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ABSTRACT

In contrast to the one-size-fits-all approach to medicine, precision
medicine will allow targeted prescriptions based on the specific
profile of the patient thereby avoiding adverse reactions and inef-
fective but expensive treatments. Longitudinal observational data
such as Electronic Health Records (EHRs) have become an emerging
data source for personalized medicine. In this paper, we propose
a unified computational framework, called PerDREP, to predict
the unique response patterns of each individual patient from EHR
data. PerDREP models individual responses of each patient to the
drug exposure by introducing a linear system to account for pa-
tients’ heterogeneity, and incorporates a patient similarity graph as
a network regularization. We formulate PerDREP as a convex opti-
mization problem and develop an iterative gradient descent method
to solve it. In the experiments, we identify the effect of drugs on
Glycated hemoglobin test results. The experimental results provide
evidence that the proposed method is not only more accurate than
state-of-the-art methods, but is also able to automatically cluster
patients into multiple coherent groups, thus paving the way for
personalized medicine.
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1 INTRODUCTION

In contrast to one-size-fits-all medicine, personalized medicine aims
to tailor treatment of a disease to the individual characteristics of
each patient. This requires the ability to classify patients into sub-
groups with predictable response to a specific treatment. Ideally,
personalized medicine will enable targeted prescription of any given
treatment only to the likely responders, to avoid adverse reactions
and expensive treatments to non-responders. Although there are
already many examples of personalized medicine leveraging genet-
ics/genomics information of individuals in current practice [1, 7],
such information is not yet widely available in everyday clinical
practice, and is insufficient since it only addresses one of many
factors affecting response to medication [25]. Large-scale longitu-
dinal observational data such as Electronic Health Records (EHRs)
contain millions of patient records and thus, provides a unique
opportunity to reassess the effects of a drug from many different
perspectives.

Most of the existing computational methods for finding drug ef-
fectiveness from longitudinal data apply a linear fixed effect model
by considering all drugs simultaneously to estimate the drug ef-
fects for a certain type of outcome of interest [21, 30, 31, 38]. To
remove the effect of other clinical confounders that may vary across
patients, they also leverage patient’s own prior drug responses as
control. Hence, these methods are called Self-Controlled Case Series
(SCCS) models. Several extensions of these models (e.g., baseline
regularization models presented in [20] and [14]) have been pro-
posed to account for the variations of laboratory test results (the
outcome of interest) among different patients, and to leverage the
drug similarities and their therapeutic classifications for finding
drug effectiveness, respectively. However, none of these studies can
estimate drug effects in a personalized manner. In fact, in EHRs,
there exist huge amounts of variations in terms of patients’ charac-
teristics and patients’ abilities to respond to a drug. For example,
one group of patients with chronic health conditions can respond to
a drug differently than another group of patient with a different set
of chronic health conditions [3]. Such patient heterogeneity needs
to be taken into account when identifying drug effects, so that the
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Figure 1: Longitudinal patient records.

obtained drugs with possible therapeutic indications and/or Ad-
verse Drug Reactions (ADRs) can be applied in a more personalized
manner during clinical decision making.

Utilizing EHR data for personalized drug response poses several
challenges. First, identifying factors that can affect the patient’s
ability to respond to a particular drug (i. e., heterogeneity) from
longitudinal EHRs is difficult. Second, the temporal sequences when
the drugs and the laboratory measurements were collected are
highly irregular in nature. Third, the personalized model has to
be interpretable enough, so that the local response patterns of
each patient can be inferred from the model in addition to the
overall global patterns. In this paper, we propose a Personalized
Drug Response Prediction (PerDREP) model to identify unique
response patterns of each individual patient using information
from the longitudinal patient records. In particular, we use separate
parameters for each individual patient for representing the drug
effects on an outcome of interest. To the best of our knowledge,
our model is first of its kind to account for patient heterogeneity
while building interpretable predictive models for identifying drug
effects from longitudinal EHR data. Our contributions in this paper
can be summarized as follows:

e We introduce a linear model that can account for the patients’
heterogeneity in terms of how they respond to a particular
set of drugs, which generalizes the original baseline regular-
ization model [20].

We incorporate several regularization schemes, so that the
over-parameterization problem of the personalized drug re-
sponse model is relieved substantially.

Using one such network regularization approach using pa-
tient’s background information, we allow the clustering of
patients into multiple coherent groups to learn local patterns
of drug responses.

We derive an iterative gradient descent based approach for
solving the convex optimization problem.

Finally, we demonstrate the effectiveness of our algorithm
by applying the proposed method on a real-world large scale
EHR data set and by conducting several case studies.

2 METHOD
2.1 Notations:

An example of a longitudinal patient record is represented in Figure
1(a). We assume that there are N patients in the EHR data with at
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least one record of the lab test measurement under consideration.
We denote y;; € R as the lab test measurement of the i’ h patient,
where i € {1,2, ..., N}, at the jth time point taken among a total
number of J; lab test measurement, i. e., j € {1,2,..., J;}. We also
denote the drug exposures of M drugs for the i*" patient until the
jth time point as a vector x;; € RM. Each entry of this vector, x;jm
represents the exposure to the mth drug for m € {1,2,..., M}.

