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a b s t r a c t

Earthquakes are a common and deadly natural disaster, with roughly one-quarter of survivors subse-
quently developing posttraumatic stress disorder (PTSD). Despite progress identifying risk factors,
limited research has examined how to combine variables into an optimized post-earthquake PTSD
prediction tool that could be used to triage survivors to mental health services. The current study
developed a post-earthquake PTSD risk score using machine learning methods designed to optimize
prediction. The data were from a two-wave survey of Chileans exposed to the 8.8 magnitude earthquake
that occurred in February 2010. Respondents (n ¼ 23,907) were interviewed roughly three months prior
to and again three months after the earthquake. Probable post-earthquake PTSD was assessed using the
Davidson Trauma Scale. We applied super learning, an ensembling machine learning method, to develop
the PTSD risk score from 67 risk factors that could be assessed within one week of earthquake occur-
rence. The super learner algorithm had better cross-validated performance than the 39 individual al-
gorithms fromwhich it was developed, including conventional logistic regression. The super learner also
had a better area under the receiver operating characteristic curve (0.79) than existing post-disaster
PTSD risk tools. Individuals in the top 5%, 10%, and 20% of the predicted risk distribution accounted for
17.5%, 32.2%, and 51.4% of all probable cases of PTSD, respectively. In addition to developing a risk score
that could be implemented in the near future, these results more broadly support the utility of super
learning to develop optimized prediction functions for mental health outcomes.

© 2017 Elsevier Ltd. All rights reserved.
Earthquakes are a common and deadly natural disaster that can
result in both ground shaking and tsunami waves. According to the
Center for Research on the Epidemiology of Disasters (2016),
earthquakes affected roughly one hundred million people and
resulted in over 700,000 deaths worldwide between 2000 and
2015. Although earthquake exposure has been associated with
several adverse psychosocial consequences (e.g., depression; sui-
cidality), posttraumatic stress disorder (PTSD) is typically found to
be the most prevalent negative mental health outcome (North,
2014). A recent meta-analysis of 46 studies of earthquake survi-
vors found an overall post-earthquake PTSD incidence of 23.7% (Dai
et al., 2016).
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Although a large literature has identified risk factors associated
with post-earthquake (including post-tsunami) PTSD (Cairo et al.,
2010; Chen et al., 2014; Cheng et al., 2014; Dell'Osso et al., 2013;
Kun et al., 2009, 2013; Lai et al., 2004; Priebe et al., 2009;
Rosendal et al., 2014; Sattler et al., 2014; Tural et al., 2004; van
Griensven et al., 2006; Wang et al., 2009, 2011; Wen et al., 2012;
Zhang et al., 2011), few studies have examined how to combine
risk factor information into a risk score that can be used to predict
who is most likely to develop post-earthquake PTSD. The devel-
opment and use of clinical tools to identify individuals at high risk
of PTSD is consistent with the American Red Cross PsySTART pro-
gram (Schreiber et al., 2014). In PsySTART, aid workers meet with
survivors in the immediate aftermath of a natural disaster to
complete a risk factor checklist. Decisions about triaging survivors
to mental health interventions are determined based on the total
number of 13 risk factors that are present (American Red Cross,
2012). Given that regression coefficients vary widely across risk
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factors for post-earthquake PTSD (Cheng et al., 2014; Tural et al.,
2004; Zhang et al., 2011), assuming all predictors equally
contribute to PTSD risk may not result in optimal prediction. The
one existing study to develop a regression-based risk score for
post-earthquake PTSD used rounded main terms coefficients (no
interactions) from a logistic regression of 11 risk factors (Liu et al.,
2012). However, it is unclear if maximum prediction accuracy was
achieved given evidence of interactions among predictors of post-
earthquake PTSD (Dell'Osso et al., 2013; Fan et al., 2011).

