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ABSTRACT Physicians facing the COVID-19 pandemic are likely to experience acute and chronic, and
often unpredictable, occupational stressors that can incur post-traumatic stress symptoms (PTSS), prevention
of which is of utmost importance to enhance healthcare workforce efficiency. Unlike previous studies,
in this paper we developed a generalized data-driven framework to generate insights into the complex,
nonlinear associations of cognitive/occupational factors with physicians’ PTSS-risk. Data were collected
from practicing physicians in the 18 states with the largest COVID-19 cases by deploying a cross-sectional,
anonymous, web-based survey, following the second COVID-19 peak in the US. Analyses revealed that
physicians directly treating COVID-19 patients (frontline) were at higher occupational risk of PTSS than
those who didn’t (secondline). We implemented a suite of eight statistical learning algorithms to evaluate
the associations between cognitive/occupational factors and PTSS in frontline physicians. We found that
random forest outperformed all other models, in particular the traditionally-used logistic regression by 6.4%
(F1-score) and 9.6% (accuracy) in goodness-of-fit performance, and 4.8% (F1-score) and 4.6% (accuracy)
in predictive performance, indicating existence of complex interactions and nonlinearity in associations
between the cognitive/occupational factors and PTSS-risk. Our results show that depression, burnout,
negative coping, fears of contracting/transmitting COVID-19, perceived stigma, and insufficient resources to
treat COVID-19 patients are positively associated with PTSS-risk, while higher resilience and support from
employer/friends/family/significant others are negatively associated with PTSS-risk. Insights obtained from
this study will help to bring new attention to frontline physicians, allowing for more informed prioritization
of their care during future pandemics/epidemics.

INDEX TERMS Post-traumatic stress symptoms (PTSS), depression and burnout, COVID-related damaging
factors, resilience and social support, nonlinear relationships, predictive analytics.

I. INTRODUCTION
Identification and utilization of accurate information on fac-
tors associated with post-traumatic stress symptoms (PTSS)

The associate editor coordinating the review of this manuscript and
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is instrumental for developing targeted interventions for post-
traumatic stress disorder (PTSD) in physicians and other
healthcare providers [1]. To this end, a number of stud-
ies have focused on the identification of risk factors for
PTSD, including the type and frequency of traumatic events
(e.g., combat exposure, rape/sexual assault, being female and
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previously married) [2], peri-traumatic factors [3], early pre-
dictors of PTSD [4], [5], and gene expression profiles iden-
tifying emergent PTSD [6]. However, most of these studies
were based on the general linear model and other statistical
methods that are not optimally suited to explore the com-
plex interactions between linear, non-linear or non-normally
distributed risk indicators encountered during trauma and its
early aftermath [7]. Thus, such models often underestimate
the risk of developing post-traumatic stress symptoms (PTSS)
and PTSD. In addition, previous studies have identified risk
indicators at the group level, thereby overlooking within-
group heterogeneities [8].

Compared to the US general population, for whom the
lifetime risk of developing PTSD by age 75 is 8.7% and the
twelve-month prevalence is 3.5% [9], the risk of PTSD in
physicians is significantly higher. For instance, studies show
that the prevalence of PTSD among physicians of both sexes
is 14.8%, with the range varying among studies between
4.4% to 28% [10]. Physicians’ work stress and its associa-
tion with a higher risk of PTSD have been discussed in the
extant literature [10], [11], [12], [13]; however, the recent
COVID-19 pandemic has added a significant burden on the
healthcare system. It has been well-documented during previ-
ous epidemics, including SARS-2003, H1N1 Influenza-2009,
andMERS-2012, that frontline physicians (i.e., those treating
infected patients) endure formidable social, psychological,
and emotional stressors [14], [15], [16], [17]. COVID-19,
however, far exceeds in scope and scale of the devastation
wrought by these earlier outbreaks.

First identified in December 2019 in Wuhan China,
the SARS-CoV-2 COronaVIrus Disease-19 (COVID-19)
rapidly became a global pandemic by March of 2020.
As of September 2022, there were over 600 million
reported confirmed cases and 6.5 million people have
died with COVID-19 worldwide. Thus, the consequences
of COVID-19 are formidable and far-reaching, revealing
fragility in our healthcare system and the risks faced
by those who serve within it. Physicians have been
overrun by caseloads of acutely ill patients [18], [19],
insufficient resources [19], [20], and risks inherent to work-
ing with a new and highly infectious disease, culminating
in the deaths of over 1,043,921 Americans (September 9,
2022) [21]. As a result, evidence is mounting that a signif-
icant psychological toll is incurred by frontline physicians
[22], [23], who experience high stress, anxiety, depression,
compassion fatigue and burnout sustained from working
with COVID-19 patients [24], [25]. Of particular concern
is the traumatic nature of COVID-19 associated stressors,
which raise the likelihood of post-traumatic stress symptoms
(PTSS) incurred by frontline physicians [26].

Physicians with PTSS are susceptible to self-destructive
coping strategies (e.g., substance abuse) in attempt to manage
their symptoms, other mental health conditions (e.g., depres-
sion), and suicidality [13], [27], [28]. Workplace-generated
stressors (e.g., long working hours, time pressures) interfere
with physicians’ functioning, which may affect the quality

of their care provision [29], [30], [31]. In addition, working
for prolonged periods in such stressed environments increases
their likelihood of leaving the healthcare system entirely [32],
[33], [34]. Lack of established knowledge and treatment
strategies, alongside changes in their work environment, may
altogether critically affect the mental health and functioning
of physicians treating COVID-19 patients [35].

For these above-mentioned reasons, identifying variables
vital to assessing and predicting the risk for PTSS among
frontline physicians is key to ameliorating mental health
burdens they face. Recently, several studies have focused on
assessing the COVID-19 induced risk on the development
of PTSD in physicians [19], [36], [37], [38], [39], [40],
[41], [42], [43], [44]. Most of these studies are based on
exploratory data analysis and/or implementing simple linear
regression models (e.g., logistic regression) to assess the
PTSD trauma-related stressors in physicians. Linear models
are predominantly used to model mental health outcomes
because of their easier interpretability and lower compu-
tational cost; however, the theoretical foundations of such
models employ rigid assumptions regarding the underlying
distribution of data, such as linearity and normality [45].
Such assumptions, however, often do not hold, producing
poor generalization performance [46]. Moreover, such con-
ventional assessments and linear models fail to account for
the potential complex, nonlinear interplay of factors associ-
ated with PTSS, leading to underestimation of risk and sub-
optimal decision-making around preventive and responsive
interventions. In their stead, studies increasingly champion
data-driven techniques to better understand complex non-
linear relationships in the contexts of mental and public
health [47], [48], [49], [50], [51].

