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Abstract

Objective: This study explored risk and resilience factors of

mental health functioning during the coronavirus disease

(COVID‐19) pandemic.

Methods: A sample of 467 adults (M age = 33.14, 63.6%

female) reported on mental health (depression, anxiety,

posttraumatic stress disorder [PTSD], and somatic symp-

toms), demands and impacts of COVID‐19, resources (e.g.,

social support, health care access), demographics, and

psychosocial resilience factors.

Results: Depression, anxiety, and PTSD rates were 44%,

36%, and 23%, respectively. Supervised machine learning

models identified psychosocial factors as the primary sig-

nificant predictors across outcomes. Greater trauma coping

self‐efficacy and forward‐focused coping, but not trauma‐

focused coping, were associated with better mental health.

When accounting for psychosocial resilience factors, few

external resources and demographic variables emerged as

significant predictors.

Conclusion: With ongoing stressors and traumas, employ-

ing coping strategies that emphasize distraction over trau-

ma processing may be warranted. Clinical and community

outreach efforts should target trauma coping self‐efficacy

to bolster resilience during a pandemic.
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1 | INTRODUCTION

The coronavirus disease 2019 (COVID‐19) pandemic has seen devastating physical, mental, and economic impacts.

The chronic, ongoing nature of a pandemic that is a threat to life, coupled with economic repercussions, forced

social isolation, and widespread uncertainties are inducing a wide range of psychological responses, including fear,

anxiety, traumatic stress, and depression. The toll of pandemics on mental health over the last few decades is well‐

established (Taylor, 2019), but the psychological response to COVID‐19 appears highly varied (Gao et al., 2020;

Huang & Zhao, 2020; Liu, Zhang, et al., 2020; Taylor et al., 2020), partly due to individual differences in level of risk,

exposure, and impact. For some, the pandemic represents a major stressor that impacts financial, educational, and

social functioning. For others, it represents a trauma, in which the individual may be experiencing life‐threatening

issues due to the virus or bearing witness to the sudden and unexpected death of a loved one. And for others, it

may represent a more minor annoyance, where life is disrupted but not severely impacted. As compared to other

potentially traumatic events (PTEs), the ongoing nature and prolonged duration of COVID‐19 presents a unique

temporal window with confluence of posttraumatic, peritraumatic, and future‐oriented catalytic factors for psy-

chopathology. Additionally, COVID‐19's global reach has distinguished it from more regionally‐specific pandemics

described in pandemic literature, such as MERS and SARS. As COVID‐19 presents a novel collective psychosocial

experience, cross‐disciplinary researchers are attempting to understand the heterogeneity of psychological re-

sponses for both vulnerable and general populations, and to identify risk and protective factors associated with

better or worse adaptation.

A plethora of research has emerged documenting rates of psychological disorders and exploring possible

predictors of poor mental health response. Meta‐analyses have shown that individuals who are struggling with

COVID‐19 experience a diffuse set of symptoms crossing a number of diagnoses; rates of depression range from

14.6% to 48.3%, rates of anxiety range from 6.3% to 50.9%, and rates of posttraumatic stress disorder (PTSD) range

from 7.0% to 53.8% (Xiong et al., 2020). While somatic symptoms have been comparatively less studied as an

outcome measure of distress during COVID‐19, it is not uncommon for individuals to manifest distress somatically

and the prevalence of somatic symptoms appear elevated in the general population (16.6%) in one recent

COVID‐19 study (Ran et al., 2020).

Researchers attempting to identify predictors of mental health outcomes related to COVID‐19 have primarily

applied traditional statistical methods that examine group differences or relationships between discrete variables.

These studies have identified female gender (González‐Sanguino et al., 2020; Mazza et al., 2020; Özdin & Bayrak

Özdin, 2020; Wang et al., 2020), younger age (Elbay et al., 2020; González‐Sanguino et al., 2020; Huang &

Zhao, 2020), pre‐existing mental health conditions (Asmundson et al., 2020; González‐Sanguino et al., 2020; French

et al., 2020; Özdin & Bayrak Özdin, 2020; Usher et al., 2020), poorer physical health (Zhou et al., 2020; Wang et al.,

2020), financial instability (Sinawi et al., 2021), financial loss due to COVID‐19 (Hyland et al., 2020), and social

isolation or loneliness (Asmundson et al., 2020; Brooks et al., 2020; González‐Sanguino et al., 2020; Liu, Zhang,

et al., 2020) as risk factors for COVID‐related distress. Research on the influence of psychological resources has

identified an array of psychosocial risk factors of psychological distress during the pandemic, including high fear and

exaggerated beliefs about the dangerousness of COVID (Taylor et al., 2020; Zacher & Rudolph, 2020), maladaptive

coping strategies including denial, self‐blame, and substance use (Rettie & Daniels, 2020), intolerance of uncertainty

(Glowacz & Schmits, 2020; Rettie & Daniels, 2020), low openness to experience (Kroska et al., 2020), avoidant

coping (Dawson & Golijani‐Moghaddam, 2020; Mariani et al., 2020), hopelessness (Shanahan et al., 2020), and high

levels of rumination (Zhou et al., 2020). Additionally, studies examining predictors of healthy COVID‐19 adaptation

have shown distress tolerance (Liu, Zhang, et al., 2020), social support (Liu, Zhang et al., 2020; Ye et al., 2020),

positive individual well‐being in domain‐specific functioning (Kimhi et al., 2020), positive reappraisal/reframing

(Shanahan et al., 2020; Zacher & Rudolph, 2020), religiosity (Marzo et al., 2020; Thomas & Barbato, 2020),

mindfulness (Conversano et al., 2020; Wielgus et al., 2020). and psychological flexibility (Arslan et al., 2020; Dawson

& Golijani‐Moghaddam, 2020; McCracken et al., 2021; Pakenham et al., 2020) to be significant predictors.
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However, despite the influx of new research concerning predictors of distress, many gaps remain. Extant studies

have primarily relied on correlations and/or univariate and multivariate regression techniques that assume linearity

between variables to predict outcomes, and often only examine a small number of variables in a single model.

Furthermore, while many of these studies provide a theoretical rationale for their primary predictor of interest, they

lack an overarching framework through which to unify constructs and describe how variables examined in concert

are likely to influence each other.