2.2 Problem formulations

Most of the self-controlled case series (SCCS) models assume that
the measurement level of a patient obtained at a particular time is in-
fluenced by the joint effect of the exposures to drugs that the patient
took until that time point, and by the baseline measurement levels
due to the inherent variations among patients. Such patient specific
variations of a laboratory measurement can be both time-invariant
and time-dependent. For example, a time-invariant baseline effect
for each individual patient can arise from existing variations among
different patient groups for a particular laboratory result, which
may occur due to their inherent predisposition towards certain clin-
ical conditions (e.g., South Asian population patients have higher
level of lipid profiles [2]). Furthermore, the measurements taken at
one time point are not independent of the other responses that are
measured at different time-points for the same patient, especially
among the longitudinal observations among the large-scale tempo-
ral EHR data. Indeed, many confounding factors, both unobserved
(e.g., co-morbid conditions diagnosed after the primary diagnosis
for which the lab test was performed) and observed (e.g., age or
weight gains) can significantly alter the laboratory responses of
otherwise healthy subjects over such a long period of observations,
irrespective of the drug exposure.

The effects of drug exposure x;; towards the laboratory measure-
ments y;; along with both time-invariant and time-dependent con-
founding factors can be modeled using fixed effect models [31, 37]

as follows:
T i.i.d. 2
yij|xij:ai+tij+ﬁ Xij + €ij, €ij ——— N, %)

1)

where,

B=1pp - pul’,

Here, o; € Ris the patient specific, unobserved and time-invariant

T
xij = [xij1 xij2 xijml,
parameter representing the baseline effect of the i* h patient on the
laboratory measurements y;j, irrespective of time point j, drug

exposures Xjj, and other patients. Similarly, the time-dependent
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parameter t;; € R captures the deviation of the measurement at
the jth point of the i’ h patient from the baseline effect a;. f is an
M X 1 vector with values of 8, , m € {1, 2, ..., M}, representing the
effect of m'" drug on the measurement of lab test. €j represents
independent and identically distributed Gaussian noises with zero
mean and variance o2.

Estimating the nuisance parameters §, ; and #;; can be for-
mulated as least square solutions of a linear fixed effect models
[21, 37]:

a
argmin —|y—-[S X I]|B (2)
a,w,t t
2
where, .
a = [o o an]’,
T
y = [yn Y1), YN1 YNNI
X = [xn X1J, XN1 XN]N]T,
S = diag(ll, 13,-+-, 1n),
T
t = [t11-~-t1]1"'tNl"'tN]N]

Here, we stack all lab test measurements of all patients into a
column vector y with the dimension of J x 1, where ] is the total
number of lab test measurements from all patients, i.e., J = Zf\i Ji-
Similarly, all the drug exposures are summarized in the matrix
X e RM_ Also, S is a block diagonal matrix with the dimension
of ] X N, where 1; is a J; X 1 vector with all components being 1.
can represent the baseline non-random laboratory measurements
of all patients. Also, I}y is the identity matrix and both ¢ and ¢ are
nuisance parameters, which have to be learned from the observed
data.

2.3 Personalized drug response prediction

The above mentioned fixed-effect model can only estimate the
baseline non-random effect of the laboratory test measurements
for each person, but these methods cannot model the individual
responses of each patient towards the drug exposure. The objective
of our method is to find the personalized drug responses that are
associated with laboratory test measurement y;; that are beyond
the patient specific baseline laboratory results, so that individual
drug responses can be utilized for more refined decision making
leading to more personalized medicine. In this paper, we extend
the fixed effect models for estimating such personalized drug effect,
hence the name of our model: Personalized Drug Effectiveness
Prediction (PerDREP). The unique assumption of this model is that
there exist variations not only among the baseline measurements
of laboratory results, but also among the effect of drug exposures
on the laboratory test measurements for a particular patient due
to patient heterogeneity. Therefore, the effect of drug exposures on
one patient beyond the baseline effect is independent of the effect
of the same drugs on other patients.

The linear fixed effect model (Eq. (1)) can be reformulated using
one parameter to model the effect of one drug on one particular
patient:

i.i.d.

yij|xij =a,~+tij+wiTx,~j+eij, €ij N(O,o’z) 3)

where,
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Here, the individual response of the i*” patient on the m*" drug is
denoted by wj,, wherei € [1,2,--- ,N]and m € [1,2,--- ,M]. So,
in these models, both «; and w; are patient-specific, but unknown
time-invariant parameters representing the baseline measurement
of the laboratory test and the drug effects on the same measurement
respectively.

In order to solve this problem using linear least square for-
mulation, we vectorized the drug response matrix W into a col-
[WT1 Wl ~W.TM]—r with the dimension
of NM X 1, where W ,,, is the m'" column of W. We also re-
arrange the feature matrix X of Eq. (2) into a new matrix Z =
[Zl Zs ZM]T, where Z,,, € RI*N is a block diagonal
matrix containing all the drug exposures of drug m of all patients
asZmy = diag([Zlm,ZZm, .- ,ZNm]),

So, if we substitute all Z,, corresponding to all drugs m €
[1,2,---M], a new feature matrix Z can be obtained with the di-
mension of ] X NM

umn vector w

Z11 ZIM
Z21 M
7 =
ZN1 ZINM
MN columns for each
N patients drug and each patient J Lab results
| |
1 1
1 1
1 1
1 1
1 1
J 1 1
1 1
1 1
1 1
1 1
——
Yy S Z N patients for 1
mt" drugs

Figure 2: The design matrix of Personalized Drug Response
Prediction model as in Eq. (4). Each color corresponds to one
patient’s records.