Learning algorithms are becoming popular data-driven
techniques that employ pattern recognition and computa-
tional learning theory. These techniques are particularly well-
suited formodeling complex and nonlinear relationships [52],
making them ideal for studying PTSS risk. Such algorithms
are unfettered by rigid model assumptions, producing mod-
els and data-driven predictions derived only from the input
observations [53]. Recently, a growing number of studies
are utilizing machine learning to predict PTSS in specific
contexts, especially focusing more on patients and the gen-
eral population [1], [54], [55], [56], [57], [58], [59], [60],
[61], [62]. Moreover, most have focused on the prediction of
trauma-related disorders or identification of individuals likely
to suffer from PTSS, without specification of the underlying
factors that might be instrumental in triggering PTSS. Studies
have yet to focus on physicians in the context of COVID-
19, and/or preclude underlying work environment factors of
potential consequence to PTSS. Physicians on the frontlines
of emergent infectious diseases are at higher risk of PTSS
than their peers [63], [64], [65], [66]; however, most available
studies focus on the entire medical community without com-
paring how these risks may differ between physicians treating
infectious patients and those who are not. In the context of
the current pandemic, recent studies demonstrate that the
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convergence of rapid acceleration of COVID-19 transmis-
sion rates, uncertainty about the virus, and limited treatment
strategies have often exacerbated already excessive work-
loads among frontline physicians, exposing public health
systems on the verge of collapse [35]. Yet, assessment of these
phenomena is still in its infancy in the United States [36],
[37], [67], [68], which leads the world in COVID-19 cases.

Therefore, although it is well-established in the literature
that physicians are at a higher risk of experiencing PTSS
than the general population, there are several gaps. First,
most of the existing empirical literature on studying the
risk factors of PTSS reveal a unilateral focus on descrip-
tive and explanatory statistical modeling, which is not opti-
mally suited to explore the complex interactions between
linear, non-linear or non-normally distributed risk indicators
encountered during trauma and its early aftermath. Second,
although studies have focused on specific types of risk factors
for PTSS in physicians, a holistic approach to the numerous
types of risk factors associated with PTSS in physicians
has not been taken. Third, despite the prevalence of using
machine learning algorithms in healthcare studies to predict
PTSS in specific contexts, they do not attempt to specify
the underlying factors that may be instrumental triggers of
PTSS in individuals. An accurate assessment of the scope and
severity of mental health threats among frontline physicians
is important to advance global efforts in preparing for such
threats. Comparison of the prevalence of PTSS in physicians
who did versus did not have a direct role in the treatment of
COVID-19 patients could offer additional insights into the
mental health costs incurred by frontline physicians. Of criti-
cal importance, however, is identifying variables correlated
with PTSS prevalence and understanding of their complex
nonlinear interactions. This information could be leveraged
to evaluate factors associated with increased risks for PTSS,
as well as identify and assess the protective factors.

To address the aforementioned critical issues, in this
study we developed a generalized, data-driven framework to
identify and assess a multitude of factors that are strongly
associated with a higher likelihood of PTSS among frontline
physicians. First, we examined PTSS and other measures
of mental health in frontline physicians in comparison with
physicians were not involved directly in the treatment of
COVID-19 patients to identify the higher-risk group of physi-
cians. Second, for the higher-risk group, we modeled the
risk of PTSS as a function of various metrics characteriz-
ing mental health burden, work environment and occupa-
tional characteristics, and demographics. A suite of statistical
learning models, including linear regression and non-linear
ensemble tree-based models, was implemented to evaluate
the PTSS risk among the high-risk group physicians. Finally,
we conducted statistical inferencing using variable impor-
tance analysis and partial dependence plots to identify and
evaluate the key factors most strongly associated with the risk
of developing PTSS in the high-risk group.

We implemented our proposed framework following the
second COVID-19 peak in the US, at approximately 6months

into the pandemic, and conducted the analysis for the
18 most-affected US states as a case study because of the
following reasons:
• A dearth of information regarding the contagiousness,
transmissibility and virulence of the COVID-19 virus,
which created an environment of fear for frontline
healthcare workers.

• The unprecedented surge of infectious patients increased
the workload for frontline healthcare workers, which,
when combined with lack of incentives and social exclu-
sion/stigmatization, significantly exacerbated psycho-
logical distress among frontline healthcare workers.

• The healthcare system was inundated with a surge of
infectious patients, enduring shortages of quality per-
sonal protective equipment, and experiencing poor man-
agement of its healthcare professionals, all of which
worsened stress within these work environments.

• We aimed to capture the variability in physicians’ PTSS
risk across various geographical locations, patient demo-
graphics, political environments, and other factors, thus
selecting the 18 most COVID-affected states (more than
40,000 COVID-19 cases as of June 2020) in the US.

This framework is designed to be generalized and adapted
to any spatiotemporal resolution (i.e., any state or region,
country or time period), provided adequate data are avail-
able. The proposed approach has the potential to assess the
workplace-induced PTSS risk of physicians that would aid in
designing informed intervention strategies. Not only would
resulting interventions based on such modeling be of imme-
diate use in the ongoing COVID pandemic, the management
inherent both to the gathering and application of such infor-
mation would likely inform intervention efforts for future
pandemics our world assuredly will face.

II. OBJECTIVES
The aims of the current study were to: 1) evaluate the symp-
toms of PTSS among frontline physicians compared to sec-
ondline physicians and identify the higher-risk group among
them; 2) predict PTSS risk in the higher-risk group using
nonparametric statistical learning algorithms; 3) identify and
rank the key predictors associated with the risk of experi-
encing PTSS by the higher-risk group; and 4) determine the
linear/nonlinear patterns of these predictors. Various types of
stressors were analyzed, including the novel COVID-related
social, emotional, and cognitive factors as well as other
known factors, influencing the development of PTSS, such as
psychological resilience [69], [70], [71], exposure rate [67],
[68], [72], occupational role [68], age [66], [73], sex [63],
marital status [74], isolation [66], coping strategies [66], [74],
[75], along with social support from family [74], [76], friends
and colleagues, and organizational support [74], [75], [77].

III. MATERIALS AND METHODS
A. STUDY DESIGN
Following IRB approval, a cross-sectional, web-based survey
developed by our interdisciplinary team was deployed to
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physicians from the American Medical Association’s (AMA)
PhysicianMasterfile database between August 7 and Septem-
ber 26, 2020. Surveying immediately followed the second
COVID-19 US contagion peak [78]. Participation was volun-
tary and targeted physicians were from states reporting the
greatest COVID-19 caseloads (more than 40,000 COVID-19
cases as of June 2020) [21], including New York, California,
New Jersey, Illinois, Texas, Massachusetts, Florida, Pennsyl-
vania, Michigan, Georgia, Maryland, Virginia, North Car-
olina, Arizona, Louisiana, Connecticut, Ohio, and Indiana.
A layout of the survey design is provided in Figure 1.