Research modeling psychological responses and predictors of adaptation is critical to understanding the mental

health ramifications of a global pandemic and developing resilience‐building interventions. Machine learning (ML) is

a dynamic, robust statistical approach that allows for the identification of complex (i.e., nonlinear) relationships and

interactions between a large number of predictors that lead to a given outcome. Although ML is often used in an

exploratory and atheoretical manner, using theory and prior research on stress, coping, and trauma adaptation to

guide variable selection serves to reduce Type I error and spurious findings and increase generalizability (Elhai &

Montag, 2020). A handful of COVID‐19 mental health studies have adopted an ML approach. In an international

sample assessing predictors of specific mental health outcomes (anxiety, depression, and PTSD), somatization and

emotion regulation were robust predictors of all outcomes (Prout et al., 2020). In a sample of Chinese adults, stress

and rumination were strong predictors of COVID‐related anxiety, whereas demographic variables like sex and age

were not predictive. An ML study examining Korean immigrants residing in the United States found that lower

psychological distress related to COVID‐19 was most strongly predicted by resilience (Choi et al., 2020). As

resilience is often conceptualized as lack of distress, this finding is unsurprising and a finer‐tuned understanding of

what aspects of resilience assist individuals during a pandemic is needed. A unique finding from the Choi et al. study

involved the experience and perception of racial discrimination toward Asians specifically related to COVID‐19 as a

significant predictor of distress. While their results present an innovative approach to examining distinctive pre-

dictors among Asian immigrants during a global pandemic, findings are limited in their inability to generalize and

confer implications for the broader general population.

An ML approach allows for the examination of demographic, environmental, and psychosocial factors con-

currently as potential predictors of COVID‐related distress and adaptation. Theories on stress, coping, and trauma

adaptation as well as prior research documenting risk and protective factors frequently associated with PTEs drove

our variable selection decisions. These theories emphasize the dynamic interplay between socio‐contextual factors

and person‐centered variables in human capacity for adaptation (Benight & Bandura, 2004; Bonanno, 2005; Lazarus

& Folkman, 1984). Socio‐contextual factors include the demands of the stressor and available external resources,

which vary depending on the person's degree of exposure, risk, and impact from COVID‐19.

In assessing environmental demands, we examined variables related to the COVID‐19 experience itself, in-

cluding those associated with increased risk of exposure and mortality as well as PTEs including being diagnosed

with COVID‐19 or having a loved one diagnosed with or die from COVID‐19. Pandemic response is also associated

with availability and loss of resources. Similar in some ways to a natural disaster, in which resource losses like the

loss of shelter are salient predictors of poorer adjustment (Hobfoll & Lilly, 1993), COVID‐19 may involve loss of

income or social support for some. We examined four primary types of resources based on Hobfoll's (1989)

conservation of resources (COR) theory of trauma adaptation: (1) material resources (e.g., income and income loss);

(2) energy resources (e.g., availability of health insurance and food assistance); (3) interpersonal resources (avail-

ability of social support); and (4) work resources (employment).

Person‐centered variables in adaptation to trauma include coping strategies, styles, and appraisals (e.g., Benight

& Bandura, 2004; Bonanno & Mancini, 2008; Carver et al., 1989). Individual differences across these domains of

person‐centered functioning are differentially predictive of resilient adaptation to stress and trauma, with certain

responses conferring adaptive or maladaptive value specific to context, while other styles and strategies are more

broadly adaptive (Mancini & Bonanno, 2009). Prominent trauma theories place importance on trauma‐focused

coping, emphasizing effortful focus and processing of the thoughts, images, and worries surrounding the

traumatic event (e.g., Ehlers & Clark, 2003; Foa & Rothbaum, 1998). However, others have argued that types of
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forward‐focused coping, namely avoidance, distraction, and minimization, have their place in coping scenarios

(Bonanno et al., 2011). Forward‐focused coping, which refers to the ability to distract oneself from the traumatic

event, generate positive thoughts, and sublimate distressing feelings, may foster adjustment to trauma as it helps

people maintain focus on goals and plans (Carver & Scheier, 2001). Typically, the flexible use of both styles,

assessed with the Perceived Ability to Cope Scale (PACT, Bonanno et al., 2011) is most adaptive (Galatzer‐Levy

et al., 2012). However, thus far, to our knowledge only one study has investigated the efficacy of each coping style

during the COVID‐19 pandemic via the PACT, and found forward‐focused coping to be predictive of lower levels of

depression across three time points, while trauma‐focused coping was predictive of higher levels of depression at

time point 1, suggesting that effortful processing of the pandemic during its most novel stage may be overwhelming

(Zhou et al., 2020). As this finding conflicts with a preponderance of trauma research asserting the adaptive use of

both trauma‐focused and forward‐focused coping following a past trauma (e.g., Galatzer‐Levy et al., 2012; Knowles

& O'Connor, 2015; Pinciotti et al., 2017; Rodin et al., 2017), more research is needed to understand their roles

during COVID‐19. As the pandemic is an ongoing stressor, it may necessitate the implementation of styles unique

from those utilized to cope with a past traumatic event. In addition to trauma‐related coping styles, in recognition

that some pragmatic coping strategies may involve behaviors that are maladaptive or ineffective (Bonanno, 2005),

we also assessed coping strategies associated with poorer adaptation (e.g., avoiding through substance use) and a

strategy with mixed findings regarding its role in adaptation (turning to religion).

Social cognitive theory (SCT) emphasizes the importance of self‐appraisals in the stress response (Benight &

Bandura, 2004). In coping with trauma specifically, trauma coping self‐efficacy (CSE‐T; Benight & Cieslak, 2011),

defined as one's perceived ability to manage the challenges of a traumatic event, distress‐related symptoms, and

recovery, is one of the strongest predictors of trauma adaptation (for a review, see Luszczynska et al., 2009). Self‐

efficacy varies and changes according to the task at hand as well as changes in environmental conditions (Benight &

Cieslak, 2011). For example, a person may have positive self‐efficacy beliefs around coping with some specific

demands but not others. As such, SCT theorists emphasize the importance of measuring coping self‐efficacy

specific to the traumatic event or stressor, in this case, one's self‐efficacy to cope with an ongoing pandemic.