Another way to develop a post-earthquake PTSD risk score
would be through machine learning methods designed to optimize
prediction. Machine learning has been used to develop risk scores
for PTSD onset related to other types of traumatic events (Galatzer-
Levy et al., 2014, 2017; Karstoft et al., 2015a; Karstoft et al., 2015b).
A number of popular machine learning algorithms are described in
Table 1. There are several reasons whymachine learning algorithms
might outperform standard parametric method. In comparison to
conventional main terms regression examining the direct effect of
predictors on an outcome, for example, there are machine learning
algorithms available that automatize identification of interactions
and non-linearities (e.g., multivariate adaptive regression splines,
Friedman, 1991; random forests, Breiman, 2001; Bayesian trees,
Chipman et al., 2010). In addition, whereas a conventional regres-
sion based on highly correlated independent variables (e.g., injury
and amputation, Liu, et al., 2012) might have good prediction ac-
curacy in the sample which it was developed but perform poorly in
independent samples (model overfit), machine learning methods
can be employed to reduce the likelihood of overestimating pre-
diction performance. For example, penalized regression algorithms
(i.e., regularization) prevent overfit by shrinking coefficients among
collinear variables (Friedman et al., 2010).

Ensembling methods refer to a type of machine learning in
which multiple algorithms are consolidated into a single algorithm
with improved prediction performance. Super learning (van der
Laan et al., 2007; van der Laan and Rose, 2011) is an ensembling
method that is particularly well suited to develop risk scores (see
Rose, 2013 for a mortality risk score example) because of its flexi-
bility in generating a consolidated algorithm from a number of
different prediction approaches. In other words, a super learner
algorithm is able to simultaneously (i) capture the relationships of
predictors with an outcome (e.g., using conventional regression),
even if predictors are highly correlated (e.g., using penalized
regression), and (ii) detect interactions and nonlinear associations
(e.g., using decision-tree or spline algorithms).

Super learning has been used in one study to develop a risk
score for PTSD related to any type of traumatic event (Kessler et al.,
2014). In this study, the super learner algorithm outperformed a
select number of individual algorithms (including logistic regres-
sion) in predicting PTSD based on several hundred risk factors.
However, that study was limited as the data were cross-sectional,
relied on retrospective reports of PTSD symptoms and risk fac-
tors, and a small proportion of the sample had disaster-related
PTSD. Accordingly, the goal of the current study was twofold: (i)
to demonstrate how machine learning methods can be used to
develop a more accurate post-earthquake PTSD risk score than
conventional regression methods, and (ii) to develop a preliminary
model-based risk score for post-earthquake PTSD that could be
expanded or adapted in future epidemiological disaster research.

1. Materials and methods

1.1. Sample

The data came from a two-wave household survey of individuals
living in Chile at the time of the 8.8 magnitude earthquake
occurring on February 27, 2010. The survey was conducted by
Chile'sMinistry of Planning and Cooperation (Division Observatorio
Social, 2010) using fully-structured face-to-face interviews. The
pre-earthquake survey was a biennial nationally representative
socioeconomic-health survey conducted between November and
December 2009. In order to understand the public health impact of
the earthquake, including the tsunami that occurred in some
coastal areas, a subsample of baseline respondents were re-
interviewed between May and June 2010. Of the 27,000 house-
holds asked to participate in the post-earthquake survey, 22,456
agreed (response rate ¼ 83.2%). Additional details of the survey
design are available elsewhere (Division Observatorio Social and
AGCI Ministerio de Relaciones Exteriores, 2015). The sample used
here consisted of all 23,907 adults who participated in both surveys
and completed the post-earthquake PTSD assessment.