B. PARTICIPANTS
Physicians from all specialties were recruited identified in the
AMA Physician Masterfile, a near-complete record of all US
physicians, independent of AMA membership. Canvassing
e-mails (including study description and survey link) were
sent on August 7 and 26, 2020. From 36,372 physicians
(opening invitation), 1,478 responseswere recorded, of which
1,017 responses (completing PTSD Checklist: PCL-5) were
analyzed (sequential steps of data preprocessing is provided
in Section III-E, Figure 2-1A).

C. OUTCOME/RESPONSE VARIABLE: POST-TRAUMATIC
STRESS SYMPTOMS (PTSS)
As defined by the Diagnostic and Statistical Manual of Men-
tal Disorders (DSM-5), PTSD is a psychiatric disorder that
follows exposure to a traumatic event (Criterion A), and
is characterized by four symptom criteria: (i) Criterion B:
intrusive, distressing thoughts; (ii) Criterion C: persistent
avoidance of trauma-related stimuli; (iii) Criterion D: alter-
ations in cognition andmood; and (iv) Criterion E: heightened
arousal and reactivity [9]. Symptoms of PTSD can persist
for decades [79]. We employed the PTSD Checklist (PCL-5),
a commonly used research and clinical screening question-
naire based on the DSM-5 [80] to assess PTSD symptoms
(i.e., PTSS). In the PCL-5 section of the survey, physicians
were instructed the following: ‘‘In this subsection there is
a list of reactions that people may have in response to a
very stressful experience. Keeping in mind your worst/most
stressful event(s) related to COVID-19, how much were you
bothered by the following in the PAST MONTH’’. The PCL-5
is a 20-item, 5-point scale (0=not at all to 4=extremely), and
respondents rated how bothered they were by each symptom
in the past month. The total score range is 0–80, with 33 or
greater indicating probable PTSD according to PCL-5 scor-
ing. A diagnosis of PTSD can only be made by a trained
clinician using an in-person interview; thus, we use the term
‘‘PTSS’’ to indicate the symptom ratings of physicians, with
the highest ratings being suggestive of the greatest risk for
developing PTSD. The results of the PCL-5 data for front-
line and secondline physicians are presented in Table 2,
Section IV-B.
To optimize the categorization of physicians into PTSS

groups from low PTSS (low risk of PTSD) to high PTSS
(high risk for PTSD) for the predictive analyses, we combined

the DSM-5 and PCL-5 scoring criteria, similar to methods
suggested by the National Center for PTSD [81]. This proce-
dure included using only PCL-5 items rated as 2 (moderately)
or higher, which constitutes clinically significant symptom
endorsement, and then applying this level of endorsement to
the number of DSM-5 items required for each of the four
criterion: at least one item in Criterion B (re-experiencing),
one in Criterion C (avoidance), two in Criterion D (neg-
ative beliefs), and two in Criterion E (hyperarousal) [9].
In Section IV-B, Table 3 presents the frequency of frontline
and secondline physicians, separately, who endorsed PCL-5
symptoms as 2 or higher. Using the scoring criteria specified
above, all physicians (i.e., frontline and secondline) were
categorized into four symptom groups: High PTSS (scores of
≥2 in at least 3 DSM-5 categories, PCL-5 ≥33), Moderate
PTSS (score of ≥2 in 2 DSM-5 categories, ≥ 12 and ≤ 33
PCL-5 score), Low PTSS (score of ≥2 in none or 1 DSM-5
categories, PCL-5 score ≥12 and <33), and Very Low PTSS
(score of ≤2 in none or 1 DSM-5 categories, PCL-5 score
<12). Further, for the model implementation, the two highest
and two lowest groups were combined to create a ‘‘High
PTSS Risk Group’’ (High PTSS/Moderate PTSS), and a
‘‘Low PTSS Risk Group’’ (Low PTSS/Very Low PTSS).

D. PREDICTOR CANDIDATES
The survey design layout depicted in Figure 1 shows the
different types of information that were collected. Besides
the response variable (information on PTSS), the various
categories of variables that were collected include: (i) mental
health and emotional wellbeing; (ii) factors/stressors in the
work environment; (iii) organizational and social support;
(iv) personal characteristics; and, (v) demographics. Details
of the specific types of information collected under these
categories are described below.

1) MENTAL HEALTH AND EMOTIONAL WELLBEING
The Patient Health Questionnaire (PHQ-9) [9 items, 4-level
Likert scale: 0-3 score range per item, total score: 0-27] [82]
and the single-item, 5-point burnout scale [1 item, 5-level
Likert scale: 1-5 score range] [83] were used to assess the
severity of symptoms of depression and burnout, respec-
tively. We categorized depression into five levels based on
total PHQ-9 scores [82]: minimal [total score=1-4]; mild
[total score=5-9]; moderate [total score=10-14]; moderately
severe [total score=15-19]; and severe [total score=20-27].

2) FACTORS/STRESSORS IN THE WORK ENVIRONMENT
Occupational characteristics and COVID-19 specific
experiences included living arrangement changes, work-
load, non-routine work, resource availability, decision-
making, exposure rates (e.g., time with COVID-19 patients,
intubation/aerosol-generating procedures of suspected/
confirmed COVID-19 patients), perceived stigma from treat-
ing COVID-19 patients, and turnover intent (switching
units/teams, leaving current employer, or leaving healthcare
entirely).
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FIGURE 1. Survey design: Types of data collected.

3) ORGANIZATIONAL AND SOCIAL SUPPORT
Perceived organizational and social support was assessed
using the 8-item 7-point Survey of Perceived Organizational
Support scale [8 items, 7-level Likert scale: 1-7 score range
per item] (SPOS; items 1, 3, 7, 9, 17, 21, 23, 27) Eisenberger
et al., which was classified into positive support (item num-
bers: 1, 9, 21, 27) [84] and negative support (item numbers:
3, 7, 17, 23) [84] for our analysis. Perceived available support
from family, friends, and significant others was measured

employing the 3-item Multidimensional Scale of Perceived
Social Support (MSPSS) [85].

4) PERSONAL CHARACTERISTICS
Resilience and stress coping characteristics were measured,
respectively, with the Connor-Davidson Resilience Scale
(CD-RISC-10) [10 items, 5-level Likert scale: 0-4 score
range per item, total score: 0-40] [86] and, the Brief-
COPE Scale [28-item, 4-level Likert scale: 1-4 score range
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per item] [87]. The Brief-COPE scores indicate individuals’
negative/positive dominant coping strategies among 14 cat-
egories, each scored separately with a range of 2-8. The
14 categories include self-distraction, active coping, denial,
substance abuse, use of emotional support, use of instru-
mental support, behavioral disengagement, venting, posi-
tive reframing, planning, humor, acceptance, religion, and
self-blame [87].

