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a b s t r a c t

For psychiatric diseases, rich information exists in the serial measurement of mental health symptom
scores. We present a precision medicine framework for using the trajectories of multiple symptoms to
make personalized predictions about future symptoms and related psychiatric events. Our approach fits a
Bayesian hierarchical model that estimates a population-average trajectory for all symptoms and indi-
vidual deviations from the average trajectory, then fits a second model that uses individual symptom
trajectories to estimate the risk of experiencing an event. The fitted models are used to make clinically
relevant predictions for new individuals. We demonstrate this approach on data from a study of anti-
psychotic therapy for schizophrenia, predicting future scores for positive, negative, and general symp-
toms, and the risk of treatment failure in 522 schizophrenic patients with observations over 8 weeks.
While precision medicine has focused largely on genetic and molecular data, the complementary
approach we present illustrates that innovative analytic methods for existing data can extend its reach
more broadly. The systematic use of repeated measurements of psychiatric symptoms offers the promise
of precision medicine in the field of mental health.
© 2017 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

With the expansion of electronic medical records, an increasing
amount of information is available to the health system e so called
“Big Data”(Krumholz, 2014). Harnessing this data offers the
promise of precision medicine: the ability to make treatment de-
cisions on the basis of individual-level variability in a scientifically
rigorous manner (Collins and Varmus, 2015). Precision medicine to
date has largely depended on genetic and other molecular infor-
mation (2011; Ashley, 2016). However, data that describe individual
variability are not limited to genetics.

Psychiatric illnesses such as depression, anxiety, schizophrenia,
and bipolar disorder impose substantial morbidity and mortality
(Walker et al., 2015; Whiteford et al., 2013). A rich trove of infor-
mation about patients with psychiatric disease exists in mental
health symptom scores, such as the Patient Health Questionnaire-9
t, Suite 2-600, Baltimore, MD
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(PHQ-9) and the Generalized Anxiety Disorder Screener-7 (GAD-7)
(Kroenke et al., 2001; Lowe et al., 2008). Such measurements are
increasingly being collected systematically and repeatedly by
health systems (Perlis, 2016), and the rigorous use of these data is
an area of untapped potential.

The repeated measurement of a symptom score can be
conceptualized as a trajectory for that symptom over time. When
multiple symptom scores are measured concurrently, we can
conceive of the result as a point in multidimensional space, where
each dimension represents one particular symptom. An individual's
trajectory in this sense is the way that she moves through the
multidimensional “symptom space” over time. There have been
numerous studies of the trajectories of psychiatric diseases in terms
of symptom scores over time (Kupper and Tschacher, 2002;
McLaughlin and King, 2015; Musliner et al., 2016; Wardenaar
et al., 2015), some of which have examined multiple symptom
scores in tandem (McLaughlin and King, 2015; Wardenaar et al.,
2015). Studies of psychiatric symptom trajectories have thus far
focused on making inferences at the population level.

More broadly, a large literature exists on the statistical modeling
of repeated measurements over time, much of it based on
nder the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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generalized linear mixed models (GLMMs) (Hickey et al., 2016;
Laird and Ware, 1982). The advent of Monte Carlo Markov Chain
(MCMC) methods for fitting Bayesian models has enabled rich
modeling for the entire GLMM family (McCulloch et al., 2008; Zeger
and Karim, 1991). The application of GLMMs to estimate individual
patient trajectories is of increasing importance in many areas of
clinical medicine; such models have been used to predict health-
care service utilization (Chang et al., 2011) and estimate trajectories
for individual scleroderma patients (Schulam and Saria, 2015).

In this manuscript, we articulate a statistical framework, based
on GLMMs, for using repeated measurements of multiple concur-
rent psychiatric symptoms to make personalized predictions about
the future of psychiatric disease e predictions of future symptom
severity as well as predictions of related psychiatric events. This
approach is built on the concept of trajectories at the individual
level: that the way a person's symptoms change over time and with
respect to other symptoms is informative about the course of dis-
ease. We illustrate our combined use of GLMMs and discrete sur-
vival analysis with data from a clinical trial in schizophrenia
patients.