1.2. Outcome measure

Probable DSM-IV PTSD was assessed in the post-earthquake
survey using the Davidson Trauma Scale (DTS; Davidson et al.,
1997). The DTS was administered in Spanish to assess past-week
PTSD symptoms specifically in relation to the earthquake and
tsunami. The DTS assesses the frequency and severity of all 17 DSM-
IV PTSD symptoms using a 0e4 scale (total score 0e136). The
reliability and factor structure of the DTS has been supported
among Chileans exposed to the 2010 earthquake (Leiva-Bianchi and
Araneda, 2013). Comparison of the English DTS to independent
structured interview-based PTSD diagnosis suggests that a DTS
total score �40 indicates a probable PTSD diagnosis (Davidson
et al., 1997). PTSD research conducted in Spanish speaking coun-
tries suggests that the�40 cut score demonstrates good concurrent
validity with a PTSD diagnosis using the Spanish Clinician Admin-
istered PTSD Scale (k¼ 0.78; Coronas et al., 2008). Several studies of
Spanish-speaking samples have applied this cut score (e.g., Leiva-
Bianchi and Araneda, 2013; Ruiz-Parraga and Lopez-Martinez,
2014). In the current sample, 9.9% of respondents lived in areas
where the earthquake could not be felt (or no tsunami waves). We
identified cases of probable PTSD based on (i) living in an area
affected by the disaster (conservative confirmation of PTSD Crite-
rion A1), and (ii) having a DTS total score �40 (13.3% had probable
PTSD, n ¼ 3182).

1.3. Independent variables

We reviewed two areas of literature to identify risk factors for
PTSD among adults: (i) studies of risk factors specifically relevant to
post-earthquake PTSD (cited in the introduction), and (ii) system-
atic reviews of risk factors for PTSD related to any type of natural
disaster (Goldmann and Galea, 2014; Norris et al., 2002) and any
type of traumatic event (Ozer et al., 2003; Sayed et al., 2015).
Consistent with the literature, we organized risk factors into pre-
earthquake factors (present before the trauma), peri-earthquake
factors (objective and subjective experiences-severity immedi-
ately surrounding the trauma), and post-earthquake factors (pre-
sent after the trauma).

We identified all survey questions that could be used to oper-
ationalize risk factors identified in the literature review. As the
purpose of the surveys was not to study the complete range of all
previously identified PTSD risk factors, especially peri-earthquake
factors, we supplemented the survey data with other publically
available data about the severity-impact of the earthquake
(described below). The goal of the analysis was to optimize pre-
diction of probable PTSD, not to test a conceptual model. We
consequently operationalized as many risk factors as possible,
regardless of if they had been directly (e.g., sex, age, property
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damage, job loss, Kun et al., 2013; Tural et al., 2004; Wang et al.,
2011; Wen et al., 2012; Zhang et al., 2011) or indirectly associated
with PTSD (e.g., individuals living in areas with stronger ground
shakingmore likely to experience fear or injury, which is associated
with increased PTSD risk, Tural et al., 2004; Wang et al., 2009;
Zhang et al., 2011). In total, 67 variables were created (see
Supplemental Table 1 for complete descriptions-coding).

Pre-earthquake. Pre-earthquake variables included (i) dichot-
omous indicators of sex, marital status, and living situation, (ii)
several dichotomous and categorical employment and education-
specific variables (e.g., employment status; years of school), (iii)
categorical variables representing the condition of the walls and
roof of the home (rated by the interviewer), and (iv) health vari-
ables, including a categorical overall health rating and several
dichotomous variables representing 30-day health and long-term
health problems.

Peri-earthquake. Earthquake severity was operationalized us-
ing peak ground acceleration (PGA) data obtained from the United
States Geological Survey (USGS). PGA is an objective measurement
of ground shaking intensity in a given geographic area. A contin-
uous PGA value was assigned to each respondent, based on the
municipality1 where they lived, using an inverse distance weighted
average of the three closest USGS PGA grid estimates
(range ¼ 0.0e32.0, Wald et al., 1999; see Zubizarreta et al., 2013 for
additional details). We also used USGS data on the date, location
(municipality), and intensity of aftershocks. The USGS assesses af-
tershocks using the “did you feel it” method (Atkinson and Wald,
2007; United States Geological Survey, 2016a), a subjective rating
of shaking intensity coded according to the Modified Mercalli Scale
(range ¼ 2.0 to 7.9) (United States Geological Survey, 2016b). We
used aftershock data to create categorical variables representing
the frequency and intensity of aftershocks in the week following
the earthquake.