5) DEMOGRAPHICS
Demographics included age, sex, ethnicity, race, immigration
status, and marital status. Workplace characteristics included
training/years of experience, primary work setting, hospital
type, and work setting within hospital.

Before implementing the models and conducting statis-
tical analyses, it was essential to assess multicollinearity
among the variables before performing statistical analysis.
The presence of multicollinearity can mask the effect of the
predictor variables on the response and bias the coefficient
estimates in the case of linear regression. The correlation
analysis and selection of the final variables was conducted in
order to remove the highly correlated variables (correlation
coefficient |ρ| ≤ 0.9). Similar strategy was used in previous
research to minimize the masking effects of the variables and
facilitate better statistical inferencing [88], [89], [90], [91],
[92], [93], [94]. A detailed description of all the variables
along with their descriptive statistics is provided in Table A1
in the Supplementary File.

E. METHODOLOGICAL FRAMEWORK
In this paper, we propose a generalized, data-driven, PTSS
risk assessment framework that consists of three parts:
i) Part-1: a survey based data collection and preprocessing
(discussed above, see Figure 2-Part 1A) and classification
of the various PTSS risk levels among physicians (discussed
above, see Figure 2-Part 1B); ii) Part-2: statistical analysis
and predictive models development including simple statisti-
cal analyses to compare the PTSS risk levels among both the
frontline and secondline physicians (see Figure 2-Part 2A),
and then implementing various predictive algorithms to eval-
uate the PTSS risk among the high-risk physician group (see
Figure 2-Part 2B); and, iii) Part-3:: model interpretation and
inference, including statistical inferencing that leverages vari-
able importance analysis and evaluating partial dependence
plots (see Figure 2-Part 3). This section provides supervised
statistical learning and the various modeling techniques that
we adopted in our research to evaluate the factors associated
with a higher risk of PTSS among physicians facing a crisis
situation in their workplace.

1) COMPARATIVE ASSESSMENT OF PTSS BETWEEN
FRONTLINE AND SECONDLINE PHYSICIANS
Independent samples t-tests and Chi-square (χ2 test) analyses
were used to test the PCL-5 scores (Table 2) and frequency of
endorsed symptoms (Table 3) between frontline and second-
line physicians, respectively. Chi-square analyses (χ2 test)

and t-tests were also implemented after obtaining the key
variables from the model implementation to determine if the
findings were considered significant at 2-tailed p ≤ 0.05 (see
Figure 2-Part 2A).

2) STATISTICAL LEARNING
Learning algorithms have been gaining more attention in the
field of public health recently [95], [96]. Compared with the
conventional linear statistical models, the major advantages
of applying statistical learning models include: 1) the abil-
ity to capture the underlying interdependent and nonlinear
relationships of the data [96], [97]; 2) capacity to discover
specific patterns and trends that could be unknown to humans,
and 3) subsequent strong predictive ability [98]. Broadly
speaking, supervised learning method is applied to estimate
a regression function capable of predicting the response vari-
able Y conditioned on a set of inputs X , such that the loss
function for measuring errors is minimized. The generalized
form can be mathematically written as Y = f (X )+ ε, where
ε is the irreducible error follows ε ∼ N (0, σ 2) [45], [99].
The loss function L represents the deviation of observed
values from the estimated values of Y . In this study, the
response variable Y represents the high vs. low risk of PTSS
experienced by the group of physicians who is found to be
at a higher risk of experiencing PTSS, with the rest of the
variables in the dataset are denoted as a vector of predictor
variables X .

Statistical learning models can be broadly classified into
parametric, semi-parametric and non-parametric models.
Parametric models assume a functional form of f expressed
in terms of coefficients and independent variables [45], [99].
Thus, in lieu of estimating an arbitrary function f , the
model ends up estimating only the coefficients characteriz-
ing the function. The coefficients or parameters are inde-
pendent of the training data set and depends on the model
itself. On the contrary, the non-parametric methods do not
make any assumption about the shape of the function. The
non-parametric methods essentially fit closest to the actual
shape of f . By utilizing data in novel ways to estimate the
dependencies, non-parametric models often have a superior
predictive power over parametric models. However, the non-
parametric methods are data-intensive and highly dependent
on data quality [45], [99].

In this research, the function f is constructed leveraging a
library predictive models including a parametric model such
as the traditionally-used logistic regression [100], [101], and
non-parametric models such as the random forest (RF) [102],
bootstrap-aggregating (bagging) [99], Naïve Bayes [103],
gradient boosting method [104], Bayesian additive regression
trees [105], [106], support vector machines [107], [108],
[109], and neural networks [110]. Selection of the optimal
predictive model was based on the generalization perfor-
mance of the models [45], [99]. By implementing a series
of experiments, RF outperformed all the models, both in
terms of goodness of fit and predictive accuracy. Thus,
we selected RF as our final model to assess the PTSS risk in
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FIGURE 2. Generalized data-driven framework to evaluate the risk of Post Traumatic Stress Symptoms in Physicians.
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the frontline physicians. Details of random forest algorithm
and model selection techniques are provided in the following
subsections. Brief overview of all the other models is pro-
vided in the Supplementary File.

a: RANDOM FOREST: ALGORITHM DESCRIPTION
Random forest technique combines a bootstrap aggregating
approach combined with feature randomness when building
each tree, creating a multitude of decision trees. The overall
model performance is then calculated by averaging predic-
tions from each of the single trees. Mathematically, random
forest can be defined as an ensemble tree-based learning
model that consists of B bootstrapped regression trees Tb.
The model development process is explained in details in the
Algorithm 1 [102].

Algorithm 1 Random Forest Algorithm [99], [102]
1: Input: Data set with dimension (N ,M ) where N is the

number of data points & M is the number of input vari-
ables; Ensemble tree size B

2: for b = 1 to B: do
3: Build a bootstrap sample Nb from data set of size N by

randomly sampling |Nb| data points with replacement.

4: Treat Nb as the training data set, while the remaining
data is used as validation set to estimate tree’s predic-
tion error.

5: Fit a decision tree model Tb on the training data set Nb
by recursively repeating the following steps for each
terminal node of the tree, until the minimum node size
nmin is reached.

i) Select m variables randomly from the M vari-
ables (m� M ).

ii) Pick the best variable/split-point among them.
iii) Split the node into two daughter nodes.