2. Materials and methods

We developed a general, predictive modeling framework that
takes repeated symptom measurements as inputs and makes pre-
dictions about (1) future symptoms and (2) events that are not
directly a function of the symptoms (these may include events such
as suicidal behavior, hospitalization, or failure of therapy). The
framework consists of two parts that reflect these two targets: a
sub-model for predicting symptoms and a sub-model for predicting
binary events.

Sub-Model for Symptom Scores: The general framework re-
quires specifying the form of the trajectory that symptoms may
take over time with reference to a baseline (time zero). For
example, we may postulate that symptom scores follow a linear
trend, with an intercept and a slope, or that symptoms follow a
linear or cubic spline, or any other transformation of time. Having
specified the form of the trajectory that symptoms can take, we fit a
hierarchical model in which there is a population-average trajec-
tory for each symptom through time, which can vary depending on
covariates (fixed effects), as well as individual-level deviations from
that average (random effects), such that each individual has her
own trajectory. Crucially, the way in which an individual's trajec-
tory for one symptom deviates from the mean trajectory is corre-
lated to how that individual's trajectory for other symptoms deviate
from the mean. We assume the symptom score measurements
follow a multivariate Gaussian (normal) distribution whose mean
depends on a smooth individual symptom trajectory. We use an
estimation approach that facilitates natural extensions to non-
Gaussian cases. The equations that define this model are given in
the Technical supplement.

In some cases, a population comprises multiple subgroups, each
with its ownmean symptom trajectories. We therefore develop our
methods so that an extension involving multiple latent classes is
straightforward. Instead of a single population with a mean tra-
jectory for each symptom, we allow there to be more than one
subpopulation, each with its own mean trajectory for each symp-
tom.We also allow the correlations between different symptoms to
be different for each subpopulation. The subpopulation to which an
individual belongs is unobserved (a latent class). This extension
may be of utility when the population of interest is heterogeneous
in aggregate, but with subpopulations that are more homogenous,
or when symptom scores are poorly represented by a single
Gaussian distribution.

Fundamentally, we are modeling the way in which different
symptoms covary with one another over time. While we could
explicitly model the covariance coefficient between any two
symptom scores at all possible pairs of times, choosing a form for
the trajectory allows us to considerably reduce the number of pa-
rameters which define the model and must be estimated from the
data.

Once the model has been fit on a training set, it can be used to
make predictions for a new individual. Based on one or more ob-
servations of symptom scores, the model estimates the likely way
in which a new individual's trajectory deviates from the
population-mean trajectory, and uses the estimated individual
trajectory to predict future symptoms. In the latent class extension,
the model also estimates the probability that the new individual
belongs to each latent class. These predictions come with an un-
certainty range; as more observations are available from which to
make predictions, the uncertainty ranges shrink. We developed an
intuitive visual representation of these predictions, which could be
used in a clinical context, that highlights an individual's past and
likely future trajectory compared to other individuals.

Sub-Model for Binary Outcomes: The second part of our
framework estimates the probability of a binary event occurring at
a specific time. We postulate a logistic model, inwhich the log odds
of an individual having an event at a given time is a linear combi-
nation of the patient's symptom scores and the rate of change of
their symptom scores at that time plus covariates. In the latent class
extension, the intercept for the logistic model depends on an in-
dividual's latent class assignment.

The binary outcome model depends on the symptom score
model to make predictions about the probability of an event for a
new individual. The trajectory estimated from the symptom score
model is used to predict symptom scores and rates of change in
symptom scores for a future time; these are fed to the logistic
model to predict the probability of the binary event at that time.

Case Study: We demonstrate our approach on data from a trial
of risperidone for the treatment of schizophrenia conducted in the
1990s (Chouinard et al., 1993; Marder and Meibach, 1994). The data
comprise 522 patients who had measurements of the Positive and
Negative Syndrome Scale (PANSS) at 0, 1, 2, 4, 6, and 8 weeks after
starting either haloperidol, risperidone, or placebo for the treat-
ment of psychotic symptoms. The PANSS consists of 30 questions
about specific symptoms, each of which is scored from 1 (symptom
absent) to 7 (symptom extreme), with total scores ranging from 30
to 210 (Kay et al., 1987). The 30 questions are subdivided into three
subscales based on the type of symptom: a positive symptom scale
with 7 questions (range 7e49), a negative symptom scale with 7
questions (range 7e49), and a general symptom scale with 16
questions (range 16e112). In addition, study data contain the
reason for discontinuation of therapy in the 270 patients (52%) who
came off study protocol.