Several studies have examined self‐efficacy during COVID‐19, and found it to be a significant predictor of positive

mental health outcomes (Hou et al., 2020; Shahrour & Dardas, 2020; Vagni et al., 2020; Wang et al., 2020; Xiong

et al., 2020; Yıldırım & Güler, 2020). However, most have utilized general measures of self‐efficacy rather than

coping self‐efficacy to a trauma, and more specifically to a pandemic. Additionally, almost all have been conducted

in populations of healthcare workers. To date, no studies have assessed a person's self‐efficacy in his or her ability

to cope with the challenges of COVID‐19 and evaluate its protective value against psychological distress.

Similar to yet distinct from coping self‐efficacy (CSE) is the construct of hope, which often serves as a pro-

tective factor in the face of adversity (Valle et al., 2006). Whereas CSE is an appraisal about the self, hope is often

conceptualized as an appraisal or outlook about the world and the likelihood of good things happening (Magaletta &

Oliver, 1999). During such an unprecedented and prolonged period of stress for many, having the capacity to

maintain a hopeful outlook may be instrumental in predicting psychological well‐being.

Finally, in addition to assessing socio‐contextual and person‐centered psychosocial factors, understanding

mental health response to COVID‐19 should take into account the impact of notable demographic factors (age,

gender, employment, income, and education) and history variables (prior trauma exposure, mental health history)

that have been documented in prior research on adaptation to PTEs, including COVID‐19 and severe acute

respiratory syndrome (SARS; Bonanno, 2005; Bonanno et al., 2007, 2008; Elbay et al., 2020; Liu, Stevens,

et al., 2020; Ozer et al., 2003; Wu et al., 2005).

A call to action by Holmes et al. (2020) identified immediate COVID‐19 mental health research priorities: to

document rates of anxiety, depression, and other mental health issues across both the general population and

vulnerable groups and to determine risk and resilience factors associated with mental health response. The present

study addresses these research priorities. Expanding upon early COVID‐19 research that has primarily reported on

mental health prevalence rates and used regression analyses to model discrete sets of predictors, we used ML to
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identify predictors of mental health outcomes (depression, PTSD, anxiety, and somatic symptoms). We chose to

examine somatic symptoms as an additional, important outcome variable as some individuals manifest psychological

distress through a broad set of somatic symptoms, which might be associated with a unique set of predictors.

Although ML is often used in an exploratory and atheoretical manner, we based selection on prior research and

resilience theories, therefore limiting the number of variables tested. Following coping theories that emphasize the

interplay between person‐centered variables and environmental demands and resources, we assessed the relative

importance of variables associated with demands and impacts of COVID‐19 (variables associated with increased

risk of exposure and mortality and PTEs including being diagnosed with COVID‐19 or having a loved one diagnosed

with or die from COVID‐19); resources (e.g., SES, social support, access to health care); and coping appraisals, styles,

and strategies. We drew from the traumatic stress literature to examine specific coping constructs found to be

highly predictive of resilience in trauma survivors: coping self‐efficacy and trauma‐focused and forward‐focused

coping. In contrast to prior COVID‐19 research efforts, trauma‐focused measures were specifically targeted with

symptoms and coping to the pandemic rather than more broadly. Based on the substantial literature identifying CSE

as a prominent predictor of trauma adaptation, we hypothesized that CSE‐T would be more highly associated with

COVID‐19 adaptation than other coping variables and that person‐centered variables would emerge as more

powerful predictors than environmental variables.

2 | METHODS

2.1 | Participants

We created an online baseline survey on Qualtrics and shorter follow‐up surveys to be administered monthly for a

year. This paper reports the cross‐sectional data from the baseline survey of American participants (N = 467

completers). The survey was administered via social media over a 12‐week period from May 1 to July 29, 2020.

Inclusion criteria required participants to be over the age of 18 and able to read and comprehend English. Study

procedures were approved by the University of Colorado—Colorado Springs Institutional Review Board.

2.2 | Measures

2.2.1 | Demographic variables

Demographic information collected included age, gender, ethnicity, race, education, occupation, income, marital

status, household size, food assistance, and health insurance. Socioeconomic status (SES) was determined using

Index 3 of the National Crime Victimization Survey (NCVS; Berzofsky et al., 2014). This index calculates SES using

household income (percent above or below the US poverty line based on household size), individual education level,

and employment status.

2.2.2 | Medical risk variables

We collected self‐reported history of medical conditions, including conditions associated with risk of COVID‐19

mortality. These conditions were grouped as: (1) heart‐related conditions (angina, congestive heart failure, high

blood pressure, heart attack history), (2) lung‐related conditions (COPD, emphysema, moderate or severe asthma,

and current or past smoking), (3) immune deficiencies and factors related to immunocompromised health (Type 1
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and 2 diabetes, lupus, rheumatoid arthritis, cystic fibrosis, multiple sclerosis, cancer, bone marrow transplant, and

chronic treatment with corticosteroids), and (4) severe obesity.

2.2.3 | Mental health history

Self‐reported history of mental health conditions was collected and grouped into four categories for descriptive

purposes: (1) depressive disorders, (2) anxiety disorders, (3) PTSD, and (4) all other mental health disorders.

Participants were asked, “Have you been previously diagnosed with a psychiatric disorder? Click all that apply” and

all DSM‐5 disorders were included. Previous trauma history was assessed with the Brief Trauma Questionnaire

(BTQ; Schnurr et al., 1999).

2.2.4 | COVID‐19 risk and exposure

Questions that assessed exposure to COVID‐19 included: (1) diagnosis of COVID‐19, (2) experiencing symptoms of

COVID‐19 (e.g., fever, respiratory problems), (3) suspected COVID‐19 without confirmed diagnosis, (4) direct

exposure to someone with diagnosed COVID‐19, and (5) direct exposure to someone with suspected COVID‐19.

Two questions from the Pandemic Stress Index (Harkness et al., 2020) assessed engagement in remote work and

social distancing.

2.2.5 | COVID‐19 impact measures

The COVID Impacts Questionnaire—Shortened Version (Conway et al., 2020), financial status subscale, is a 2‐item

scale that assesses personal financial impact of COVID‐19 on a scale of 0 (no impact) to 2 (high impact). Cronbach's α

was α = 0.76. Three items assessed COVID‐related events that would potentially fulfill Criterion A of the DSM‐5

diagnosis of PTSD and were summed. These items, labeled “COVID experiences” involved (a) a loved one's diag-

nosis of COVID‐19, (b) a loved one's death from COVID‐19, and (c) personal diagnosis of COVID‐19.