6: end for
7: return {Tb | 1 ≤ b ≤ B}
8: Output: Ensemble tree model whose prediction is given

by average of predictions across all trees:

f̂RF =
1
B

B∑
b=1

Tb (1)

b: PREDICTIVE ACCURACY VS. MODEL INTERPRETABILITY
Generally speaking, flexible non-parametric methods have
higher predictive power than the ‘‘rigid’’ parametric methods.
However, this improved predictive power comes at the cost
of easier interpretability. To make inferences based on non-
parametric, ensemble tree-based methods, ‘‘variable impor-
tance analysis’’ (VI) and ‘‘partial dependence plots’’ (PDPs)
are implemented. The VI analysis helps to identify the most
important variables associated with a higher PTSS risk by
calculating importance of each PTSS predictor variable, mea-
sured using the Gini index [102]. The PDPs are applied to

help in understanding the effects of the predictor variable of
interest xj on the response in a ‘‘ceteris paribus’’ condition to
control all the other predictors.

Mathematically, the estimated partial dependence can be
represented as [111]:

f̂j(xj) =
1
n

n∑
i=1

f̂j(xj, x−j,i). (2)

Here, f̂ represents the statistical model (in this case random
forest); x−j denotes all the variables except xj; n denotes
the number of observations in the training data set. The
estimated PDP of the predictor xj provides the average value
of the function f̂ when xj is fixed and x−j varies over its
marginal distribution. Quantified marginal effects could indi-
cate an increase/decrease in PTSS risk with increase/decrease
in magnitude of the predictor, thus helping to catego-
rize predictors as damaging/protective factors, respectively.
All analyses were performed in R (version-3.1) and RStudio
(version-1.1.463).

c: BIAS VARIANCE TRADE-OFF AND MODEL SELECTION
Bias variance trade-off is the key to model selection in super-
vised learning theory. Optimal generalization performance of
a predictive model hinges on its ability to simultaneously
minimize the bias and variance, thus controlling the com-
plexity of the model. Cross validation is the most widely
used technique for balancing models’ bias and variance
[45], [112]. Thus, we leveraged a percentage randomized
holdout technique to estimate the predictive accuracy of the
resulting models. More specifically, out-of-sample predictive
accuracy of each model was calculated by implementing
30 iterations where, in each iteration, 20% of the data was
randomly held out to test the model, while the model was
trained on the remaining 80% data [45], [112]. The optimal
model can be selected in such a way that it outperforms all
the other models in terms of in-sample goodness-of-fit and
out-of-sample predictive accuracy.

To evaluate the performance of the classification models,
we leveraged the widely-used statistical metrics based on
the Confusion matrix, such as Accuracy (%), Recall (%),
Precision (%), F1 score, and Area Under the Curve (AUC,
or C-statistic), for both goodness-of-fit and predictive accu-
racy [113]. Accuracy is defined as the ratio of the total num-
ber of correct predictions to the total number of predictions
made for a given dataset. Precision is the ratio of correctly
predicted positive examples to the total number of positive
examples that were predicted. Recall quantifies the number
of correct positive predictions made out of all positive pre-
dictions that could have been made. F1-score provides a way
to combine both precision and recall into a single measure
that captures both properties. Mathematically, when only one
class is considered, the standard F1-score is defined as the
harmonic mean of P and R,

F1 =
2PR
P+ R

(3)
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where

P =
TPi

TPi + FPi
, (4)

R =
TPi

TPi + FNi
, (5)

TPi is the number of test instances correctly assigned to
the class i (that is, the number of true positives), FPi is the
number of test instances the system predicts mistakenly to be
a member of the class i (that is, the number of false positives),
and FNi is the number of test instances that belong to the
class i in the real data but not in the system output (that is,
the number of false negatives). F1-score is known to be more
informative and useful than classification accuracy if there
is a problem with class imbalance. We also leveraged AUC,
which is calculated by the area under the receiver operat-
ing characteristic (ROC) curve. F1 score and AUC, which
are mainly used in unbalanced datasets, were used in this
study to evaluate the models’ performances [113]. Finally,
the model that outperformed all the other models in terms
of goodness-of-fit and predictive accuracy was selected as
the final predictive model for statistical inferencing. This is a
well-known statistical process that ensures that the statistical
learning models do not overfit the data and provide accu-
rate predictive performance, while providing interpretability
benefits [45], [112].

IV. RESULTS
In this section, we present the results from our case study.
Specifically, this section includes: (i) a description of the
socio-demographic characteristics of the survey participants
who were included in the analysis; (ii) a comparative assess-
ment of the post-traumatic stress symptoms (PTSS) between
the frontline and the secondline physicians, and identification
of the groups with higher (High PTSS Risk Group) and lower
levels (Low PTSS Risk Group) of PTSS; and (iii) identifying
and evaluating the key factors that are positively or negatively
associated with the higher levels of PTSS in the High PTSS
Risk Group identified in Step (ii). We also discuss the per-
formance of the various statistical learning models that were
implemented to identify and assess the key predictive factors,
including the rationale for final model selection followed by
statistical inferencing (i.e., identifying and evaluating the key
factors as discussed above).

A. PARTICIPANTS’ SOCIO-DEMOGRAPHIC
CHARACTERISTICS
Table 1 presents the socio-demographic data and statistical
comparisons between frontline and secondline physicians.
Although largely homogenous, they were not identical, with
small differences between the groups found across age, years
in practice, sex, primary work setting, current work sta-
tus, and underlying conditions. Frontline physicians were
an average of three years younger and had three years less
work experience than did secondline physicians. Sex com-
position of frontline physicians was similar, whereas the

secondline physicians skewed female. Whereas both groups
were largely concentrated in academic medical centers and
group practices, a larger percentage of frontline physicians
worked in hospitals than did secondline. Finally, although the
vast majority of both groups worked full-time in medicine,
secondline physicians were 11% more likely to be part-
time than were frontline physicians. All demographic and
workplace variables were controlled for in our subsequent
analyses, mitigating those minor differences that were found
between the groups.

B. COMPARISON OF PTSS BETWEEN THE
PHYSICIAN GROUPS
Overall, 717 frontline physicians and 300 secondline physi-
cians completed the PCL-5. Table 2 presents the PCL-5
data using the full-scale scores of 0 to 4. Section 1 lists
the means (SDs) of frontline vs. secondline physicians for
each of the 20 PCL-5 items. More frontline than second-
line physicians had significantly higher scores for all of the
items in Criterion B (re-experiencing) and C (avoidance),
four of seven items in Criterion D (negative cognition/mood),
and four of six items in Criterion E (heightened arousal).
Section 2 of Table 2 lists PCL-5 composite criterion scores
and the PCL-5 total score (calculated by summing all PCL-5
item scores) for both groups. Frontline compared to second-
line physicians had significantly higher criterion scores and
PCL-5 total score for both groups. Table 3 lists the num-
ber (percentage) of frontline vs. secondline physicians who
endorsed each of the PCL-5 items with scores of 2 or higher
(considered clinically significant). Chi-square (χ2 test) anal-
yses indicated that a greater number of frontline than second-
line physicians endorsed four items in Criterion B, one item
in Criterion C, three items in Criterion D, and two items in
Criterion E. This table (Table 3) presents a non-traditional
way of examining PCL-5 scores by looking at the frequency
of individuals who score items in the clinically significant
range (≥2, moderate to severe).