For the application of our model, we took the three PANSS
subscales as separate, concurrent symptommeasurements.We also
predicted the binary event of whether participants would discon-
tinue therapy due to inadequate response (treatment failure). For
the purposes of illustration, we disregarded the treatment assign-
ment and focused on making predictions based off of symptom
trajectories.

We chose a linear spline with an inflection point at 2 weeks as
the form of our trajectories, since most psychotic patients have an
initial rapid improvement in symptoms upon starting therapy
(Suzuki et al., 2011). We explored whether adding age (as a natural
spline with three knots), sex, and the interaction between age and
sex as covariates improved model performance. Because decisions
to discontinue therapy were made immediately following a clinical
assessment (at which symptom scores were recorded) and only 3
participants were lost to follow-up, we treated study drop-outs as
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Fig. 1. Example predictions of PANSS symptom scores.
The three panels illustrate the predictions (red circles) for one individual's future General, Negative, and Positive PANSS subscale scores as well as predicted cumulative probability
of treatment failure (red bars at right) based off of measurements of the subscales at (a) week 0 (initiation of treatment), (b) 0 and 1 weeks, and (c) 0, 1, 2, and 4 weeks. Green
squares indicate the observed measurements. The individual's trajectory is displayed against other participants in the trial (background blue lines). The dark gray ribbons indicate
the 50% prediction intervals, the lighter gray ribbons indicate the 95% prediction intervals. The vertical dashed lines indicate the time up to which observations are used to inform
the predictions. A higher PANSS score indicates more severe symptoms. The General subscale score ranges from 16 to 112, and the Positive and Negative subscale scores range from
7 to 49.
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missing at random with respect to their symptom scores.
Statistical Procedure: Our symptom score models are GLMMs,

described in detail in our Technical supplement. We fit the symp-
tom score models in a Bayesian Framework using a Gibbs Sampler
coded in the R language using the JAGS package (Gelman, 2014).We
ran models for 50,000 iterations after a burn-in period of 50,000
iterations. We assessed for convergence using visual examinations
of the trace plots as well as the Gelman-Rubin statistic (Gelman and
Rubin, 1992).

For the binary event model, we fitted a logistic regression model
to each iteration of the chain from the symptom score model, after
thinning. In calculating probabilities of the event, we averaged the
predicted probabilities from the model at each iteration.

Evaluation: In total, we fit three models: a basic model (no
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Fig. 2. Empiric Correlation Matrix vs. Correlation Matrix from Basic Model.
The correlation matrices for the 18 measurements (3 subscales by 6 times) derived from (a) an empiric calculation of the covariance among observations when present and (b) the
basic model from our framework (i.e., without latent classes or age and sex as covariates). Each tile represents the correlation between one symptom measured at a particular time
(x-axis) and a second symptom measured at a particular time (y-axis). Redder tiles indicate stronger correlation.
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covariates and no latent classes), the basic model plus age and sex
as covariates, and the latent class extension allowing for two classes
(with no covariates). To evaluate the overall ability of our approach
to reproduce the way in which symptoms covary with one another
over time, we compared the model-predicted correlation structure
across the 3 symptom scales at the 6 time points for our three
models with the empiric correlation structure of the data.

We used ten-fold cross validation to make and evaluate pre-
dictions. The models were iteratively trained on 90% of the data set
and used to make predictions on the remaining 10%. These pre-
dictions were compared to the observed outcomes for that 10% of
the study sample.

We evaluated the predictions of PANSS subscale scores and total
PANSS score at the end of the study by calculating root mean
squared error, prediction interval coverage, average prediction in-
terval width, and R-squared statistics. We evaluated our predictions
of treatment failure at any time prior to study end by calculating C-
statistics and the category-free net reclassification improvement



Table 1
Performance of predictions of the symptom scores in three models.