Tsunami severity was operationalized using data onwave height
and horizontal wave inundation stored in the National Geophysical
Data Center's Global Historical Tsunami Database (National
Geophysical Data Center, 2016). Continuous variables were
defined from these data to represent maximum wave height
(range ¼ 0.0e29.0 m) and deepest horizontal inundation
(range ¼ 0.0e1032.3 m) in each of the 65 coastal municipalities in
Chile. We also defined death rate due to the earthquake in the
municipality where the respondent was living. This was a contin-
uous variable (range ¼ 0.00e0.36/10,000 residents) coded using
data on number of disaster-related deaths obtained from the Sta-
tistics Unit at the Chilean Forensic Services Department (L�opez and
Insunza, 2013) and municipality population at the time of the
earthquake (Instituto Nacional de Estadísticas, 2015).

In addition, select questions from the post-earthquake survey
were used to define additional indicators of disaster severity. Spe-
cifically, questions rated by the interviewer were used to define
categorical variables reflecting the post-disaster condition of the
home; extent of damage to the home, and estimated cost of damage
to the home.

Post-earthquake. Given the goal of developing a PTSD risk
score that could (eventually) be used in the immediate aftermath of
an earthquake (consistent with PsySTART), we restricted the post-
earthquake predictors to those that would be feasible to assess
within roughly one week of earthquake occurrence. A limited
1 Chile's territorial organization consists of municipalities, provinces and regions.
Municipalities are the smallest territorial units (346 total municipalities; 203 which
were affected by the earthquake); provinces group several municipalities (from 2 to
32); and regions group several provinces (from 2 to 8). Chile had 15 regions at the
time of the earthquake.
number of questions from the post-earthquake survey were used to
create three dichotomous variables representing whether the
respondent was permanently displaced, had an educational
disruption, or had a job disruption.

1.4. Analysis method

All analyses were conducted in R (R Core Team, 2015). Super
learning (van der Laan et al., 2007; van der Laan and Rose, 2011),
implemented using the SuperLearner package (Polley et al., 2016),
was used to generate the prediction function for probable post-
disaster PTSD. The goal of super learning is to develop a consoli-
dated algorithmwith optimized mean squared error (MSE). Briefly,
super learning is implemented by identifying a user-specified “li-
brary” of algorithms, implementing each algorithm in the library
using 10-fold cross-validation (CV) to generate predicted values,
regressing the outcome onto the CV predicted values from each al-
gorithm in the library (to determine the best weighted combination
of the individual algorithms), and fitting each algorithm in the li-
brary on the full dataset and combining these fits with the weights
generated in the prior step (i.e., to estimate the super learner pre-
dicted values; see Supplemental Table 2 for additional details).

Algorithms. The library included 39 algorithms in total; 13 al-
gorithms each implemented using three different sets of predictors.
Based on recent recommendations (LeDell et al., 2016; Rose, 2013),
and because it was unknown which algorithm would result in
optimized prediction, we selected several different types: logistic
regression (Hosmer et al., 2013), five penalized regressions (for an
overview of penalized regression methods see Friedman et al.,
2010), two spline regressions (adaptive splines, see Friedman,
1991; adaptive polynomial splines, see Stone et al., 1997); two de-
cision tree methods (random forests, see Breiman, 2001; Bayesian
additive regression trees, see Chipman et al., 2010), and three
support vector machines (linear, polynomial, and radial kernals, see
Steinwart and Christmmann, 2008). Detailed descriptions of the
algorithms and their R packages can be found in Table 1 (see also
Supplemental Table 3).

The 13 algorithms were implemented using the full set of in-
dependent variables as well as two smaller variable sets because (i)
we wanted to determine how crucial it would be to assess all 67
independent variables, and (ii) it was possible that use of fewer
independent variables might improve performance of some algo-
rithms (e.g., if therewas collinearity among the full set of variables).
We consequently applied super learning screening methods (built
into the R package) to define two restricted predictor sets. First,
consistent with how Liu et al. (2012) selected variables for their
logistic regression risk score, we used screen.ttest to identify the 10
independent variables with the strongest bivariate associations
with probable PTSD based a rank-order of univariate t-test p-values
(“t-test set”). Second, we used screen.glmnet to identify the un-
known number of non-collinear (i.e., non-redundant) independent
variables that would not have their coefficients shrunk to zero in a
lasso regression (“lasso set”).