Table 4 presents categorization of the physicians into four
PTSS groups using the scoring method of 2 or higher as
clinically significant, as described in Section III-C. The Very
Low PTSS and the Low PTSS groups are considered low risk
for experiencing PTSS, whereas theModerate PTSS andHigh
PTSS groups are considered to be at high risk for experiencing
PTSS (see Table 4, Moderate PTSS Risk Group and High
PTSS Risk Group). This categorization was applied to both
the frontline and secondline physicians. We observed that
30.82% of the frontline physicians fell in the high-risk cate-
gory compared to 21.33% of secondline physicians. Notably,
10.54% of frontline physicians reported high PTSS compared
to the 5.0% of secondline physicians. Thus, frontline physi-
cians are at a higher risk of experiencing clinically significant
PTSS compared to the secondline physicians. Hence,we con-
sidered frontline physicians as our target group for evaluating
the risk of PTSS. Frontline physicians included in the low-
risk (n=309) and high-risk (n=137) groups answered all
questions for each of the predictor measures. This dataset was

114442 VOLUME 10, 2022



S. Mukherjee et al.: Statistical Learning Approach to Evaluate Factors Associated With PTSSs in Physicians

TABLE 1. Demographics of the sample population (∧ = t-test; ? = χ2 test).

VOLUME 10, 2022 114443



S. Mukherjee et al.: Statistical Learning Approach to Evaluate Factors Associated With PTSSs in Physicians

TABLE 2. PTSD Checklist (PCL-5) mean score and standard deviation differences between frontline and secondline physicians based on the scoring
range 0 to 4.

then used to train and test the statistical learning algorithms
to predict and evaluate the factors associated with higher risk
of experiencing PTSS.

C. MODEL SELECTION
As discussed in Section III-E2.c, selection of an optimal pre-
dictivemodel was based on generalization performance of the
models [45], [99].This included assessment of goodness-of-
fit (results shown in Table 5) and predictive accuracy (results
shown in Table 6). We conducted significance tests of F1
scores and Area Under the Curve (AUC) measures (refer to
Tables A2 and Table A3 in the Supplementary File) across
every pairing of predictive models. Based on the prediction
performance, the tree-based models such as random forest
(F1=0.88; 95% CI, 0.87-0.89), bagging (F1 = 0.86; 95%
CI, 0.85-0.87), gradient boosting method (F1=0.86; 95% CI,
0.85-0.88) and Bayesian additive regression trees (F1=0.87;
95% CI, 0.86-0.88), outperformed the black-box algorithms
such as Naïve Bayes (F1=0.85; 95% CI, 0.84-0.87) and neu-
ral network (F1=0.85; 95%CI, 0.84-0.86). On the other hand,

the traditionally used logistic regression performed worst
with the least F1 score (F1=0.84; 95% CI, 0.83-0.86). Note,
although the support vector machine algorithm demonstrated
a superior predictive performance to the random forest in
terms of F1 score (F1=0.88; 95% CI, 0.86-0.89), it was not
selected because the superior performance was obtained at
the cost of reduced interpretability. Moreover, in terms of
AUC measure, random forest also exhibited a higher predic-
tive power (AUC=0.76; 95% CI, 0.75-0.78) than the other
models, although they were not statistically different based
on the paired t-test (Table A3). Therefore, ultimately we
selected random forest, given it offered: 1) best goodness-
of-fit performance among all the models (refer to Table 5);
2) highest overall predictive accuracy (accuracy=82.52%,
95% CI, 81.16-83.89; recall=93.11%, 95% CI, 91.92-94.31)
(refer to Table 6); 3) best prediction performance determined
by F1 score (refer to Table 6); and, 4) more interpretability
than its competitors such as the support vector machine and
other black-box algorithms [114]. Note that, compared to the
traditionally used logistic regression model, random forest

114444 VOLUME 10, 2022



S. Mukherjee et al.: Statistical Learning Approach to Evaluate Factors Associated With PTSSs in Physicians

TABLE 3. PTSD Checklist (PCL-5) frequency and percentage differences between frontline and secondline physicians based on the scoring range 0 to 4.

TABLE 4. PTSD symptom severity groups: Frequency (percent) of PCL-5 scores for physicians in each PTSS group.

offered an improvement of goodness-of-fit by 6.4% in F1
score and 9.6% in accuracy, while it’s out-of-sample predic-
tive performance improved by 4.8% and 4.6% in terms of F1
score and accuracy, respectively. A comparative assessment
of all the models in terms of their out-of-sample predictive
accuracy in terms of F1-score is provided in Figure 3.

D. IDENTIFYING THE KEY PREDICTORS ASSOCIATED
WITH THE RISK OF EXPERIENCING PTSS
IN FRONTLINE PHYSICIANS
The central aim of this study was to determine which vari-
ables best predict PTSS risk among frontline physicians and
how these variables relate to higher risk of PTSS, or possible
protection from PTSS. Fig. 4 depicts the variable rankings

FIGURE 3. Comparative assessment of out-of-sample predictive
performance of the different models in terms of F1 scores.

(rank no.1—most important predictor) (see Section III-E2.b
for details). In the figure, the various types of predictor
variables are coded in different colors. From the figure we
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TABLE 5. Comparison of Goodness-of-fit among a library of statistical learning models.

TABLE 6. Comparison of Prediction Performance among a library of statistical learning models.

observed that out of the top 20 variables, nine variables
characterize the work environment (green), five variables
describe the personal characteristics (blue), three vari-
ables depict organizational and social support (yellow), two
variables describe mental health of the physicians (red), and
one variable depicts demographics (grey). Therefore, consid-
ering both the ranking and the number of variables depicting
each of the predictor categories, it can be concluded that work
environment is the most important factor associated with the
PTSS severity levels in physicians.

Table 7 illustrates statistical significance of the top 20 vari-
ables indicated in Fig. 4. For the continuous variables,
we used t-test for the continuous variables and χ2 test for
the ordered variables to determine if the factors differed
significantly between the low-risk and the high-risk groups
of frontline physicians.