2.2.6 | Psychological measures: Resilience and risk factors

The two subscales of the Perceived Ability to Cope with Trauma Scale (PACT; Bonanno et al., 2011) assessed

forward‐focused coping (α = 0.91) and trauma‐focused coping (α = 0.80) to COVID‐19. We administered two

subscales of the Brief COPE Scale (Carver, 1997), a widely used measure of effective and ineffective coping

skills. Asking specifically about coping strategies used during the pandemic in the past month, the subscales

assessed turning to religion (α = 0.83) and substance use (α = 0.91) as means of coping. The Perceived Hope

Scale (α = 0.94) is a brief and broad measure of “how people perceive hope in everyday life” (Krafft et al., 2019,

p. 4) in a manner that distinguishes the construct from self‐efficacy and optimism. The Multidimensional Scale

of Perceived Social Support (MSPSS; Zimet et al., 1988) is a measure of subjectively assessed social support.

We administered four items related broadly to any “special person” in the participant's life that is relied upon

for support (α = 0.97).

The 5‐item Pandemic Self‐Efficacy Scale was developed to assess participants' perceived capability to suc-

cessfully cope with COVID‐19 specific stressors (e.g., “manage distressing dreams or images about the pandemic”).

It was based on the well‐established Trauma Coping Self‐Efficacy Scale (CSE‐T; Benight et al., 2015) with
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participant ratings ranging from 1 (I'm not capable at all) to 7 (I'm totally capable) and summed. Cronbach's α for this

sample was 0.85.

2.2.7 | Mental health symptoms and functioning

Self‐reports of symptoms and functioning included the Patient Health Questionnaire (PHQ‐9; Kroenke et al., 2001)

to measure depression (α = 0.90), the Generalized Anxiety Disorder—7 (GAD‐7; Spitzer et al., 2006) to measure

anxiety (α = 0.93), the Somatic Symptom Scale (SSS‐8; Gierk et al., 2014) to measure somatic symptom burden

(α = 0.83), and the PTSD Checklist for DSM‐5 (PCL‐5; Weathers et al., 2013) to measure symptoms of PTSD

(α = 0.92). For the PCL‐5, we directed participants to respond to questions referencing the COVID‐19 pandemic as

the index trauma.

2.3 | Analysis

Descriptive statistics were calculated for the whole sample. To identify the most salient predictors of mental health

outcomes (depression, PTSD, anxiety, and somatic symptoms), we employed four well‐established supervised ML

algorithms: the ensemble methods Random Forest (RF) and eXtreme Gradient Boosting (XGBoost), a Support

Vector Machine with Radial Basis Function Kernel (SVM‐RBF), and an Elastic Net regularized regression. The RF

and XGBoost implement decision trees to predict an outcome; both approaches iteratively build stronger predictive

algorithms from weaker algorithms that are derived from random subsets of the data and random subsets of

predictor variables. The SVM‐RBF examines relationships between predictor variables and an outcome in three‐

dimensional space, while the Elastic Net is an algorithm that imposes a “shrinkage” term on a linear regression that

emphasizes out‐of‐sample predictions and allows for multicollinearity between predictors. All ML algorithms were

trained to optimize model R2. The data were randomly split into a training (75%) and hold‐out sample (25%);

repeated k‐fold cross‐validation was applied to the training data, with five repeats of 10‐fold cross‐validation (i.e.,

data was trained using 50 resamples of the data). Each fold tested 20 different combinations of algorithm hy-

perparameters. A random‐number seed was set before each analysis to ensure consistent replication. Models were

evaluated based on their performance in the hold‐out sample based on the optimized hyperparameters identified in

the training sample. Code for the ML models can be found at https://bit.ly/3so30bJ. Comparison of model per-

formance was evaluated by bootstrapping the hold‐out sample R2, with 5000 replications of the data using the bias‐

corrected and accelerated method (BCa). Models were considered to be significantly different from one another if

there was no overlap in the 95% BCa confidence intervals. Missing data among predictors were imputed before all

ML analyses using RF imputation, which has been shown to outperform other types of imputation commonly used

in ML (Waljee et al., 2013). The RF imputation used 1000 trees and k = 5 nearest neighbors with one imputation.

The same imputed data set was used across all ML analyses.

The RF imputation and ML algorithms were conducted in R (R Core Team, 2017) using the “missRanger”

(Mayer, 2019) and “caret” (Kuhn, 2008; with all dependencies) packages. All other analyses were in IBM SPSS

Statistics (version 26).

3 | RESULTS

A total of 621 participants started the survey and 467 completed the demographic questionnaire and other

measures and were included in analyses. Among the 467 participants, 351 (75%) had complete data. Data were

assumed to be missing at random, as there were no evident patterns of missing data (all patterns of missingness
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among predictor and outcome variables were <5%), which suggests that estimates of imputed variables were

relatively unbiased.

3.1 | Descriptive statistics: Demographic, background, health disparities, and
COVID‐specific variables

Descriptive characteristics of the sample can be found in Table 1. There was a range of education levels, but the

majority (62.5%) held a bachelor's degree or higher. Age ranged from 18 to 85, with a mean age of 33.14 years

(SD = 12.96), and 63.6% were female. Of note, 4.9% of the sample identified as transgender or nonbinary. The

sample was racially and ethnically diverse with the majority being White and non‐Hispanic (65.8%). To address

possible health disparities related to race and ethnicity for the ML algorithms, we created a binary variable based on

race/ethnicities documented to be at higher risk for COVID‐19 infection and mortality (Bibbins‐Domingo, 2020).

The two groups consisted of (a) White/non‐Hispanic and Asian (83.1%) and (b) Black, Latinx, Native American,

Pacific Islander, and biracial (16.9%). Sample SES varied widely but skewed in the higher NCVS categories.

Resources variables included unemployment (15.4%), lack of health insurance (4.1%), and receiving food assistance

(8.4%). Finally, mental health history, trauma exposure history, and prior medical diagnoses are also included in

Table 1.

Table 1 provides information on COVID‐related demands, labeled “experiences” (probable Criterion A events)

and “impacts.” Many participants (57.2%) reported negative financial impacts of COVID‐19, such as loss of

job‐related income. Approximately 23% of participants reported having a loved one who was diagnosed with

COVID‐19, 6.4% endorsed having a loved one who died due to COVID‐19, 25% thought they had COVID‐19 but

did not have a confirmed diagnosis, and 1.7% had received a diagnosis of COVID‐19.