We reformulate the personalized drug effectiveness prediction
problem as a linear least square formulation as shown below:

2

arg min %y—[S Z 1] (4)

a,w,t

- T R

2

A visual representation of the design matrix of Eq. (4) is shown
in Figure 2. This least square regression problem has total number
of J samples, however, the model complexity increases as we have
to learn MN + N + J parameters. In order to avoid over-fitting, we
impose several regularizations on this model as described in next
few subsections.
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2.4 Time-varying Effects

We introduce a few assumptions to our PerDREP models using
temporal smoothness constraints on consecutive responses of labo-
ratory tests of each patient. Intuitively, we assume that two consec-
utive laboratory test results performed within a small time period
do not differ significantly [20]. Let us consider two consecutive mea-
surements y;; and y;(j,1) of patient i taken on day 7;;j and 7;(j41)
respectively. If they are close in time, i.e., 7;(j41) — 7ij < & for a
predefined threshold &, then the changes on test measurements
Yi(j+1) — Yij are either due to the drug exposures as measured by
wl.Txl- j or the effect of confounders within the time period 8. In both
cases, we can assume |(a&; — t;j) — (@i — ti(j41)| = [tiGi+1) — tijl is
small from Eq. (3). Hence, a fused lasso based regularization penalty
can be incorporated [35] on the consecutive baseline parameters.

A slightly stricter assumption can be introduced into Eq. (4) by
considering that consecutive test measurements that are within §
time period have the same baseline effect, i.e., |7;(j11) — 7mij| < 6 =
tij = ti(j+1), for a small parameter § [21]. Here, all the nuisance
parameters are eliminated and the change in the laboratory test
measurements only depends on w. Note that although this model
adopts stricter assumptions than the fused lasso based regulariza-
tion, both of these models still achieve similar performances, as
demonstrated in a non-personalized fixed-effect model based on
Eq.(1) [20]. Since the main focus of our work is on learning person-
alized drug response predictions, we adopt the stricter assumptions
in our model without loss of efficiency.

Given this assumption, we can reformulate our learning problem
as learning the effect of changes of consecutive outputs within §
given any changes of drug exposure, as illustrated in Figure 1(b)
for a sample patient record. In fact, we can construct a cohort by
considering only the consecutive laboratory tests that are within §
time. Note that this cohort will also solve the issue of irregularities
in the temporal dimension as described earlier. In this cohort, we
can reformulate the linear learning problem as minimizing the
following loss function:

Li=1 HD‘Sy - D5ZwH2 )
2 2

Here, D% isa sparse matrix with dimension s X J containing only
0 or +1 entries, where s is the total number of consecutive pairs of
test measurements that are within 8. The purpose of D? is to create
a first difference matrix from the observational data, i. e., when
each row of DY is multiplied with y, the new vector will contain the
difference of the later measurement from the earlier measurement.
For example, the difference matrix for patient i is Df € RS,
where s; is the total number of consecutive pairs within § period.
For each k! consecutive pair < yij, yj(j+1) > fork € [1,2,---,si],
the corresponding row ofD? will be [0,---,0,-1,1,0,---,0] with
-l1and 1 in jth and (j + 1)”’ positions respectively. Now, D’ =
diag(Dl‘s, -+ ,DN9), where s = 3; s;. For simplicity, we denote
D? as D for rest of the paper, for a given 8.

2.5 Drug Sparsity

The least square regression problem Eq. (5) has a total number of s
lab results, where we have to learn a total number of MN parame-
ters. EHR data are often high-dimensional, with large number of
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samples (N) considered for particular cohorts and large numbers
of drugs (M) prescribed for those patients with diverse diagnostic
backgrounds. However, each sample contains a small number of
consecutive laboratory results that are within J (total s results), and
this can still lead to over-parameterization in Eq. (5).

To overcome this issue, we further regularize the w by imposing
the regularization on the drug effectiveness within each sample
so that feature selection can be performed simultaneously for im-
proved model interpretation. The easiest way to impose sparsity is
to impose an ¢ penalty [34] on alll\]drug features of all samples as

shown below: 1
Ly = 115 ; lwilly

However, such heavy regularization on all parameters can lead
to have many sample weights that are null due to the small number
of samples available in the dataset. Instead, we would rather want
to select few drugs for most of the patients. Therefore, we consider
a mixed-type regularization using both ¢; and ¢ [19] that have
been used successfully in many domains, where some predefined
group structures among the variables are available. Although the
definition of group is not directly applicable in our case, we can
still consider each sample weight vector w; as a group (for a total
of N groups).