Based on Data
until (wks)

Model Positive Symptoms Negative Symptoms General Symptoms Total Symptoms

RMSE 95% Interval
Coverage

Mean
Interval
Width

RMSE 95% Interval
Coverage

Mean
Interval
Width

RMSE 95% Interval
Coverage

Mean
Interval
Width

RMSE 95% Interval
Coverage

Mean
Interval
Width

0 Basic
Model

7.2 98.1% 29.5 6.5 97.4% 28.4 11.5 98.9% 49.8 24.8 97.0% 110.2

Age and
Sex

7.4 97.0% 29.1 6.8 95.9% 28.4 11.9 97.4% 48.8 24.2 97.4% 100.7

Latent
Class

7.1 97.8% 29.4 6.4 97.0% 28.2 11.3 99.3% 49.1 24.8 97.0% 110.2

1 Basic
Model

6.0 97.4% 24.6 5.8 95.9% 23.5 10.2 96.7% 41.8 20.7 97.0% 90.8

Age and
Sex

6.0 97.0% 24.5 5.8 95.9% 23.6 10.1 97.0% 41.3 20.0 97.0% 82.9

Latent
Class

6.1 97.4% 24.8 5.7 96.3% 23.9 10.2 96.7% 42.0 20.7 97.0% 90.8

2 Basic
Model

5.6 98.1% 23.5 5.0 97.4% 22.4 9.2 97.8% 40.2 18.4 97.0% 86.3

Age and
Sex

5.6 97.8% 23.4 5.0 97.0% 22.5 9.1 96.7% 39.9 17.8 97.0% 79.0

Latent
Class

5.7 97.8% 23.8 5.1 97.0% 22.7 9.4 96.3% 40.5 18.4 97.0% 86.3

4 Basic
Model

5.1 93.7% 17.6 4.5 95.9% 17.6 8.1 94.4% 30.2 16.1 92.6% 54.9

Age and
Sex

5.1 94.8% 17.7 4.5 95.9% 17.8 8.1 94.1% 30.1 15.7 92.2% 55.9

Latent
Class

5.1 93.7% 18.0 4.6 95.6% 18.0 8.2 94.1% 30.5 16.1 92.6% 54.9

6 Basic
Model

4.0 93.7% 13.7 3.5 95.6% 14.3 6.6 93.7% 23.1 12.2 91.5% 37.1

Age and
Sex

4.1 93.7% 13.8 3.5 95.6% 14.4 6.6 94.1% 23.2 12.2 91.9% 38.1

Latent
Class

4.1 93.7% 14.0 3.5 95.6% 14.5 6.5 93.7% 23.4 12.2 91.5% 37.1

Performance of the predictions and prediction intervals of symptom scores at study completion (week 8) for the 270 individuals who had observations at week 8, for basic
model, model with age and sex as covariates, and latent class extension. Predictions are stratified based on whether they were informed by observations at study start (0
weeks), up to week 1, up to week 2, up to week 4, or up to week 6. RMSE refers to Root Mean Squared Error; Interval Coverage and Mean Interval Width refer to the 95%
prediction interval. In general, predictions improve with an increasing amount of data on which to base predictions.
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(NRI) with bootstrap confidence intervals to compare models
(Pencina et al., 2011). To explore how additional data impacted
model predictions, we tested performance if we limited the model
to making predictions based only on observations at week 0, versus
observations up to and including weeks 1, 2, 4, or 6.

We additionally conducted an exploratory analysis in which we
examined the performance of predictions for each of the possible
study treatment assignments: placebo, haloperidol, or risperidone.
This analysis did not modify the models to include treatment
explicitly. Rather it aimed to see whether there were effects of time
that differed according to treatment by examining whether the
model's predictive performance differed according to treatment
assignment.
3. Results

Fig. 1 gives an example of our visual representation of trajec-
tories and predictions for one individual in the study (using the
basic model without age and sex). The visualization displays past
and likely future trajectories for each of the three symptom scales
(general, negative, positive) for the individual in the context of the
trajectories for similar individuals (in this case, other study par-
ticipants). It also displays the risk of experiencing treatment failure
as time proceeds. The predictions become more precise as addi-
tional PANSS scores are collected and used to inform the model.

All three models recapitulated the correlations between PANSS
subscale scores over time. Fig. 2 displays the correlation structure of
the data and the ability of our basic model (without latent classes or
age and sex as covariates) to reproduce that structure as compared
with an empirically-derived correlation structure. (Similar figures
for the other models are presented in the Technical supplement).