3.2 | Mental health outcomes

Mental health outcomes, presented in Table 2, include the PHQ‐9, the GAD‐7, the PCL‐5 (addressing COVID‐19

specifically), and somatization. On the PHQ‐9, 44.1% of participants endorsed scores ≥10, indicating probable

clinical depression (Manea et al., 2012). On the GAD‐7, 36.2% had a score >10, indicative of probable clinical

anxiety (Spitzer et al., 2006). On the PCL‐5, 22.5% of the sample had a score ≥31, which is indicative of probable

PTSD (Bovin et al., 2016). On the SSS‐8, the mean score was 9.60 (SD = 6.36); well above the normative mean

population score of 3.23 (Gierk et al., 2014). The four mental health outcomes were highly associated with one

another (PHQ‐9 and GAD‐7: r = 0.77, PHQ‐9 and PCL‐5: r = 0.71, PHQ‐9 and SSS‐8: r = 0.71, GAD‐7 and PCL‐5:

r = 0.69, GAD‐7 and SSS‐8: r = 0.65, PCL‐5 and SSS‐8: r = 0.62) but we chose to examine each outcome separately

in ML models to determine if specific predictors convey risk differently for different outcomes.

3.3 | Bivariate relationships with mental health outcomes

Table 3 presents a series of Pearson's and Point‐Biserial correlations that were first conducted to examine bivariate

relationships between distinct mental health outcomes and all predictors (demographic, health disparities, COVID‐

specific variables, and psychological factors). Higher levels of coping self‐efficacy, forward‐focused coping, and

perceived hope were highly negatively associated (r's ranging from −0.39 to −0.65) with all four mental health

outcomes (depression, anxiety, PTSD, and somatic symptoms). Smaller associations were seen between demo-

graphic variables (r's < 0.20), COVID risk variables (r's < 0.16), resources (r's < 0.26), and COVID‐19 impacts

(r's < 0.20) and mental health outcomes. Some minor differences between patterns of relationships emerged
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TABLE 1 Participant descriptives

Variable M (SD) or % (N = 467)

Demographics

Age (years) 33.14 (12.95)

Gender identity

Female 63.6

Male 31.5

Gender non‐conforming 4.9

Race/ethnicitya

White/Asian 83.1

Black, Latinx, Pacific 16.9

Islander, Native American

Highest education level

Less than high school 1.5

High school graduate 4.9

Partial college 20.8

2‐year college or 10.3

specialized training

4‐year college 34.0

Master's degree 19.1

Doctoral degree 9.4

Income ($)

<10k 6.6

10k–50k 25.3

50k–75k 18.0

75k–100k 12.8

100k–125k 10.7

125k–150k 7.3

150k–175k 2.6

175k–200k 2.8

>200k 7.3

Sexual orientation

Straight 72.2

Gay/Lesbian 6.9

Bisexual 15.6

Other 5.4

Marital status

Single, never married 43.7

(Continues)
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TABLE 1 (Continued)

Variable M (SD) or % (N = 467)

Married 45.8

Other 10.3

Married 45.8

Religion

Judaism 3.9

Islam 1.3

Christianity 38.1

Hinduism 0.9

Buddhism 1.3

Nonreligious 49.7

Other 3.6

Religious 49.0

Medical risk variables

Heart‐related conditions 16.3

Lung‐related conditionsb 43.7

Immunocompromised 15.8

Severe Obesity 4.9

Mental health history

Trauma exposure history 64.9

BTQ total trauma exposure 2.02 (1.96)

Depression history 27.4

Anxiety history 29.3

PTSD history 11.3

Other MH history 31.7

Any mental health diagnosis 46.9

COVID risk

Thought had COVIDc 25.3

COVID exposedd 9.0

Working from homee 51.8

Social distancingf 94.6

Resources

Employment status

Employed full time 50.7

Employed part time 13.1

Out of work 15.4

Retired 3.9
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TABLE 1 (Continued)

Variable M (SD) or % (N = 467)

Student 16.9

Employed 63.8

SES: NCVS3 total

0 0.4

1 4.7

2 7.5

3 13.9

4 14.8

5 16.9

6 19.1

7 15.6

Any health insurance 95.9

Receive food assistance 8.4

Resilience factors/predictors

Perceived Hope Scale 24.30 (6.90)

PACT Forward‐Focused 58.15 (12.65)

PACT Trauma‐Focused 39.49 (8.18)

Brief COPE Substances subscale 3.52 (1.88)

Brief COPE Religion subscale 3.75 (1.94)

Social supportg 21.61 (6.83)

Pandemic Coping Self‐Efficacy Scale 24.18 (6.35)

COVID‐19 Experiences and Impacts

COVID financial impactsh 0.95 (0.90)

Loved one diagnosed with COVID‐19 23.1

Loved one who died due to COVID‐19 6.4

Diagnosed with COVID‐19 1.7

COVID‐19 cumulative traumai 0.57 (0.76)

Abbreviations: MH, mental health; NCVS, National Crime Victimization Survey Index 3 socioeconomic status; PACT,

Perceived Ability to Cope with Trauma scale; PTSD, posttraumatic stress disorder; BTQ, Brief Trauma Questionnaire.
aLower risk: White, Asian; Higher Risk: Black, Latino/a, Pacific Islander, Native American.
bIncludes current or former smokers.

Have
d"Have you been directly exposed to someone who has a confirmed COVID‐19 diagnosis?"
e"During COVID‐19, are you working from home?"
f"During COVID‐19, are you practicing social distancing?"
gMultidimensional Scale of Perceived Social Support—Special Person.
hCOVID Impacts Questionnaire—Financial Impacts Subscale (2 item) Total.
iSum of three COVID‐related events that would potentially fulfill Criterion A of the DSM‐5 diagnosis of PTSD (knowing a
loved one who had been diagnosed with COVID‐19, having a loved one die from COVID‐19, and being personally
diagnosed with COVID‐19).
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between each of the mental health outcomes. History of medical conditions and higher risk of COVID mortality was

associated with depression and somatic symptoms, but not anxiety or PTSD. Moderate associations were observed

between previous mental health disorder diagnoses and mental health outcomes.