Evaluating algorithm performance. To evaluate and compare
the performance of the super learner to the 39 individual algo-
rithms, we used the CV predicted values from each algorithm to
conduct receiver operating characteristic curve analysis in 1000
bootstrap replicates to estimate area under the curve (AUC) and its
95% confidence interval (CI) (Robin et al., 2011). AUC is a measure of
overall prediction accuracy, with values 0.50e0.70 generally
interpreted as indicating poor prediction; 0.70e0.79 as acceptable;
0.80e0.89 as excellent; and >0.90 as outstanding (Hosmer et al.,
2013). We calculated AUCs to four decimals to increase precision
of comparisons (AUCs reported in text should be multiplied by
10�2). To test if the AUC achieved by the super learner was



Table 1
Brief descriptions of common machine learning algorithms.

Algorithm R package Description

Conventional
Logistic regression

stats � Traditional parametric logistic regression
� Prone to overfit if independent variables are highly collinear
� Optimal functional form of independent variables unknown (e.g., linear versus non-linear)

Regularization (Friedman et al., 2010) glmnet � Penalized regression reduces overfit due to collinear independent variables
� Ridge regression shrinks coefficients for collinear independent variables toward zero, but does not fully-eliminate

any independent variable
� Elastic net regression allows various penalties where coefficients for collinear independent variables are shrunk

toward zero (but not eliminating contributions to the predicted probability) and/or to zero (eliminating their
contributions to the predicted probability)
� Mixing parameter penalty (alpha) is set somewhere between 0.01 and 0.99. Three elastic net algorithms were

examined here (mixing parameter penalty set to 0.25, 0.50, and 0.75)
� Lasso regression shrinks coefficients for collinear covariates to zero, eliminating their contributions to the

predicted probability

Ridge
Elastic net
Lasso

Spline � Adaptive spline regression flexibly captures interactions and linear and non-linear associations
� Linear segments (splines) of varying slopes are connected and smoothed to create piece-wise curves (basis

functions)
� Final fit is built using a stepwise procedure that selects the optimal combination of basis functions
� Earth and polymars are generally similar, but differ in the order which basis functions (e.g., linear versus

nonlinear) are added to build the final model

Adaptive splines (Friedman, 1991) earth
Adaptive polynomial splines (Stone

et al., 1997)
polspline

Decision tree � Decision tree methods capture interactions and non-linear associations
� Independent variables are partitioned (based on values), stacked to build decision trees, and ensembled into an

aggregate “forest”
� Random forests builds numerous trees in bootstrapped samples and generates an aggregate tree by averaging

across trees (reducing overfit)
� Bayesian trees are based on an underlying probability model (priors) for the structure and likelihood for data in

terminal nodes; the aggregate tree is generated by averaging across tree posteriors (reducing overfit)

Random forest (Breiman, 2001) randomFroest
Bayesian additive regression trees

(Chipman et al., 2010)
BayesTree

Support vector machines (Steinwart
&Christmmann, 2008)

e1401 � Support vector machines treats each independent variable as a dimensions in high dimensional space and
attempts to identify the best hyperplane to separate the sample into classes (e.g., cases and non-cases)

� Goal is to find the hyperplane with the maximum margin between the two closest points in space
� Captures linear associations, but alternate kernels can be used to capture nonlinearities (polynomial and radial

basis kernels were used here)

Linear kernel
Polynomial kernel
Radial kernel
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statistically superior to the individual algorithms, the Hanley and
McNeil method (Hanley and McNeil, 1983) was implemented in
1000 bootstrap replicates (Robin et al., 2011).

