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Background: Depression is a common, complex, and dynamic mental disorder. Mitigating depression has
become a national health priority as it affects 1 out of 10 American adults and is the most common
mental illness seen in primary care. The emerging use of electronic health record (EHR) provides an
unprecedented information infrastructure to understand depression trajectories.
Objective: We aim to effectively analyze patterns in the collected depression trajectories of a treatment
population and compare several methods to predict individual trajectories for monitoring treatment out-
comes.
Methods: Our data includes longitudinal Patient Health Questionnaire (PHQ)-9 scores over 4 years for
assessing depression severity from the Mental Health Research Network. We analyzed > 3,000 patients
with at least six PHQ-9 observations who have ongoing treatment. We used smoothing splines to model
individual depression trajectories. We then used K-means clustering and collaborative modeling (CM) to
identify subgroup patterns. We further predicted the individuals’ PHQ-9 scores based on depression tra-
jectories learnt from individual growth model (IGM), mixed effect model (MEM), CM, and similarity-based
CM (SCM), and compared their predictive performances.
Results: We found five broad trajectory patterns in the ongoing treatment population: stable high, stable
low, fluctuating moderate, an increasing and a decreasing group. For prediction, the root mean square
error (rMSE) in the testing set for IGM, MEM, CM, and SCM are 12.53, 5.91, 5.18, and 3.21.
Limitations: Our EHR data provide limited information on patients’ demographic, socioeconomic, and
other clinical factors that may be relevant to improve model performances.
Conclusion: We established a trajectory-based framework for depression assessment and prognosis that is
adaptable to model population heterogeneity using EHR data. Collaborative modeling outperformed other
established methods.

© 2016 Elsevier Inc. All rights reserved.

1. Introduction

primary care [1]. Treatment for depression includes psychotherapy
and antidepressants. The goals of treatment are to achieve com-

Depression is a common, complex and dynamic mental disor-
der characterized by sad mood, loss of interest in activities, weight
gain or loss, psychomotor agitation or retardation, fatigue, inap-
propriate guilt, difficulties concentrating, and recurrent thoughts of
death [1]. Depression related mortality and morbidity have been
rising in recent decades [2]. Suicide recently became the number
one violent cause of death and the 10th leading cause of death in
the U.S. [3,4]. The economic burden of depression is estimated at
billions of dollars each year [5]. Consequently, mitigating depres-
sion has become a national health priority as it affects 1 out of 10
American adults and is the most common mental illness seen in
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plete remission and prevent relapse of depression. Due to poten-
tial side effects of the medication, the Food and Drug Administra-
tion (FDA) emphasizes that patients taking antidepressants should
be closely monitored [6]. While depression is essentially a hetero-
geneous dynamic process, monitoring needs a quantitative under-
standing of the progression patterns. Understanding trajectories of
depression is essential when health care providers and health sys-
tems want to allocate attention and resources to those who need
them most. We need more sophisticated approaches for monitor-
ing outcomes and identifying those likely to need more intensive
treatment.

Hence, empirically-based monitoring strategies are critical for
diagnosis, prognosis and evaluation of treatment outcome of de-
pression. The emerging use of electronic health record (EHR) in
health care systems provides an abundance of data that contains
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Fig. 1. A flow chart that summarizes the analysis procedure. Trajectory patterns found from step-1 is used to initialize the CM/SCM model in step-2, and the individual

trajectories and latent patterns can be obtained from step-2 simultaneously.

the disease trajectories of many individuals. Thus, statistical analy-
sis of these trajectories could lead to a quantitative understanding
of the progression patterns, providing useful knowledge for guid-
ing the clinical actions for depression monitoring. However, knowl-
edge of how depression progress over time is still limited. Much
previous research on depressive symptom trajectories has exam-
ined average effects. For example, longitudinal study of depressive
trajectory across adult lifespan has found a quadratic pattern (U-
shaped), in which depression is highest among young and older
adults [7]. Research regarding individual trajectories is more lim-
ited. One investigation found a five—class trajectory patterns in a
cohort of Australian family practice [8]. To the best of our knowl-
edge, there is no research on individual depression trajectories for
the intermediate timeframe (2-5 years) using large U.S. EHR data.
Understanding depression progression in the 2-5 years’ time win-
dow is clinically relevant for designing monitoring and treatment
follow-up strategies.