In our high dimensional learning case, we assume that there
exists intra-group sparsity, i. e., {1 regularization is applied on
individual drug exposure features within each sample (i.e., w;),
while inter-group (samples) non-sparsity is achieved by imposing a
o structure on the parameters obtained from all samples. Therefore,
we want to use an {1, or exclusive regularization [18, 41] approach
to our model to impose sparsity as defined below:

L&
_ 12
L= /115 ;_1 [lw:ll

where A1 > 0 is a hyper-parameter of the model. The square of {;
in Eq. (6) will guarantee that all of the sample weights will remain

(6)

non-zero (i. e., w; # 0).

2.6 Network Regularization

The linear least-square formulation of Eq. (5) further assumes the
personalized drug responses are independent across patients. How-
ever, this assumption is not true in EHR data sets, because patients
with similar backgrounds should have similar types of drug re-
sponses. For example, a particular group of patients with kidney
failure may respond to a drug used to lower HbAlc in a different
degree than the patient group with chronic heart diseases [24].
Based on this observation, we consider patients’ demographic back-
ground and diagnosis codes as the most important determinant
of the similarities among patients in terms of their background
heterogeneity of having different drug responses. Consequently,
we use this information to further regularize Eq. (5).

Let us consider a similarity network R € RN*N  where each
element [R];, ; = rij» > 0 is a coefficient representing the relation-
ship between each pair of patients i and i’ fori € {1,2,---,N}
and i’ € {1,2,---,N}. This graph can be computed using any
similarity measure on the background information of patients i
and i’ such as their demographic information Gi;.j and Gy;.), or
their diagnostic profiles P[;.; and P[;.}, or both by combining the
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individual similarity scores. We assume here that R is an undirected
graph (i.e, R = RT) and the diagonal elements of R are zero, i.e.,
rii =0foralli € {1,2,---, N}. Based on such relatedness of a pair
of patients (i and i’) r;;», we can impose a network regularizer on
the corresponding two vectors of w; and w; as follows:

LN
Ls =2z Z ri,ir ||wi — wil, 7)

i,i’=1

where A2 > 0 is another regularization hyper-parameter.

2.7 PerDREP Model

Combining all of our assumptions described above, we arrive at the
final formulation of the Personalized Drug Effectiveness Prediction
model:

argmin L = L1+ Ly + L3 (8)
w

N
= argmin||Dy - DZwl|} + A1 ) Iwill}
w i=1
N N-1

+A2 Z Z riir llwi —wirl .

i>i’i'=1

Here, A1 and A, are hyper-parameters. A; controls the exclu-
sive lasso penalty and A, controls the network lasso penalty. More
importantly, these two types of regularization when combined to-
gether can provide interesting model interpretations by learning
multiple local predictive models [39]. If A3 is sufficiently large, we
can efficiently cluster the samples into multiple groups based on
the similarities of w/s. More specifically, when [|w; — wy/||, is quite
small (preferably zero), and we can consider that the i’ h and i'th
patients belong to the same cluster. At the same time outliers tend
to form their own clusters that are very distant from the other nor-
mal clusters in terms of their average drug response co-efficients.
Furthermore, if the A1 sparsity parameter is sufficiently large, then
it helps selecting multiple groups of drugs where each group of
drugs can correspond locally either to an individual patient or to
the corresponding cluster containing the individual patient. The
obtained drug responses of an individual and their localized pat-
terns corresponding to the patient clusters can enhance the clinical
interpretation of patient heterogeneity of EHR data significantly.

3 OPTIMIZATION

The PerDREP problem as formulated in Eq.(8) is a convex optimiza-
tion problem where a global solution of w is available.

Lemma 1. The analytical solution the PerDREP model of Eq. (8)
can be obtained by taking % = 0, which can be obtained as:

w=(2"D'Dz+H) ' zZ'D Dy ©)
where,
_ _ _ N L llwilly
H=M1F, + 1,Fg, Fg=Iy®C, [F];= Z il
i=1
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ci1  CN
C = . . ’
CN1 *** CNN
n Tik _ Tii? i=1i
civ = {Zk‘l Twiwill, ~ Twi-wpl,” P50
t Tiit P
“Twiew T, L#1.
I, = 1, if w; belongs to patient i
B 0, otherwise.
Proof.
0L d (1 2
=l - = |(Z|Dy-Dzw
ow  Ow \2 1Dy Iz
a
% =-2'D'Dy+Z"'D ' DzZw (10)
w

The derivative of the drug sparsity regularization is [39]:

N
0L, 0 |1 2
— =—1=A will{] = A1Few 11
= T ZI;H illf| = MiFe (1)
Here, F, € RMNXMN i 5 diagonal matrix. I, is an indicator rep-
resenting whether the I h element in |w]| belongs to |w;|.
Under r;j 2> 0, rij = rjj, rij = 0, the derivative of the network
regularization can be obtained as [39]:
9 N
v Z rij Hwi - wJ'”2 =2CW (12)
i,j=1
Now, if we perform the vectorization of the matrix W on both sides
of Eq. (12), we get
oL
= = Ml ® O)w = AaFgw (13)
ow
since, vec(CWIyy) = (Iy1 ® C)w, where vec(*) is the vectorization
operator. Here, W = [wy, - ,wy]T e RNXM, Fy € RMNXMN 4
a block diagonal matrix, Iy is a M X M identity matrix, and ® is

the Kronecker product. Therefore, we can derive from % = 0 that

w=Z'D'Dz +H) ' ZTDTDy o

However, in this analytical solution of Lemma 1, the interme-
diate quantities Fg, F and H themselves depend on w. We use a
recently proposed localized lasso approach [39] to solve for the
large number of parameters involved in this solution using an iter-
ative least square method. One of the advantage of such a localized
lasso optimization problem is that it does not require any tuning
parameter unlike many other large-scale optimization approaches
(e.g., Alternating Direction Method for Multipliers (ADMM) [4])
and guaranteed to converge to the optimal solution.

Based on the new intermediate quantity H, the PerDREP op-
timization problem of Eq. (8) can be reformulated as optimizing
the following objective function, so that w and the intermediate
quantities (Fg, Fe, and H) can be optimized iteratively.

L = Dy - DZwl)} + wT (L F + 2,5 )w (14)
where Fg), F(et) and H®) are the values of Fg, Fe and H at step t.
Then, w can be estimated by solving g—fv = 0 as below:

w*) — @) ZTDT (1, + DZHP)'Z"DT) Dy (15)
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Algorithm 1 Iteratively Reweighted Least Squares for localized
lasso regularization
: Data: Z,y, D, R, A1, A2
Data: W
. t < 0. Initialize H®)
: repeat
ke—k+1
while stopping criteria not met do
W(t+1) — (H(t))—lZTDT(In+Dz(H(t))—1zTDT)—1Dy
Compute H*D based on wi!+1)
te—t+1
end while
. until stopping criteria not met

R A o

_
(S

Then, H!*Y) is computed based on wlt+1)

and the process can
be iterated until convergence, as shown in Algorithm 1. Solving Eq.
(14) leads to the global optimum solution of Eq. (8). The details are

shown in the supplementary section of the paper.

4 EXPERIMENTS

We demonstrate our proposed PerDREP model using Glycated
Hemoglobin (HbA1c) laboratory test measurements from our EHR
data. It is widely used to measure the average blood sugar level in
the body over time.

4.1 Data

We use a large-scale EHR dataset consisting of over 300,000 pa-
tients over 4 years which contains detailed time-stamped records
of patient-level health events, e.g., drugs prescribed, demographics,
conditions diagnosed and laboratory test results. We require that
each patient have at least two HbA1c laboratory tests on different
dates resulting in 14,657 patients in the HbA1c cohort. Details of
the data preprocessing and cohort construction are described in
the supplementary section.

4.2 Building patient similarity network

Without loss of generalizablity, we consider patients’ demograph-
ics and diagnosis codes for constructing similarity network. One
interesting phenomenon that we observed in the obtained network
is that the similarities among the patients are not uniformly dis-
tributed, rather it has multiple modalities. Therefore, we use only
the most similar patients by sparsifying the patient network using
a threshold, which is denoted as PerDREP-thre in the rest of the
paper. However, this approach often leads to only a few connected
components. Alternatively, we construct a sparse fully connected
network structure using a minimum spanning tree (MST) [9], which
is referred as PerDREP-MST approach in the rest of the paper (See
Supplementary section for details).

4.3 Evaluation

Lack of baseline method: To best of our knowledge, PerDREP
is the first method of its kind to learn personalized drug response
predictions for each patient by explicitly combining temporal drug
exposures and patient similarity together into the same model.
Since there is no available baseline for personalized models, we use
one of the most efficient CSCCS method called alternative baseline
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regularization (ABR) [20] as the baseline model to compare against
our PerDREP method. Although this baseline method cannot pre-
dict drug responses for each patient, we want to make sure that
on average we do not sacrifice the global signals in term of drug
responses while learning the localized and personalized patterns of
the drug responses applicable only to smaller patient groups.

We perform a grid search on the exponential range of parameter
values for the two hyper-parameters of our model, i.e., 1; and 7.
Each combination of these hyper-parameters will return a total
number of P = | U; P;| drugs, where P; represents the number of
drugs for each patient. For a given P, we use the Bayesian Infor-
mation criteria (BIC) [42] to assess the model fitness among those
models that yield P drugs and then, select the model with minimum
BIC as the best model. We also use a similar approach to optimize
the ABR method, which also has two different hyper-parameters.
We follow their experimental setup [21] by assigning =4 years.

Ground Truth: We generated two different sets of drugs which
are known to treat hyperglycemia and to cause hyperglycemia side
effect using MEDication Indication resource (MEDI) [36] and SIDER
database (version 4.1) [22] respectively. This resulted in 77 drugs
known to decrease HbA1lc and 122 drugs known to increase HbA1lc.

Metrics: For evaluation purposes, we use the evaluation metrics
from the information retrieval domain such as precision, recall
and F1-score[26] at K for two reasons. First, the ground truth data
is not complete and thus the true negative drugs are not defined.
Therefore, metrics such as specificity, accuracy and area under the
ROC (AUC) that requires true negatives cannot be computed in this
context. Second, it is only important to look at the top most drugs
(K) for further evaluation by domain experts [26] and therefore, the
precision and recall are computed among these K drugs. Finally,
we take the harmonic average of precision and recall to get the
F1-score.