AUC is a measure of overall prediction accuracy; it does not
provide information about prediction accuracy specifically among
individuals who might be identified as high-risk and offered a
preventive intervention. If a PTSD risk score were used after a
natural disaster, a cut-point would need to be applied to identify
exactly who should receive preventive intervention. However, the
ideal cut-point(s) for identifying high-risk individuals would vary
depending on post-disaster resources and the cost-effectiveness of
available preventive interventions. Accordingly, risk scores are
often used to create tiers of risk (e.g., Kim et al., 2015; Yeoh et al.,
2011). As optimal cut-points were unknown, we evaluated the
operating characteristics for a variety of different risk tiers. We
created 20 risk tiers by rank ordering the predicted values from the
best performing algorithm (hypothesized to be the super learner)
and dividing respondents into 20 equal groups. We evaluated al-
gorithm performance by calculating operating characteristics
within each risk tier. We prioritized sensitivity (the proportion of
all true positive cases of probable PTSD among individuals classified
as high-risk) and positive predictive value (PPV; among individuals
classified as high-risk, the proportion who ultimately developed
probable PTSD) over specificity and negative predictive value
because the consequence of not offering prevention to a true pos-
itive case of PTSD is greater than the consequence of unnecessarily
offering prevention to a false positive. Following this approach
allowed us to compare our results to Bromet et al. (2017), who
created a preliminary logistic regression risk score for PTSD related
to any type of disaster and also evaluated sensitivity and PPV across
20 risk tiers.
2. Results

2.1. Super learner versus logistic regression

The distributions of all 67 independent variables along with
their bivariate associations (odds ratios) with probable PTSD are
presented in Supplemental Tables 4-6. Nearly 80% of the 67 vari-
ables had significant associations with probable PTSD. The super
learner algorithm had a lower MSE (9.94� 10�1) than conventional
logistic regression using the t-test set (10 best variables,
MSE ¼ 10.31 � 10�2), lasso set (49 non-collinear variables,
MSE ¼ 10.25 � 10�2), and all 67 independent variables
(MSE ¼ 10.25 � 10�2) (Table 2). The super learner also achieved
significantly better AUC (79.04 � 10�2, 95% CI ¼ 78.27e79.81) than
the three specifications of conventional logistic regression (t-test
set AUC ¼ 76.51 � 10�2, 95% CI ¼ 75.70e77.33, lasso set
AUC ¼ 77.24 � 10�2, 95% CI ¼ 76.45e78.03, full set
AUC ¼ 77.22 � 10�2, 95% CI ¼ 76.43e78.02) according to the
bootstrap method of comparing paired AUCs (Ds ¼ 8.9e11.5,
ps < 0.001).

2.2. Super learner versus the other algorithm

The super learner algorithm also had a lowerMSE than the other
36 individual algorithms. Bayesian additive regression trees (BART)
was the best individual algorithm, achieving an MSE of
10.07 � 10�2 and AUC of 78.36 � 10�2 (95% CIs ¼ 77.59e79.13)
using either the full set or lasso set of predictors. However, the
super learner had significantly better AUC than all 36 non-logistic
algorithms (Ds ¼ 4.7e41.2; ps < 0.001). Nonzero super learner
weights were estimated for only nine (23%) of the individual
algorithms.



Table 2
Overall performance of the cross-validated individual algorithms and the cross-validated super learner.

MSE x 10�1 AUC x 10�2 (95% CI)

Super learner 9.94 79.04 (78.27e79.81)

Algorithm Full set (67 variables) Lasso set (51 variables) T-test set (10 variables)

MSE x 10�2 AUC x 10�2 (95% CI) SL
Wgt

MSE x 10�2 AUC x 10�2 (95% CI) SL
Wgt

MSE x 10�2 AUC x 10�2 (95% CI) SL
Wgt

Logistic 10.25 77.22* (76.43e78.02) e 10.25 77.24* (76.45e78.03) e 10.31 76.51* (75.70e77.33) e

Ridge 10.24 77.39* (76.60e78.18) e 10.24 77.35* (76.56e78.14) e 10.31 76.60* (75.79e77.41) e

Elastic net (MPP ¼ 0.25) 10.23 77.35* (76.55e78.14) e 10.24 77.28* (76.49e78.08) e 10.30 76.53* (75.72e77.34) e

Elastic net (MPP ¼ 0.50) 10.22 77.33* (76.54e78.12) e 10.25 77.27* (76.48e78.07) e 10.30 76.52* (75.71e77.34) e