One common tool to assess depression level is the Patient
Health Questionnaire (PHQ)-9, a self-administered questionnaire
that includes 9 multiple-choice questions [9]. The Mental Health
Research Network (MHRN) provides one of the largest depression
datasets of longitudinal PHQ-9 observations in the U.S. for this
study [10]. The objective is to design a modeling framework to
effectively analyze patterns in the collected depression trajecto-
ries of a treatment population and predict individual level tra-
jectories for monitoring treatment outcomes. We first apply clus-
tering algorithm to identify representative subgroup patterns in a
treatment population (Step-1); we then use these patterns as prior
knowledge to discover and predict depression trajectory for indi-
vidual patient using the collaborative modeling approach (CM) and
similarity-based collaborative modeling (SCM), which incorporate
the similarity between individuals and latent structure in the pop-
ulation (Step-2). The overall process of analysis is summarized by
the flow chart in Fig. 1. We compare the prediction performances
of CM and SCM with the method that predicts individual trajec-
tories independently (IGM) and the mixed effects model (MEM)
which does not exploit the latent structure in population. We find
that EHR may show few and/or incomplete records that only cover
a segment of the trajectory (i.e., sparsity), and observations may be
discrete and irregular (i.e. irregularity). Existing methods of disease
trajectory analysis came from diverse disciplines such as statistics,
machine learning, and engineering prognostics [11-15]. However
challenges remain for processing the heterogeneous and irregu-
lar depression trajectory data: depression has complex dynamics
embedded in individual’s disease trajectory that is further compli-
cated by the widely reported heterogeneity of the dynamics in the
population [7,8]. Thus, we assemble a good combination of statis-
tical tools, tailored for the data challenges that we encounter in
the depression EHR dataset, to discover the representative patterns

for the heterogeneous depression dynamics and predict individ-
ual depression trajectories. We will show that they are effective in
discovering progression patterns of depression and more powerful
than other statistical models that are commonly used for analyzing
individual trajectories in the literature.

2. Methods
2.1. Data

The MHRN dataset contains depression monitoring outcome
data with approximately 1.2 million observations from a diverse
and representative sample of outpatients in five states (California,
Colorado, Minnesota, Washington and Idaho). Using the conven-
tional classification of total scores in PHQ-9, depression was min-
imal (score 0-4) in 262,841 (35%), mild (score 5-9) in 184,448
(25%), moderate (score 10-14) in 138,184 (18%), moderately severe
(score 15-19) in 96,624 (13%), and severe (20 or greater) in 65,217
(9%) [16]. The dataset includes person-level longitudinal depres-
sion measures (total scores and item 9’s scores) in EHR between
years 2007 and 2012 and are linked to relative time between mea-
sures, diagnosis and treatment status, type of providers (primary
care, mental health specialist) where the questionnaires were con-
ducted, individuals’ age, sex, and the Charlson Comorbidity Score
(a standard indicator of medical disease burden). In mental health
specialty clinics (the majority of this sample), questionnaires were
typically completed in waiting areas, and results were delivered
to providers at the beginning of the visit. In primary care clin-
ics (the minority of this sample), questionnaires could be com-
pleted prior to the visits (if depression was the reason for visit)
or during the visit (when the provider identified depression as a
concern).

Our study sample was limited to 9306 individuals receiving
onging treatment (defined as mental health diagnosis, mental
health medication, or mental health specialty visit within the prior
180 days, excluding those completing the PHQ-9 for depression
screening). The basic statistics of this group is summarized in Ap-
pendix Table A.1. The majority are older than age 45 and female
(70%). The average follow-up duration is 2.2 years. The average
time to the next PHQ-9 measurement is 5.2 months, with a range
from one day to 6.6 years. Since the PHQ-9 assesses the patients’
depression levels in the past two weeks, we transformed the time
unit to two weeks (biweekly) and averaged the measurements
within each biweekly window. In the ongoing group, 3159 (33.9%)
of them are frequently measured individuals that have at least six
biweekly measurements. We conduct analysis on this group to dis-
cover the representative patterns in their trajectories and do tra-
jectory prediction.



Download English Version:

https://daneshyari.com/en/article/4499812

Download Persian Version:

https://daneshyari.com/article/4499812

Daneshyari.com


https://daneshyari.com/en/article/4499812
https://daneshyari.com/article/4499812
https://daneshyari.com