3.4 | Predictors of mental health outcomes

Four ML models assessed for each mental health outcome (depression, PTSD, anxiety, and somatic symptoms) were

conducted, allowing for examination of each predictor while accounting for the predictive value of all other

predictors simultaneously. All four supervised ML algorithms had good out‐of‐sample performance (all out‐of‐

sample R2 ≥ 0.503 for PHQ‐9, R2 ≥ 0.389 for GAD‐7, R2 ≥ 0.274 for PCL‐COVID, and R2 ≥ 0.303 for SSS‐8). There

were no differences between algorithms in predicting mental health outcomes based on BCa 95% Confidence

Intervals (see Table 2). Variable importance was evaluated by RF, as it allows nonlinear relationships between the

predictor variables and dependent variables and has a well‐established test of statistical significance for predictors

through the bias‐correcting permutation importance (PIMP) algorithm. The PIMP algorithm examines the im-

portance for every predictor variable assuming a “null importance” for each variable, here with 100 permutations of

the outcome variable (Altmann et al., 2010). Because there were four outcome variables, statistical significance for

predictors was evaluated at a conservative p < 0.05/4 = 0.0125. The relationship between significant predictors and

each of the mental health outcomes were then examined through partial dependence plots (PDPs).

Variable importance plots can be found in Figures 1–4. PDPs for significant predictors can be found in

Figures 5–8. Results were largely similar for the depression and anxiety models (i.e., the same variables emerged as

significant predictors across models) with a few notable differences for the somatic symptom and PTSD models.

The strongest predictor across all outcomes was pandemic CSE; individuals with lower levels of CSE reported higher

PTSD, depression, anxiety, and somatic symptoms. Other significant predictors included forward‐focused coping

(individuals with lower levels of forward‐focused coping reported higher for PTSD, anxiety, and depression), per-

ceived hope (individuals with lower levels of hope reported higher anxiety and depression), coping through sub-

stance use (individuals who reported coping by using substances reported higher anxiety and depression). Notably,

with the exception of pandemic CSE, coping variables did not predict somatic symptoms as they had for depression,

anxiety, and PTSD.

Reporting a prior mental health diagnosis was predictive of mental health outcomes, although different diag-

noses predicted different outcomes. Individuals with a history of an anxiety diagnosis reported higher anxiety and

somatic symptoms; individuals with a history of an “other” psychiatric diagnosis reported higher depression and

somatic symptoms.

Only a few demographic, resource‐related, and COVID‐related variables emerged as statistically significant

predictors of mental health outcomes. Thinking one had COVID‐19 (but not actually receiving the diagnosis) was

TABLE 2 Mental Health Outcomes

Variable M (SD) or %N = 467

PHQ‐9 total 9.90 (6.48)
Probable depression (PHQ‐9 total > 10.00) 44.1%
GAD‐7 total 8.09 (5.67)
Probable anxiety (GAD‐7 total > 10.00) 36.2%
COVID PCL‐5 total 19.93 (14.95)
Probable PTSD (PCL total > 31.00) 22.5%
Somatization: SSS‐8 total 9.60 (6.36)

Abbreviations. GAD‐7, General anxiety disorder‐ 7; PCL, PTSD checklist for DSM‐5; PHQ‐9, Patient health questionnaire;
SSS‐8, Somatic symptom scale.
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TABLE 3 Bivariate relationships between predictors and mental health outcomes

Variable PHQ‐9 GAD‐7 PCL‐COVID SSS‐8

Demographics

Age −0.135** −0.150** −0.111* −0.060

Male −0.137** −0.196*** 0.000 −0.154***

Gender non‐conforming 0.202*** 0.198*** 0.172*** 0.169***

White/Asian −0.040 −0.021 −0.147** −0.081

Married −0.117* −0.087 −0.063 −0.013

Religious 0.012 0.041 0.137** 0.020

Medical risk variables

Heart‐related conditions 0.101* 0.041 0.044 0.147**

Lung‐related conditions 0.152** 0.080 0.092 0.167***

Immunocompromised 0.102* 0.064 0.073 0.119*

Obesity 0.167*** 0.099* 0.102* 0.065

Mental health variables

BTQ total trauma exposure 0.195*** 0.159** 0.195*** 0.263***

Anxiety disorder (self‐reported) 0.352*** 0.342*** 0.187*** 0.334***

Depressive disorder (self‐reported) 0.367*** 0.284*** 0.154** 0.266***

PTSD diagnosis (self‐reported) 0.241*** 0.239*** 0.211*** 0.219***

Other mental health diagnosis (self‐reported) 0.370*** 0.328*** 0.197*** 0.328***

COVID risk

Thought had COVID 0.141** 0.072 0.078 0.157***

COVID exposed −0.071 −0.111* −0.117 −0.092*

Working from home −0.143** −0.018 0.105* −0.066

Social distancing −0.053 0.019 −0.055 −0.021

Resources

Employed −0.196*** −0.081 −0.082 −0.068

Socioeconomic status (NCVS3) −0.259*** −0.110* −0.129** −0.129**

Any health insurance 0.043 0.095* 0.086 −0.129**

Receive food assistance 0.172*** 0.078 0.149** −0.000

Resilience factors/predictors

Perceived Hope Scale −0.528*** −0.390*** −0.368*** −0.362***

PACT Forward‐Focused −0.569*** −0.467*** −0.546*** −0.393***

PACT Trauma‐Focused −0.248*** −0.169*** −0.252*** −0.168***

Brief COPE Substances subscale 0.299*** 0.259*** 0.275*** 0.241***

COPE Religion subscale 0.046 0.072 0.195*** 0.053

(Continues)
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associated with higher levels of depression symptoms. Report of negative financial impacts due to COVID‐19 was

associated with higher levels of somatic symptoms. For PTSD, no demographic, history, resources, or risk variables

emerged as predictors; only pandemic CSE and forward focused‐coping were predictive.

Because mental health variables were highly associated with one another, we conducted a sensitivity analysis

with an empirically‐derived composite score of “psychological distress” using the aforementioned mental health

variables. Results from these analyses were consistent with individual mental health variables, as person‐centered

variables rather than demographic or external resources were most predictive of psychological distress. Additional

details can be found in the Supporting Information.