E. EVALUATING THE ASSOCIATIONS OF KEY PREDICTORS
AND THE RISK OF PTSS IN FRONTLINE PHYSICIANS
This section presents the various associations of the identified
key factors with the risk of experiencing PTSS in frontline
physicians. The associations are obtained using partial depen-
dence plots (PDPs) (see III-E2.b for details). The PDPs of
the top 20 most important variables are illustrated in Fig. 5.
Our findings are organized into two categories: 1) damaging
factors (higher scores associated with higher PTSS risk); and,
2) protective factors (higher scores associated with lower
PTSS risk). Note, these observed relationships are associ-
ations/correlations, and not causal relationships. However,
understanding such relationships can help the healthcare poli-
cymakers tomake informed decisions in designing and imple-
menting strategies to help minimize the risk of experiencing
PTSS among physicians while working in a stressed work
environment.

1) DAMAGING FACTORS
A cohort of cognitive/psychological variables—depression,
burnout, fear—top the list of variables associated with higher

risk of experiencing PTSS (Fig. 4). PTSS risk increased
dramatically even when mild–moderate depressive symp-
toms were present (Fig. 5-1). PTSS risk became signifi-
cantly prevalent with moderate–high burnout levels (burnout
score ≥ 3) (Fig. 5-2). Also, two types of fear—fear of
contracting COVID-19 (Fig. 5-4), fear of transmitting it to
loved ones (Fig. 5-5)—coincided with higher PTSS risk, pre-
senting a ‘‘V-shaped,’’ nonlinear relationship. Additionally,
three coping strategies that were associated with increased
PTSS risk include self-blame, venting, and behavioral dis-
engagement had a ‘‘V-shaped,’’ nonlinear relationships. Self-
blame (Fig. 5-3) and behavioral disengagement (Fig. 5-12)
demonstrated a strong linear correlation with PTSS risk,
whereas venting presented a ‘‘V-shaped’’ curvilinear rela-
tionship with PTSS risk (Fig. 5-14). Three occupational
characteristics—increases in job difficulty (Fig. 5-7), lack of
resources (Fig. 5-16), and perceived stigma for working with
COVID-19 patients (Fig. 5-10)—were also associated with
increases in PTSS risk. Physicians demonstrated resilience to
encounter challenges until they reached their highest levels.
Among demographics, only age influenced PTSS risk, where
service beyond 30 years demonstrated a positive association
with higher risk of PTSS (Fig. 5-13). Finally, attrition vari-
ables, represented by physician’s intention to switch medical
units (Fig. 5-9), leave their employer (Fig. 5-20), or leave
healthcare entirely (Fig. 5-6), were positively associated with
increased risk of PTSS. Our data show that frontline physi-
cians with higher risk of PTSS have higher intentions to
switch medical units (1 in 2.51), leave their current employer
(1 in 2.2), or even leave the healthcare industry altogether
(1 in 3.2) compared to their peers with lower risk of PTSS
(switch teams=1 in 6.5; leave current employer=1 in 4.75;
leave healthcare industry=1 in 10).

1‘‘1 in X’’ can be interpreted as 1 out of XUS physicians, who are working
at the frontlines treating COVID-19 patients and have displayed higher levels
of PTSS, have moderate to high likelihood of switching the teams or leaving
their current employer or leaving the healthcare industry altogether in the
next 2 years.
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FIGURE 4. Key predictors associated with PTSD risk in practicing physicians during COVID-19 pandemic.

TABLE 7. Top 20 predictors of PTSS risk in frontline US physicians treating COVID-19 patients (∧ = t-test; ? = χ2 test).

2) PROTECTIVE VARIABLES
Numerous variables appeared to be protective in nature. The
degree to which people felt supported by loved ones, such
as friends/family (Fig. 5-15), significant others (Fig. 5-19)

and their organization (Fig. 5-8) coincided with lower risk
of experiencing PTSS [36]. PTSS risk spiked slightly as
participants reported higher degrees of organizational support
(Fig. 5-8). Participants who received training from employers
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FIGURE 5. Relationships of top 20 predictors to increase the likelihood of developing moderate and high PTSS (black curve is the average marginal
effect of the predictor variable; red lines indicate the 95% confidence intervals).
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in psychosocial care reported lower risk of PTSS (Fig. 5-11)
compared to their peers who received no such care or were
unsure of receiving such care. Increases in resiliency were
associated with decline in PTSS risk (Fig. 5-17); however,
PTSS risk begins to climb at the highest resilience levels.
Lastly, Fig. 5-18 suggests that as participants relied more on
denial, PTSS risk was higher.

V. DISCUSSION
Physicians on the frontlines of COVID-19 are in cri-
sis. Among physicians in our study working directly with
COVID-19 patients across multiple specialties and states,
10.74% had high PTSS and 20.08% had moderately high
PTSS, for a combined total of 30.82% at the risk of devel-
oping PTSD. By comparison, in the US general population
the lifetime risk of developing PTSD by age 75 in the US
general population is 8.7% and the twelve-month prevalence
is 3.5% [9].

In Table 2 (see Section IV), we observed that frontline
physicians had a number of significantly higher PCL-5 item
scores and total scores than secondline physicians. These
results reveal symptoms that are associated with increased
risk of PTSS for frontline physicians, as well as the need
to identify currently at-risk physicians for interventions. Our
results also support the assumption that working directly
with COVID-19 patients can meet PTSD Criterion A of the
DSM-5 (having experienced a traumatic event).

The findings reported in Table 2 underscore not only how
overall rates of PTSD differ between frontline and second-
line physicians, but also how symptoms vary between these
groups. The International Classification of Diseases, 11th
Edition [115], in aiming to create an abbreviated symptom
assessment for PTSD, selected six items (among the 20 symp-
toms of PTSD included in DSM-5 and PCL-5) that are the
most specific to PTSD [116]. These include flashbacks and
nightmares (Criterion B, Re-experiencing), avoiding mem-
ories and external reminders (Criterion C, Avoidance), and
hypervigilance and exaggerated startle response (Criterion D,
Hyperarousal). Our analysis from the case study indicated
that all six of these items differed significantly between
frontline and secondline physicians (Table 2). Interestingly,
three items on which both the physician groups endorsed
similar and considerable rates (negative beliefs, difficulty
concentrating, and trouble sleeping), are highly correlated
with other dysphoric conditions [117]. Rather than being
specific to PTSD, these three items may instead indicate
concurrent stress-related symptoms among physicians, which
warrants further examination.