In the basic model, the errors for predictions of PANSS scores at
study completionwere larger when informed only by the first visit,
with root mean squared errors in the basic model of 7.2 and 6.5 for
the positive and negative symptom subscales, respectively (which
can range from 7 to 49), 11.5 for the general symptom subscale
(which can range from 16 to 112), and 23 for the total score (which
can range from 30 to 210). With additional observations, pre-
dictions improved: using all observations prior to study end yielded
root mean squared errors of 4.0 and 3.5 for the positive and
negative symptom subscales, 6.6 for the general symptom subscale,
and 12 for the total score. These results correspond to R-squared
statistics of 0.64, 0.74, 0.63, and 0.68 for positive, negative, general,
and total symptom scores, respectively. Neither the latent class
extension nor addition of age and sex as covariates improved pre-
dictive performance over the basic model (see Table 1).

95% prediction intervals protected type I error for subscales in
all models, with actual coverage at 93.7% or above; actual coverage
dipped to 91.5% for total scores. As with root mean squared error,
predictions intervals started wide when predictions from either
model were informed only by the first visit; intervals grew pro-
gressively narrower with additional observations informing pre-
dictions (see Table 1). Neither the latent class extension nor the
addition of age and sex as covariates yielded narrower prediction
intervals than the basic model.

For the prediction of treatment failure by study end, c-statistics
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Fig. 3. Performance of predictions of treatment failure in three models.
Performance of estimated cumulative risk of treatment failure by study end in each of the three models, as measured by (a) C-statistics (equivalent to the area under the curve), (b)
sensitivity, and (c) specificity. Thresholds for panels (b) and (c) were chosen to maximize the sum of sensitivity and specificity. The x-axis indicates the time up until which ob-
servations were used to predict treatment failure, and the number of patients not yet dropped out by that time is given in parentheses.

Table 2
Net reclassification improvement for prediction of treatment failure.

Based on data until NRI for Basic Model vs. Model with Age and Sex
[95% Confidence Interval]

NRI for Basic Model vs. Latent Class Extension
[95% Confidence Interval]

Week 0 �0.12 [�0.23 to �0.003] 0.01 [�0.12 to 0.14]
Week 1 �0.18 [�0.31 to �0.06] �0.09 [�0.27 to 0.09]
Week 2 �0.15 [�0.29 to �0.02] �0.14 [�0.36 to 0.08]
Week 4 �0.38 [�0.67 to �0.12] 0.14 [�0.18 to 0.46]
Week 6 �0.07 [�0.65 to 0.21] �0.01 [�0.69 to 0.63]

NRI denotes the category-free net reclassification improvement (Pencina et al., 2011), a metric that measures the probability that a new model will assign a higher risk to
events and a lower risk to non-events than a prior model. It ranges from �2 (favoring the prior model) to þ2 (favoring the new model). A negative score here favors the basic
model. Confidence intervals estimated by bootstrapping.



A.T. Fojo et al. / Journal of Psychiatric Research 95 (2017) 147e155 153
(an indicator of the model's ability to discriminate between high-
and low-risk participants) began at 0.60 (little better than chance
alone) for the basic model based on only the first observation, but
increased with additional observations, reaching a value of 0.75
when all data up to 6 weeks were included (see Fig. 3). The cor-
responding sensitivity improved from 0.59 to 0.89 and specificity
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Fig. 4. Prediction errors and C-statistics by treatment assignment.
Panels (a), (b), and (c) show root mean squared errors of predictions of positive, negative, and
assignment. Panel (d) shows c-statistics for the prediction of treatment failure at study com
predictions.
improved from 0.59 to 0.71, using a threshold that optimized the
sum of sensitivity and specificity. The latent class extension did not
demonstrate superior performance to the basic model, with similar
c-statistics and non-significant net reclassification improvements
(NRIs) no matter how many observations were used to inform
predictions. The addition of age and sex as covariates worsened the
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general symptom scores respectively at study completion stratified by study treatment
pletion. The x-axis indicates the time up until which observations were used to inform
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model's predictive performance, with lower c-statistics and NRIs
that significantly indicated worse classification performance except
when the data up to 6 weeks were included (see Table 2).

Our exploratory analysis of predictions stratified by study
treatment assignment did not show any significant difference in the
performance of predictions of future symptoms between the three
treatment groups (see Fig. 4). However, predictions of treatment
failure in the haloperidol arm performed better than predictions for
either the placebo or risperidone arms of the study. The numbers of
participants in the placebo and haloperidol arms (88 and 87 sub-
jects, respectively) were small relative to the risperidone arm (347
subjects).