5 RESULTS AND DISCUSSION

First, we compare the two versions of the PerDREP method against
the baseline ABR method quantitatively. Note that the PerDREP
model finds the drug effectiveness coefficients w; for each patient
separately, while ABR finds a global parameter f§ that represent the
global signal about the drug’s effectiveness. In order to generate
such global coefficients for the PerDREP model for the purpose
of model evaluation, we average the obtained drug coefficients W
across all the patients.

To compare these methods in an unbiased manner, we consider
only those models from each of the three algorithms that select
similar numbers of drugs (denoted by P) while being optimized for
hyper-parameters. We vary P from values {20, 60, 100, 200} inde-
pendently. For each P, we select the best models from three algo-
rithms using the BIC criteria, and then compute the precision, recall
and F1-score at K for different values of K, where K < P. Figure
3(a) shows the F1-score at K for each P € {20, 60, 100, 200} drugs
that should decrease HbA1lc values. The PerDREP-MST method
significantly outperforms both the ABR and PerDREP-thre for all
values of P and K.

Figure 3(b) shows the F1-score at K for P drugs that can increase
HbA1c values and thus can cause potential hyperglycemia adverse
drug reaction (ADR). Note that identifying drugs that cause adverse
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Figure 3: Fl1-score at K for P drugs with hyperglycemia as indication and adverse reaction.

Cluster 10
Cluster 3

Most of the anti-
Diabetic drugs

Figure 4: [Best seen in colors] Clusters obtained using a bi-
clustering algorithm on both patients and drugs with K=10.
The shaded box highlights three prominent clusters in both
patient (row) and drug (columns) dimensions.

reactions in general is difficult and hence, the precision at K is
generally lower than the precision at K for drugs that can lower
HbA1c. However, the PerDREP-thre method performs as well as
the ABR method, and outperforms PerDREP-MST. We note that
the two PerDREP methods are complementary in nature: the MST
method is better for finding effective drugs to lower HbA1c, while
the threshold based technique is better at finding potential drugs
that can increase HbA1lc.

Identifying top-most drugs in global patterns: In order to
assess the performance of our model further, we show the top 20
drugs (sorted by their scores by averaging their coefficients W)
obtained from the best model selected by both PerDREP-MST and
ABR model using the BIC criteria in Table 1(a). The 10 drugs with
negative scores are the potential drugs to treat hyperglycemia (i.e.,
they lower HbA1c), while the bottom 10 drugs with positive scores
can increase the HbAlc level and thus, act as potential candidates
for hyperglycemia ADR. After assessing them based on the ground
truth, the effective drugs (true positives) are highlighted in pink
and the drugs that cause ADRs (true negatives) are highlighted in
green. The blue ones represent false positives (i.e., with negative
score) and false negatives (i.e., with positive score).
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Identifying top-most drugs in local patterns: Although the
PerDREP model outperforms the ABR method significantly for
finding global pattern of drug effects, the real contribution of the
proposed algorithm lies in discovering the localized patterns that
are applicable only to a subset of patients due to patient hetero-
geneity. To demonstrate this capability, we cluster the trained W
matrix in both dimensions, i.e, both on drugs and patients, using a
bi-clustering based technique [8] with 10 clusters in each dimen-
sion. Each of the obtained bi-clusters represents a localized pattern
(Figure 4). Out of these 10 clusters, there are seven prominent pa-
tient clusters (others have too few patients), each having distinct
drugs as hyperglycemia indications and side-effect. After further
evaluation of these clusters in terms of their distinctness, we ob-
served interesting heterogeneity among three patient clusters (we
denote them as cluster 3, 9, 10), as highlighted in Figure 4. These
three clusters are very different from each other and also from the
global model as shown in Table 1(b,c,d). For example, Metformin, a
first-line medication for the treatment of type 2 diabetes, was se-
lected in the top 10 effective drugs to decrease HbAlc significantly
in clusters 9 and 10. However, Metformin was not selected to be
effective for cluster 3. Another popular anti-diabetes drug is insulin
which was selected as an effective drug globally and for clusters 3
and 10. However, interestingly, it increases HbA1c for patients in
cluster 9. Similarly, Gabapentin has conflicting effects on cluster 3
and 9. These types of local patterns obtained by the PerDREP model
can help generate personalized hypotheses from observational data
for further clinical validation.