Our analysis also presented a unique way of examining
PCL-5 scores by looking at the number of physicians who
scored in the clinically significant range (≥2, moderate to
severe) (see Table 3). While PCL-5 mean score comparisons
are traditionally used to analyze differences between groups
using the full range of scoring (0 to 4), they do not reveal

the number of participants who endorse a particular score or
range of scores. The use of frequency data provides additional
information about the number of physicians who experience
clinically significant PTSS. For example, Table 3 shows that
a similar number of frontline and secondline physicians expe-
rienced problematic sleep (33.3% and 27.67%, respectively)
(PCL-5; item 20), whereas, more frontline than secondline
physicians experienced disturbing memories (20.08% and
10.0%, respectively) (PCL-5; item 1). Further exploration of
frequency data could allow for the identification of the most
relevant clinical symptoms associated with PTSS-related
disturbances in frontline physicians and other healthcare
workers.

Unique to our study, statistical inferencing from the predic-
tive models indicated that cognitive outcomes such as depres-
sion and burnout were the greatest predictors of increased risk
for experiencing PTSS among frontline physicians. Previous
studies have also shown that PTSD risk among physi-
cians is positively associated with depression and burnout
[19], [118]. Although burnout often coincides with depres-
sion among physicians [119], they have been shown to have
different mental health outcomes [120]. For example, while
depression is directly associated with suicidal ideation among
physicians, burnout was associated with more self-reported
medical errors than depression [120]. Consistent with this,
burnout and depression were independent predictors of PTSS
risk in our analyses. In fact, depression, which has long been
found to co-occur with PTSD in the aftermath of traumatic
events [13], [121], [122], was the greatest predictor of higher
risk for experiencing clinically significant PTSS in physicians
treating COVID-19 patients in the aftermath of the pandemic.
Its significance underscores the need for physicians and
healthcare administration to remain vigilant for indicators of
depression, potentially engaging in active monitoring of its
prevalence among frontline physicians. Statistical inferenc-
ing from the learning models revealed that, unlike the linear
relationship between PTSS risk and depression, PTSS risk
was positively associated with only the high burnout levels.
In addition, PTSS risk levels were observed to be high when
fears of contracting or transmitting COVID-19 were minimal,
dipped when these fears were moderate, then dramatically
spiked when fears were great (see Figure 5-4). Although
moderate fear appears protective, low and high levels of fear
may follow patterns similar to those discussed earlier, with
high fear triggering trauma and low fear serving as a proxy for
negative coping strategies such as denial. Out of the 57 pre-
dictor variables used in this study, it is noteworthy that nine of
the top twenty predictors of PTSS fall in the category of work
environment, with six falling in the top ten. Burnout is also
known to result directly from workplace stressors, and tends
to resolve when individuals take a break from the workplace.
The significance of work environment and burnout as top pre-
dictors is that many of these are externally driven and can be
modified through organizational implementation of changes

VOLUME 10, 2022 114449



S. Mukherjee et al.: Statistical Learning Approach to Evaluate Factors Associated With PTSSs in Physicians

in the workplace, as opposed to personal traits and factors
outside the workplace which are less open to organizational
change.

Further our analysis also revealed that physicians who
vented (i.e., complained or processed trauma experiences
with others) the least and the most were at higher risk for
PTSS, while those who vented a moderate amount presented
lower PTSS risk. We speculate that minimal venting may
forego the benefits of externally processing the traumatizing
events and provoke trauma-induced symptoms [123], [124],
whereas high levels of venting are a proxy for turmoil, a phe-
nomenon found in other high stress-contexts [124], [125].
Similarly, increased institutional support largely decreased
the risk of PTSS; however, our modeling reveals a spike in
the PTSS risk at the highest degrees of organizational support.
As with venting, the highest levels of organizational support
may be provided for thosewho are in the greatest need. Lastly,
the spike in PTSS risk at the highest levels of resilience may
come from physicians coping via a form of denial—another
factor within the top 20 PTSS risk predictors. Understanding
and exploring such nuances will further inform both theory
and practice, helping support frontline physicians through
such crises.

Among demographics, only age was found to be a key
predictor of PTSS risk. Previous research suggests younger
physicians are less resilient to COVID-related trauma
[63], [66], [68], [73], [76], [77]; however, the extant liter-
ature argues trauma is additive, suggesting older physicians
would be more vulnerable following COVID-related trauma
exposure [126]. Our findings offer support for both bodies
of work, with the younger suffering the most, but PTSS risk
markedly increasing among the older physicians.

Although the cross-sectional nature of the data prevents
inferring causality, the higher intentions among frontline
physicians to switch units, leave their employer, or leave
healthcare completely has important implications for the
future of the physician workforce [127]. With up to 50% of
physicians already suffering from chronic stress and burnout
entering the pandemic [36], [128], [129], [130], these new,
trauma-related burdens for frontline physicians may herald
an exodus from the already strained US healthcare system.

VI. LIMITATIONS
Several factors should be considered when interpreting these
findings. The cross-sectional nature of these analyses pre-
vents us from drawing conclusions about the causal relation-
ship between predictor variables and the PTSS risk. In the
future, longitudinal studies that bolster participant uptake are
needed to confirm and expound upon these findings. Addi-
tionally, the study produced a relatively low response rate,
which is common for non-incentivized, voluntary surveys.
It is also possible that physicians experiencing emotional
complications when treating COVID-19 patients were more
likely to participate in the survey. However, the main con-
tribution of our proposed study is developing a novel, data-
driven framework to assess the risk of experiencing PTSS

among the physicians working in a stressed healthcare envi-
ronment. This framework is generalized enough that it can be
applied in similar studies.

VII. CONCLUSION
Despite their considerable predictive power and increasing
popularity in public health [47], [49], [50], [51], [95], [131],
to the best of our knowledge, this is the first study to lever-
age state-of-the-art, statistical learning algorithms to predict
and evaluate the factors associated with risks for experienc-
ing PTSS in frontline physicians. Our results demonstrate
the value of nonparametric, nonlinear statistical learning
algorithms to reveal complex relationships between predic-
tor variables and PTSS risk, outperforming more conven-
tional linear logistic regression in sophistication and precision
[59], [132]. Our modeling approach not only revealed inter-
play between damaging and protective factors for PTSS risk,
but also invites speculation on the nature of curvilinear rela-
tionships between the key factors and PTSS risk.

In summary, our study identified how frontline physicians
directly treating COVID-19 patients are at higher risk of
experiencing PTSS than physicians who do not directly treat
the COVID-19 patients in the US. Specifically, we identified
key factors associated with either a higher and lower PTSS
risk. The identification of such key intervention variables can
help stakeholders develop the means to proactively support
individuals at higher PTSS risk. Thus, either by mitigating
damaging variables and/or bolstering protective variables,
this research provides both physicians and their institutions
useful information with which to defend against the trauma-
related threats to physicians resulting from the current and
possible future epidemics/pandemics. The stability and future
of the US healthcare system may depend on it.
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