4. Discussion

We have outlined a statistically rigorous framework for using
repeated measurements of psychiatric symptoms to make indi-
vidualized predictions about future symptoms and related psychi-
atric events. We demonstrate how our framework can be extended
to include covariates or to allow for latent classes that could address
non-normality in the underlying measurements, although these
extensions did not improve predictive performance over the basic
model for this case study. Using only the serial symptom scores
without any additional covariates, our basic model showed
reasonable predictive accuracy for our case study, preserved type I
error, and achieved moderate discrimination in determining
whether an individual was likely to experience treatment failure. In
addition, we present a visualization to make predictions intuitively
accessible to both clinicians and patients.

This methodology could be readily applied to any psychiatric
disorder where repeated measurements of patient symptoms are
available, such as depression, anxiety, or substance abuse disorders.
In addition, we could predict other outcomes besides failure of
therapy, such as suicidal behavior or hospitalization for psychiatric
complaints. The flexible nature of time trends allows for non-linear
relationships of symptoms to time and could apply to time scales on
the order of months or years. The model framework is formulated
to be able to incorporate the effects of therapy or other predictors,
such as additional sociodemographic covariates or even genetic or
biological markers. It accommodates irregularly spaced observa-
tions andmissingness patterns that vary across individuals, as is the
rule in clinically-derived data.

We implemented themethodology for multivariate longitudinal
data plus a single binary event. But, following the framework dis-
cussed by Ogburn and Zeger (2016), the same approach can be
implemented for other outcomes relevant to clinical decisions. For
example, the MCMC computation approach makes it relatively easy
for the multivariate longitudinal model to apply to non-Gaussian
outcomes, in particular the generalized linear model family.

Our approach has a number of limitations, which would need to
be addressed in order to achieve utility in many settings, particu-
larly when using observational data. First, we assumedmissingness
at random for our case study, but this assumption may not hold
across all settings. Informative missingness could be addressed by
incorporating a relationship between dropout and the repeated
measurements of symptoms in the first stage of our approach; a
number of models have been investigated for such purposes
(Hickey et al., 2016). Second, we modeled our binary event of
treatment failure as a discrete-time risk, as study participants could
only come off protocol at a study visit. Many real-world setting will
have dropouts occur in continuous time, which would require the
modeling of a continuous survival function, rather than the logistic
model we used here (Lee and Wang, 2013). Third, our framework
conceptualizes a trajectory in time as relative to some origin. This is
appropriate in settings where there is a clear point from which to
index a trajectory, such as starting a therapy or enrolling in care.
However, in situations that seek to leverage long-term observations
absent a specific intervention, a model that focuses on the covari-
ance of different symptoms as a function of their separation in time
may be more applicable (Diggle, 2013). Fourth, our model assumes
the underlying data are Gaussian, although symptom scales are in
fact ordinal data. This assumption is reasonable for aggregated
symptom scales with a large range of possible values, but normal
distributions poorly represent scales with a small range (Dolan,
1994); such scales would be better suited to an ordinal GLMM
(McCulloch et al., 2008). As noted above, the latent class extension
may mitigate situations where normality is violated due to skew-
ness (Feldman et al., 2009). Lastly, as with all models, our approach
can be susceptible to overfitting particularly if the number of
covariates increases, the representation of time becomes more
complex, or the number of binary events is small. Overfitting likely
caused the poor performance in the prediction of treatment failure
in our model with age and sex as covariates. For this reason, we
recommend that predictive performance always be evaluated by
means of cross-validation, or by external validation if possible.

In order to leverage the increasing amount of data available to
the health system, innovative methodologies will be needed to
inform health care on an individual level. Precision medicine has
focused largely on genetic and other molecular data to inform pa-
tient predictions, but the statistical approach we have presented
illustrates how other clinical data coupled with innovative statis-
tical methods can extend its reachmore broadly and pay immediate
dividends by informing clinical decisions. The systematic use of
repeated measurements of psychiatric symptoms offers the
promise of precision medicine in the field of mental health.

Appendix A. Supplementary data

Supplementary data related to this article can be found at http://
dx.doi.org/10.1016/j.jpsychires.2017.08.008.
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