4 | DISCUSSION

In a sample of 467 adults, we administered a comprehensive online survey with the aims of identifying mental

health outcomes and their prevalence rates and modeling risk and resilience predictors of adaptation or distress

during the COVID‐19 pandemic. Similar to prior studies documenting probable mental health disorder prevalence

rates (e.g., Xiong et al., 2020), we observed rates of probable depression (44.1%), anxiety (36.2%), and PTSD (22.5%)

that are much higher than typical population rates (e.g., 2%–7%; American Psychiatric Association DSM‐5 Task

Force, 2013). Additionally, participants reported significant levels of somatic symptom burden, with the group mean

falling in the moderately severe range (Gierk et al., 2014). Notably and in contrast to prior studies, we assessed

PTSD symptoms specifically to COVID‐19 rather than broadly assessing symptoms to any trauma. The prevalence

of self‐reported PTSD specifically to COVID‐19 is noteworthy, and suggests that the pandemic, although not a past

TABLE 3 (Continued)

Variable PHQ‐9 GAD‐7 PCL‐COVID SSS‐8

Social support −0.136** −0.056 −0.155** −0.052

Pandemic Coping Self‐Efficacy Scale −0.651*** −0.600*** −0.619*** −0.475***

COVID‐19 Experiences and Impacts

COVID financial impacts 0.151** 0.116* 0.190*** 0.141**

COVID cumulative trauma 0.136** 0.093* 0.195*** 0.159***

Note: For continuous variables, Pearson's correlations were used; for binary variables, point‐biserial correlations were used.

*p < 0.05; **p < 0.01; ***p < 0.001.

TABLE 4 Out‐of‐sample performance for all machine learning algorithms

PHQ‐9 GAD‐7 PCL‐COVID SSS‐8

Model R2 (95% BCa CIa) R2 (95% BCa CIa) R2 (95% BCa CIa) R2 (95% BCa CIa)

Random Forest 0.526 (0.406, 0.634) 0.376 (0.243, 0.512) 0.322 (0.149, 0.480) 0.309 (0.176, 0.430)

XGBoost 0.501 (0.375, 0.615) 0.353 (0.215, 0.489) 0.313 (0.121, 0.475) 0.298 (0.174, 0.415)

SVM‐RBF 0.550 (0.408, 0.663) 0.354 (0.229, 0.484) 0.278 (0.116, 0.432) 0.293 (0.154, 0.420)

Elastic Net 0.537 (0.411, 0.650) 0.402 (0.270, 0.529) 0.336 (0.140, 0.498) 0.298 (0.164, 0.426)

Abbreviations: BCa CI, Bias‐Corrected and Accelerated bootstrapped Confidence Intervals; SVM‐RBF, Support Vector
Machine with Radial Basis Function; XGBoost, eXtreme Gradient Boosting.
aBased on 5000 bootstrapped replications of the out‐of‐sample model R2.
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trauma that induces distressing memories, serves for many as a continuous trauma that may induce distressing

intrusive thoughts of future harm.

Supervised ML models revealed that the primary predictors of adaptation to COVID‐19 are person‐centered

variables rather than COVID‐related demands and resources, with pandemic coping self‐efficacy being the

strongest predictor by far across mental health outcomes. Prior mental health history was also a significant pre-

dictor across models. Surprisingly, when accounting for psychosocial factors, few demographic, environmental, and

resource variables emerged as significant predictors of mental health outcomes. Report of suspected (but not

confirmed) COVID‐19 diagnosis was associated with depression and somatic symptoms; negative COVID‐related

financial impacts was associated with somatic symptoms; and nonbinary status was associated with anxiety. Al-

though statistically significant, these variables showed less importance compared to psychological resources.

Overall, our findings extend prior research by examining established risk and resilience variables in concert with one

another to determine their relative importance. From a clinical and public policy perspective, findings are en-

couraging. Regardless of a person's background, degree of exposure and risk to COVID‐19, or external resources,

when these variables are considered concurrently with psychological resilience variables, inner resources (which are

potentially modifiable) are more powerful predictors of mental health functioning.

As a PTE, the COVID‐19 pandemic is unique in that it represents both a chronic, ongoing threat and a collective

trauma. In conceptualizing COVID‐19 as a PTE, we sought to understand the role of trauma coping processes in

adaptation. The most robust predictor of adaptation to COVID‐19 across mental health outcomes was the pan-

demic CSE‐T, the self‐appraisal that one can cope with the ongoing stress of pandemic and the negative feelings

surrounding it. CSE has repeatedly played a substantive role in adaptation to trauma (e.g., Luszczynska et al., 2009),

and our findings highlight the importance of bolstering CSE‐T in prevention and intervention efforts. Interestingly,

F IGURE 1 Variable importance in predicting somatic symptoms
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compared to the self‐appraisal of CSE, hope, which could be considered an outward appraisal about the world and

expectation that something desired will happen in the face of threat (Roth & Hammelstein, 2007), had a smaller

effect and only on depression and anxiety. This finding underscores the importance of efficacious appraisals about

the self, rather than optimistic appraisals about the world in general, in adjusting to a pandemic.

When participants were asked to reflect on the coping strategies they employ during the COVID‐19 pandemic,

the use of forward‐focused coping (utilizing distraction, generating positive thoughts while sublimating distressing

feelings) was associated with better mental health outcomes whereas the use of trauma‐focused coping (effortful

focus on the thoughts, images, and worries surrounding the traumatic event) was not a significant predictor of

distress. Though these findings run contrary to the body of literature concerning efficacious coping in response to

past traumatic events, research conducted in contexts of ongoing traumatic stress has suggested that trauma‐

focused coping to an ongoing stressor may be implausible because individuals are less likely to identify discrete

traumatic events to process (Diamond et al., 2010). Further explanation may be found in Hobfoll's COR theory

(Hobfoll, 1989): during an ongoing trauma, it may be impractical to attempt to cope with feelings or emotions

related to an event that is continuing to impact the individual as it has the potential to deplete one's psychological

resources (Diamond et al., 2010; Gelkopf et al., 2013). This is important information from a clinical perspective, and

suggests that when a trauma is ongoing, individuals who utilize adaptive avoidance coping strategies have better

mental health outcomes than individuals who cope by confronting it head on. Additionally, it is possible that

trauma‐focused coping strategies that do not appear to confer benefit in the acute phase will actually emerge as

predictors of positive adaptation longitudinally. One 4‐year study of college undergraduates who had experienced a

PTE showed that students who utilized high levels of trauma‐focused coping and low forward‐focused coping were

more likely to belong to the distressed‐recovered trajectory group (Galatzer‐Levy et al., 2012). Longitudinal studies

F IGURE 2 Variable importance in predicting depression symptoms
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of coping and distress trajectories during COVID‐19 are needed to parse out relationships between coping and

psychological outcomes as a function of time.