Elastic net (MPP ¼ 0.75) 10.24 77.30* (76.51e78.10) e 10.25 77.27* (76.48e78.07) e 10.30 76.52* (75.71e77.33) e

Lasso 10.24 77.29* (76.50e78.09) e 10.25 77.27* (76.48e78.06) e 10.30 76.52* (75.70e77.33) e

Adaptive splines 10.17 77.67* (76.87e78.46) e 10.16 77.72* (76.93e78.52) 0.06 10.22 77.10* (76.29e77.91) e

Adaptive polynomial splines 10.56 73.64* (72.79e74.49) e 10.45 74.96* (74.12e75.81) 0.02 10.35 76.19* (75.38e77.01) e

Random forests 10.15 77.66* (76.86e78.47) 0.28 10.29 77.03* (76.21e77.85) 0.05 11.17 72.30* (70.84e73.76) 0.15
Bayesian additive trees 10.07 78.36* (77.59e79.13) 0.23 10.07 78.36* (77.59e79.13) 0.03 10.09 77.90* (77.11e78.68) 0.15
SVM (Linear) 11.57 52.69* (51.60e53.79) e 11.53 51.86* (50.78e52.95) e 11.43 58.59* (57.53e59.65) e

SVM (Polynomial) 11.22 64.42* (63.30e65.54) e 11.28 63.20* (62.07e64.34) e 11.54 50.21* (48.68e50.90) e

SVM (Radial) 10.91 68.60* (67.59e69.62) 0.03 10.97 67.57* (66.51e68.62) e 11.50 56.27* (55.18e57.36) e

*Significantly different AUC (worse performance) compared to the super learner (p < 0.001) using the Hanley and McNeil (1983) method with 1000 bootstrap replicates.
Abbreviations: CV, 10-fold cross validation; MSE, mean squared error; AUC, area under the receiving operating characteristic curve; CI, confidence interval; MPP, mixing
penalty parameter (alpha); SVM, support vector machines; SL Wgt, super learner weight; – indicates that the super learner weight was zero.
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2.3. Tiers of risk

We then examined the operating characteristics across the 20
tiers of super learner predicted risk. Respondents in the top 5%,10%,
and 20% of the predicted risk distribution respectively accounted
for 17.5%, 32.2%, and 51.4% of all cases of probable PTSD (Fig. 1). PPV
in these risk tiers was 46.6%, 42.8%, and 34.2%, respectively (Fig. 2).
Specificity and negative predictive value in the top 5%,10%, and 20%
of risk were 96.9/88.4%, 93.4/90.0%, and 84.8/91.2%, respectively.
3. Discussion

This is the first study to develop an optimized risk score for post-
disaster PTSD using machine learning. As it was unclear a priori
what type of algorithm would result in the most accurate predic-
tion, we applied the ensembling method known as super learning
to develop the risk score from many different types of algorithms.
The super learner algorithm had significantly better AUC than all 39
of the individual algorithms from which it was developed. The
relative improvement of the super learner compared to the indi-
vidual algorithms varied widely. Based on AUC, super learning was
35e52% better than linear support vector machines (the worst
performing algorithm), 1% better than BART (the best performing
algorithm), and 2e3% better than logistic regression.

A super learner algorithm should not perform worse than the
best performing individual algorithm from which it is developed.
Thus, although one may question the relative improvement in AUC
compared to a (simpler) single algorithm (e.g., logistic regression),
super learning should be considered whenever the goal is maxi-
mizing prediction accuracy. Further, for debilitating conditions like
PTSD, improvements in prediction accuracy of any magnitude may
be important. For example, whereas 557 true-positive cases of
probable PTSDwere in the top 5% of risk based on the super learner,
487e502 true-positive cases were in the top 5% of risk based on
logistic regression - logistic regression would miss over 50 cases. It
is also possible for super learning to have even larger improve-
ments over individual algorithms than observed here (Bergquist
et al., in press; van der Laan and Rose, 2011).