Case Study: Finally, we evaluate whether the effective drugs
for alocal cluster are associated with patients’ background informa-
tion, such as their disease histories and comorbidities. Specifically,
we evaluate whether the effective drugs for a local cluster are as-
sociated with the specific diagnosis codes of that same cluster of
patients using literature validation. As a case study, we further
investigated the unique characteristics of Metformin drugs in dif-
ferent clusters by analyzing patients’ background information. We
checked the comorbidities of two different patient cohorts: patients
in cluster 9 usually have diseases of the circulatory system, such as
heart failure (ICD9 category of 428) and acute myocardial infarc-
tion (ICD9 category of 410). In contrast, patients in cluster 3 have
more diseases of the genitourinary system, such as kidney infection
(ICD9 category of 590) and chronic kidney failure (ICD9 category
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(a) Global (b) Cluster 3 (c) Cluster 9 (d) Cluster 10
General Name Score || General Name Score || General Name Score || General Name Score
Metformin Hy- | -71.8 || Fluoxetine Hydrochloride -10.7 -16.4 || Insulin Glargine, Recombinant -55.5
drochloride
Pioglitazone Hy- | -43.5 || Nystatin -9.3 Niacin -11.2 || Glimepiride -30.8
drochloride
Glimepiride -30.2 || Promethazine Hydrochloride Alprazolam -9.8 Insulin Aspart, Recombinant -18.3
Glipizide -28.5 -8.9 Metformin Hydrochloride/ | -15.7
rosiglitazone Maleate
Glyburide -24.2 . Doxycycline Hyclate -8.8 Azithromycin -14.3
Sitagliptin Phosphate | -22.9 -1.6 Zolpidem Tartrate -8.0 Hydrochlorothiazide/ valsartan | -10.5
Rosiglitazone Maleate | -22.7 || Sildenafil Citrate -1.0 Eszopiclone -4.9 Sulfamethoxazole/ trimethoprim | -8.7
Insulin Glargine, Re- | -16.8 || Citalopram Hydrobromide -0.9 Lovastatin -4.0 Fluticasone Propionate -7.8
combinant
Insulin Aspart, Recom- | -14.9 || Insulin Aspart/insulin Aspart | -0.8 Glipizide/ metformin Hy- | -4.0 Metformin Hydrochloride/ pi- | -7.1
binant Protamine drochloride oglitazone Hydrochloride
-14.6 || Zolpidem Tartrate -0.8 Polyethylene Glycol 3350 -4.0 Lactulose -6.2
9.7 Omeprazole 20.2 41.6 104.6
10.2 Tetracycline Hydrochloride 9.9 37.9 61.9
Amoxicillin 10.4 Finasteride 8.3 27.1 Lovastatin 52.7
Glucose Meter 11.4 Ramipril 24.9 Hydrochlorothiazide 46.0
Gemlfibrozil 11.8 21.9 44.0
Ketoconazole Fenofibrate 18.2 Atenolol 33.2
17.2 Cephalexin 29.6
Potassium Chloride 15.3 Valsartan 28.5
7.6 Levothyroxine Sodium 28.4
Fluconazole 7.0 28.0

Table 1: Top 20 ranked drugs for all patients (a) and three important patient clusters (b,c,d). The first 10 drugs with negative

co-efficients decrease HbA1c, while the last 10 drugs increase HbA1c.

of 585). The observation is consistent with clinical guidelines: heart
failure patients who use Metformin have better outcomes than
those on other anti-diabetic agents [24]; insulin is not effective for
heart failure patients in controlling their blood sugar levels, and
will even increase their risk of mortality [33]. However, the use
of Metformin for patients with kidney diseases is controversial
[16]; instead, insulin is usually used for those comorbidities (insulin
significantly decreases HbA1lc for those patients in cluster 3).

6 RELATED WORK

Drug effectiveness prediction: Finding therapeutic effects of
drugs has been studied using the properties of drugs such as chem-
ical properties [11], chemical-protein interactome [13, 23], or the
properties of diseases such as disease gene networks[28], disease
gene expression [32]. Also, some studies [15, 40] leverage one or
more such properties of drugs and diseases for predicting therapeu-
tic indications of newly developed drugs or by re-purposing already
existing drugs. A different group of studies use similar types data
sources for predicting adverse drug reactions (ADRs) [6, 27]. How-
ever, none of these studies used observational data for predicting
the therapeutic indication or ADRs. Recently, observational data
such as EHRs, spontaneous reporting system data, health exam-
ination survey have been used by a few studies to find potential
ADRs [17] and therapeutic indications [5]. However, none of these
studies take the longitudinal information of patient’s observational
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data nor build the personalized models taking the same patient’s
prior history as control.

Machine learning techniques for mining drug effects from
longitudinal EHRs: Most of the existing machine learning studies
aimed to apply a linear model on the longitudinal patient history
for estimating drug effects for a certain type of outcome of interest
such as decreased cancer risk [30], decreased fasting blood glu-
cose [21], or increased risk of ADRs [31]. Since they leveraged the
patient’s own previous drug responses as control, these methods
are called Self-Controlled Case Series (SCCS) models. Recently, a
baseline regularization model [20] has been proposed to utilize the
drug histories over time using a baseline parameter in the model
which can account for the variations of laboratory test results (the
outcome of interest) among different patients. Furthermore, another
recent method [14] extends the baseline regularization model by
leveraging drug similarities and therapeutic classifications to guide
the optimization of identifying drug effectiveness on the labora-
tory test results. However, none of these studies can estimate drug
effects in a personalized manner. In totally different contexts of
mining EHR data for predicting disease phenotypes, a few recent
studies aim to predict individualized [38] and local patterns [10, 12]
of treatment responses. However, these methods are not applica-
ble for predicting unexpected drug responses and characterizing
responsive patients. In addition, none of these studies address the
challenges of EHR data including defining patient’s heterogeneity
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from EHR data, addressing the irregular temporal nature of EHR
data and model interpretability.

