|

. A Monte Carlo sample (size of 10000) was simu-
lated to compute the probabilities P,(B;), P(B,) in
the clustering algorithm iteration.

. The clustering algorithm was performed without or
with the baseline features combination

Table 1: Percentage of subjects classified to each cluster

Placebo, n = 162
Total % Respon- % Non- Total

Fluoxetine, n = 196
Cluster % Respon- % Non-

ders Responders ders Responders
1 29 6 35 5 0 5
2 31 14 45 24 4 28
3 4 12 16 10 31 41
4 0 4 4 0 26 26
Overall 64 36 100 39 61 100

Table 2: Percentage of subjects classified to each cluster, with consideration of
baseline features

Placebo, n = 162
Total % Respon- % Non- Total

Fluoxetine, n = 196
Cluster % Respon- % Non-

ders Responders ders Responders
1 34 6 40 7 0 7
2 29 18 47 20 8 33
3 1 9 10 6 32 38
4 0 3 3 0 22 22
Overall 64 36 100 38 62 100
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Figure 1. Contours of slope and concavity coefficients for Fluoxetine and
placebo treated subjects with different a” x values

Fluoxetine-Treated Subjects - Clustering Placebo Subjects - Clustering

* Responsed
= MNon-r

Concavity
o
Concavity
5

T T T T T
=20 -15 -10 -5 0 5 =20 -15 -10 -5 0 5]
Slope Slope

Figure 2: Convexity-based clustering partition for k = 4,
subjects classified to Cluster 1

Conclusion

. To 1dentity effective treatments when there 1s a lot of
overlap outcomes from different groups of subjects
1s a challenge for mental health study.

. This study 1s based on the convexity-based cluster-
ing approach developed by Tarpey et al.

.By considering a linear combination of baseline
biosignatures may improve the approach’s pertor-
mance, which can be seen from the results.

. Future work: a more efficient method for higher di-
mension of biosignatures 1s needed.
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