Coping through substance use was associated with higher levels of depression and should be a target for

clinical interventions during the pandemic and other long‐lasting stressors. This finding is consistent with a plethora

of research supporting the self‐medication hypothesis, which links substance use to mental health problems

(Khantzian, 1987) but extends that research by directly asking about the use of substances as a coping strategy (e.g.,

Poindexter et al., 2015; Ullman et al., 2013).

As noted, only a select few demographics, COVID‐specific demands, and external resources variables emerged

as significant predictors when accounting for the strong contribution of psychological resources. This is in contrast

to prior COVID‐19 studies that have identified age (e.g., Elbay et al., 2020), gender (e.g., González‐Sanguino

et al., 2020), SES (e.g., Sinawi et al., 2021), and social support (e.g., Liu, Zhang, et al., 2020) as predictors of distress

or adaptation. This discrepancy is likely due to prior studies' reliance on regression or group comparison models that

do not account for the examination of a large number of variables simultaneously. Indeed, in the present study,

bivariate correlations revealed small effect sizes associated with SES, gender, age, social support, and mental health

outcomes that were similar magnitude as other studies (e.g., Flesia et al., 2020), yet no longer significant when

included in our ML model with psychological resilience variables. Similarly, in their ML investigation of with Chinese

adults, Elhai et al. (2021) did not find age or sex to be predictors or anxiety whereas psychosocial variables were.

These are important findings from a public health perspective that need to be replicated in larger, more diverse

samples and ideally using ML. The one background variable that emerged as a significant predictor across mental

health outcomes during COVID‐19 was prior mental health history, a finding consistent with prior research

F IGURE 3 Variable importance in predicting posttraumatic stress disorder symptoms
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F IGURE 4 Variable importance in predicting anxiety symptoms

F IGURE 5 Relationships between significant predictors and somatic symptoms
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(Asmundson et al., 2020; French et al., 2020; González‐Sanguino et al., 2020; Özdin & Bayrak Özdin, 2020; Usher

et al., 2020).

Prout et al. (2020) also examined predictors of anxiety, depression, and PTSD in an international sample of

2787 adults utilizing similar demographic and COVID‐specific variables but psychosocial variables that focused on

implicit and explicit emotion regulation strategies. The strongest predictor of psychological distress was somati-

zation, which was conceptualized as a defense mechanism by the authors. Here, we conceptualize somatic

symptom burden as a psychological distress outcome, in which some individuals may experience psychological

distress through somatic symptoms rather than emotional expression. Similar to the other mental health outcomes,

pandemic CSE was the strongest predictor of somatic symptom burden, whereas other psychological resource

variables (forward‐focused coping, coping styles, hope) that were predictive of depression, anxiety, and/or PTSD

were not predictive of somatization. In contrast, COVID‐related variables (negative financial impacts and suspected

diagnosis of COVID‐19) emerged as unique predictors of somatic symptom burden. Individuals who suspect they

have COVID‐19 in the absence of a confirmed diagnosis may be more likely to experience and misinterpret somatic

symptoms. Clinicians and researchers are often focused on the “traditional” mental health outcomes of depression,

anxiety, and PTSD but may be less attuned to somatic symptoms as a negative outcome related to COVID‐19.

Manifesting psychological distress via a broad array of somatic symptoms may be particularly salient when the

stressor involves a threat to physical health, as COVID‐19 has been. The cross‐sectional nature of this study, and

most of the COVID‐19 research literature, prevents any inferences around causality. Longitudinal research could

assist in determining directionality in the relationships between somatization and depression, anxiety, and PTSD, to

help determine the temporal role of somatization in adaptation to a chronic stressor.

F IGURE 6 Relationships between significant predictors and depression symptoms
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Several limitations and directions for future research should be noted. First, the sample size is relatively small,

especially in comparison to recent COVID‐19 papers utilizing much larger samples. This limits confidence in the

generalizability of conclusions. In addition, participants were recruited via social media, which does not guarantee

representativeness or fully allow for generalization to other samples. There may be selection bias for participants

who volunteer to participate in COVID‐related mental health research. The recruitment approach may be partially

responsible for the discrepancy in findings regarding demographic and resource variables. It is also important to

acknowledge that some important sociocultural variables raised analytic challenges. For example, because low

numbers of participants formed various racial and ethnic minority groups, we created a binary variable based on

COVID‐19 risk to meet statistical assumptions. The limitations of our sampling do not allow for a nuanced ex-

amination and appreciation of cultural differences. Future research would benefit from larger samples with suffi-

cient numbers of participants of diverse racial and ethnic backgrounds. The sole use of self‐report questionnaires

limits reliability and validity; the high correlations observed between the mental health outcomes, and the con-

sistent patterns of predictors across mental health outcomes, may be indicative of a “distressed” response bias.

Finally, our data is cross‐sectional, making it impossible to determine causality or directionality. It will be imperative

to continue to study the effects of pandemic (and varying degrees of lockdown and social isolation) over time.

Longitudinal modeling of adaptation can assist in informing interventions during pandemic conditions. We are

continuing to collect longitudinal data with this sample, which will allow for examination of trajectories of resilience,

recovery, nonlinear shifts in functioning, and chronic difficulties. In addition, further research is needed to better

understand COVID‐19 as a trauma and how PTSD symptoms, typically conceptualized as pertaining to a past

trauma, are experienced when the event involves a chronic, uncertain, current and future life threat.

F IGURE 7 Relationships between significant predictors and PTSD symptoms
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Overall, this ML approach identified a set of specific factors that was highly effective in predicting mental health

outcomes during the COVID‐19 pandemic. Compared to environmental factors, psychological resources were the most

salient predictors of mental health functioning, with pandemic coping self‐efficacy emerging as the most robust predictor.

Contrary to prior trauma research, forward‐focused coping, but not trauma‐focused coping, was associated with better

adaptation. These findings can assist in the development of targeted intervention and prevention programs. As COVID‐19

represents an ongoing and uncertain “trauma,” individuals may need to employ a specific set of coping strategies that

emphasize distraction over processing. This is an important delineation for practitioners accustomed to trauma‐focused

approaches and aligns with some prior research that suggests in the acute phase following a trauma, processing may not be

beneficial. Finally, coping self‐efficacy should be directly targeted in psychotherapy (e.g., Luszczynska & Schwarzer, 2005),

online self‐help (e.g., Benight et al., 2018), and community outreach efforts.
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