7 CONCLUSION

We have introduced a personalized drug response prediction model
to identify unique response patterns of each individual patient using
longitudinal patient record data. Experimental results suggest that
the proposed method is not only more accurate than state-of-the-
art methods, but is also able to cluster the patients automatically
into multiple groups that are clinically coherent. We believe that
the method can potentially aid the knowledge discovery process
for personalized medicine. Our method can further be extended to
include diagnostic and genetic data explicitly into the model for
learning patient heterogeneity.
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8 SUPPLEMENTARY SECTION

8.1 Additional Proof of Optimization
algorithm

Theorem 1: Algorithm 1 converges to the optimal solution Eq. (8).

Proof. The solution of the alternative loss function L of Eq. (14)
can be obtained by solving % = 0 as below [29]:

w(t+1) — (H(t))flzTDT(In + DZ(H(t))leTDT)ley

Using the updated rules of Eq. (15) to solve the alternate formu-
lation £, it can be shown that [18, 39] the new objective function
of Eq. (14) is monotonically decreasing in each iteration:

LWy — 2wy < LW — Lw?) < 0.

Based on this relationship, the algorithm will also monotonically
decrease the original formulation of Eq. (8). At convergence, H*
will satisfy Eq. (9), which implies that the corresponding solution,
w* will be the global solution of the convex optimization problem
Eq. (8). Therefore, Algorithm 1 will converge to the global optimal
solution of Eq. (8). O

Figure 5: The frequency of the drug era rank of a particular
drug.

8.2 Data Preparation

The pharmacy data in the EHR database contain information such
as the national drug code (NDC) of medication, the date of medica-
tion supplied and the number of days supplied. We map NDCs to
their generic names using a resource named Redbook!, which is a
propriety resource providing the mapping between NDCs and their
generic names. The diagnosis information in the EHR database
contain information such as International Classification of Disease
(ICD)-9 codes? and their diagnosis dates. In the study, we used the
first three digits of the ICD9 codes (i.e., ICD9 category) to represent
patents’ comorbidities, which yields 1026 unique ICD9 categories
in total.

http://micromedex.com/products/product-suites/clinical-knowledge/redbook
Zhttps://www.cdc.gov/nchs/icd/icd9.htm
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8.2.1 Cohort Construction. A key challenge in longitudinal EMRs
is how to find the "drug exposure era" from the raw prescription
records. In this study, we assume a drug can have the effectiveness
period of n days for each patient, which will lead to multiple drug
eras starting with a unique date for a particular drug and a particular
patient. Next, we merge all the consecutive drug eras that are too
close to each other, i.e, the ending date of the first era is within a
persistent window of the start date of the second era of the same
drug. These two parameters, namely n and persistent window, were
learned from the observational data using statistics of the length of
the drug era (Figure 5). Intuitively, we wanted to detect the optimal
point when the lengths of the drug era change drastically. For
simplicity, we assume that these lengths of drug era are bi-modal,
i.e., the optimal point for each drug can be obtained by learning
two piece-wise linear curves on the sorted drug era curve. Finally
n and persistent window were set to £ [21], where 7 is the mean
of all optimal points of drugs to obtain the final value (Figure 6).
In the HbA1c laboratory measurements, n was 31 days but was
approximated to 30 days for the ease of clinical interpretablity.

1200
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Figure 6: The sorted list of all change points of drug eras of
all drugs.

8.2.2  Building patient similarity network. The PerDREP model is
generic enough to leverage any patient similarity network using
any similarity measure for regularizing the coefficients of differ-
ent patients. Without loss of generalizability, we consider patients’
demographics and diagnosis codes for constructing similarity net-
work. Specifically, we first construct a binary diagnosis vector for
each patient containing their ICD9 diagnosis codes until the first
occurrence of the HbAlc measurement. Then, we augment this diag-
nosis vector with demographic variables to compute the similarity
measure between two patients. We used two types of similarity
measures (cosine and Jaccard) and both produced similar patient
similarity networks.

One interesting phenomenon that we observed in the obtained
network (Figure 7) is that the similarities among the patients are not
uniformly distributed, rather it has multiple modalities, i.e., some
patients are close to each other (those lying on the periphery of the
sphere in Figure 7), while the rest are very dissimilar to each other
(those lying on the center of the sphere). Therefore, we use only the
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Figure 7: The similarity network constructed out of all pa-
tients in the HbA1c cohort.
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most similar patients by sparsifying the patient network using a
threshold (denoted as PerDREP-thre) on the patient similarities. We
observed reasonably stable models by choosing the top N = log(N)
edges of the network where N is the number of patients. However,
this approach often leads to only a few connected components.

Alternatively, thePerDREP-MST approach was explored using a
sparse fully connected network structure based upon the similar-
ity edges of the patient network. In particular, we constructed a
minimum spanning tree (MST) [9] connecting all components of
the graph, such that the inverse of similarity scores of the obtained
MST is minimized.
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