Performance of our super learner can be compared to two other
post-disaster PTSD risk scores developed using logistic regression.
Liu and colleague's (2012) 11-variable post-earthquake PTSD risk
score was developed in a training subsample (70% of the total
sample) and achieved an AUC of 0.77 when applied to the
remaining validation subsample (sensitivity and PPV were not re-
ported because no high-risk cut-point was operationalized). This
AUC is lower than our super learner and identical to the AUC ach-
ieved in our CV logistic regression algorithms. These AUC values
reflect the upper-end of fair prediction. Bromet and colleague's
(2017) risk score for PTSD related to any type of disaster, which
was also formed using 10-fold CV, achieved a much lower AUC
(0.63). Although comparisons should be made cautiously given
their small sample and use of retrospective reports of disasters and
PTSD risk factors, Bromet et al.'s risk score also had a lower PPV
(20.4%) but higher sensitivity (44.5%) among individuals in the top
5% risk tier.

Although additional research and development is needed prior
to implementation, the current study provides a foundation for
future research that should aim to expand and adapt super learning
risks scores in other disaster settings. With sufficient external
validation in samples of earthquake survivors from different
countries/cultures, it could be possible to develop an app-based
interface that would allow disaster aid workers to use a super
learner risk score to make recommendations for preventive in-
terventions. Whereas a multi-week cognitive-behavioral preven-
tion program might be offered to individuals in the top one or two
tiers of risk, a brief one-session psychoeducation-based program
might be offered to individuals in middle risk tiers. Prior to large
scale implementation of a risk tool, it would be necessary to
determine disaster-specific cost and resource effective cut-point(s)
for triaging survivors to different mental health services.

Three limitationsmust be acknowledged. First, the outcomewas
probable DSM-IV PTSD, assessed using a self-report questionnaire.
Although research suggests the Spanish translation of the DTS can
accurately approximate a DSM-IV PTSD diagnosis, algorithm per-
formance may have been different had the outcome been a DSM-5
PTSD diagnosis assessed using a structured clinical interview (e.g.,
Clinician-Administered PTSD Scale, Weathers et al., 2013). Second,
the survey was conducted over five years ago, in a sample of in-
dividuals from a single country, and was not designed to assess the
full range of risk factors for post-disaster PTSD. The use of cross-
validation does not preclude external validation and expansion in
other samples of earthquake survivors as performance may be



Fig. 1. Proportion of probable PTSD cases within ventiles of predicted risk (sensitivity) based on the super learner.
Ventiles of predicted risk were created by rank ordering the super learner predicted probabilities and creating 20 equally sized groups. The bars show the observed proportions of all
PTSD cases in each ventile of risk.

Fig. 2. Prevalence of probable PTSD within ventiles of predicted risk (positive predictive value) based on the super learner.
Ventiles of predicted risk were created by rank ordering the super learner predicted probabilities and creating 20 equally sized groups. The bars show the prevalence of PTSD cases
in each ventile of risk.
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improved with data on other peri- and post-earthquake factors
(e.g., significant others suffering injuries, Kun et al., 2013; Tural
et al., 2004; Wang et al., 2009; Wen et al., 2012). Performance
also may be improved with inclusion of biological risk factors (e.g.,
neuroendocrine response, Galatzer-Levy et al., 2017), which could
ultimately guide future pharmacological preventive interventions.
Third, there are limitations associated with the use of super
learning – it takes increased computational time compared to using
only individual algorithms, though this limitation will be less
problematic as technology advances. Super learner performance is
nonetheless contingent on the performance of the individual al-
gorithms included in the library.

Within the context of these limitations, we demonstrated that
super learning can be used to create a risk score that predicts PTSD
more accurately than conventional regression methods. Expansion
and further validation of the current super learning algorithm for
post-earthquake PTSD, and developing super learner algorithms for
other types of disasters (includingman-made disasters), could be of
great value to mental health professionals attempting to identify
individuals in need of PTSD preventive interventions. This is
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especially true given the growing PTSD prevention literature (Amos
et al., 2014; Forneris et al., 2013; Kliem and Kroger, 2013).
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