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Abstract

Background: Recent research on artificial intelligence has demonstrated that natural language 

can be used to provide valid indicators of psychopathology. The present study examined artificial 

intelligence-based language predictors (ALPs) of seven trauma-related mental and physical health 

outcomes in responders to the World Trade Center disaster.

Methods: The responders (N = 174, Mage = 55.4 years) provided daily voicemail updates 

over 14 days. Algorithms developed using machine learning in large social media discovery 

samples were applied to the voicemail transcriptions to derive ALP scores for several risk factors 

(depressivity, anxiousness, anger proneness, stress, and personality). Responders also completed 

self-report assessments of these risk factors at baseline and trauma-related mental and physical 

health outcomes at two-year follow-up (including symptoms of depression, posttraumatic stress 

disorder, sleep disturbance, respiratory problems, and GERD).

Results: Voicemail ALPs were significantly associated with a majority of the trauma-related 

outcomes at two-year follow-up, over and above corresponding baseline self-reports. ALPs 

showed significant convergence with corresponding self-report scales, but also considerable 

uniqueness from each other and from self-report scales.

Limitations: The study has a relatively short follow-up period relative to trauma occurrence and 

a limited sample size.
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Conclusions: This study shows evidence that ALPs may provide a novel, objective, and 

clinically useful approach to forecasting, and may in the future help to identify individuals at 

risk for negative health outcomes.
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Prediction of outcomes among trauma survivors remains challenging (Kotov et al., 2015; 

Lee & Park, 2018). Established risk factors for poor mental and physical health outcomes 

include personality vulnerabilities such as neuroticism and life stress (DiGangi et al., 2013; 

Zvolensky et al., 2015). However, assessment of these variables relies heavily on time-

consuming questionnaires. An alternative approach analyzes survivors’ natural language 

using artificial intelligence-based language predictors (ALPs). Artificial intelligence models 

are now able to identify risk characteristics in spoken or written communications (Eichstaedt 

et al., 2018; Park et al., 2015). ALPs promise to provide objective and reliable evaluations 

of patients that are automatic, resulting in low cost, low effort, and scalability to large 

health care systems, which could benefit clinicians. The present study examines them in a 

longitudinal study of World Trade Center disaster responders, a sample with a high burden 

of trauma-related health symptoms.

Over the past 20 years, the study of natural language in psychiatry relied primarily on the 

Linguistic Inquiry and Word Count software (Pennebaker et al., 2007). LIWC is used to 

extract words from language samples and provides the user with count scores for more than 

80 different grammatical, psychological, and topical word clusters. LIWC scores have been 

associated with mental health (Sasso et al., 2019) and were able to predict outcomes after 

a personal trauma (Kleim et al., 2018) and hurricane disaster (K. Marshall et al., 2020). 

However, LIWC uses only basic information about language such as simple word counts.

In an effort to overcome the limitations of the LIWC approach, machine learning techniques 

were applied to language used in social media messages. The findings indicate that these 

techniques substantially improved the ability of language analyses to assess mental health 

and personality (Chancellor & De Choudhury, 2020; Park et al., 2015). The resulting ALPs 

have shown preliminary evidence for correct classification of people diagnosed with mental 

disorders and associations with other mental health variables; however, some studies have 

been limited by modest samples sizes and measurement issues (e.g., training models on 

self-disclosed diagnosis posted in status updates, rather than clinical assessments), cross-

sectional designs, and non-clinical samples (Chancellor & De Choudhury, 2020).

In the present study, we employed ALPs developed on gold standard measures using large 

discovery samples. ALPs use an open-vocabulary approach, which means that models 

recognize the meaning of two-to-three-word strings (called Ngrams) in addition to one-

word counts (unigrams). Specifically, Schwartz and colleagues (Schwartz et al., 2014) 

used Facebook status updates from 28,749 Facebook users to develop a depressivity ALP, 

which was successful correlating r = .39 with the self-reported depressivity. Further, topics 

most correlated with self-reported depressivity also included words used to describe major 

depressive disorder in the Diagnostic and Statistical Manual of Mental Disorders—5th 
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Edition’s (American Psychiatric Association, 2013) such as hopelessness, meaninglessness, 

and depressed mood. Park and colleagues created ALPs for the Five-Factor Model (FFM) 

personality domains and sub-components of neuroticism: Depressiveness, anxiousness, 

anger proneness (Park et al., 2015). They trained machine learning models on a large sample 

of Facebook users (n = 66,732) and cross-validated them in a separate sample of Facebook 

users (n = 4,824). Cross-validation supported convergent and discriminant validity of these 

ALPs. They were further validated through significant correlations with several external 

criteria including political orientation, number of Facebook friends, and satisfaction with 

life, and ALPs showed good test-retest stability across six months (mean r = .70). Eichstaedt 

and colleagues (Eichstaedt et al., 2018) trained depression ALP on social media collected 

from a sample of patients (n = 569 non-depressed and n = 114 depressed) who made their 

electronic medical records available, including depression diagnoses. With fair accuracy, the 

patients who became depressed could be identified via their social media language even 

before diagnosis (area under the curve = .69). Merchant and colleagues (Merchant et al., 

2019) showed that ALPs from 999 social media users also predicted anxiety diagnoses, in 

addition to depression diagnoses in medical health records (area under the curve = .69 and 

.64, respectively), and other mental and physical health diagnoses.

The present study tests ALPs of depressivity, anxiousness, anger proneness, stress, and 

personality for predicting trauma-related outcomes in responders to the World Trade Center 

(WTC) disaster. Despite 20 years passed since September 11th, 2001, responders continue 

to show high rates of both psychiatric and medical sequelae of trauma (Bromet et al., 

2016; Wisnivesky et al., 2011). Most participants in the present sample suffer from 

chronic symptoms and two years is not sufficient length of time to observe substantial 

change (Waszczuk et al., 2018). Hence, we did not seek to predict change, but thought 

it important to measure outcomes at a different time point from predictors to avoid 

transient methodological confounds (e.g., state effects, response biases) and allow for a clear 

temporal sequence between predictors and outcomes. We build on the work of Schwartz, 

Park, Eichstaedt, and colleagues to develop personality and mental health ALPs (Park et 

al., 2015; Schwartz et al., 2014) and we extend an initial smaller scale study applying 

ALPs to oral histories of a different sample of WTC responders (Son et al., 2020). Son 

et al. (2020) predicted only PTSD symptoms with four psychiatric ALPs in a smaller 

sample of 75 responders. We present novel analyses of nine psychiatric ALPs and their 

longitudinal prediction of a wider array of mental health symptoms (including depression 

and sleep disturbance, in addition to PTSD symptoms), and physical health symptoms 

(lower respiratory and GERD symptoms) in a larger sample of 174 responders, as well as 

test their incremental validity over self-report measures of corresponding constructs. Based 

on prior research showing that post-disaster stress and personality vulnerabilities such as 

neuroticism are significant risk factors for poor long-term mental and physical health, we 

expected that the ALPs would account for significant portion of variance in the two-year 

trauma-related outcomes (DiGangi et al., 2013; Zvolensky et al., 2015).
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Method

Procedure

Data were collected as part of the longitudinal WTC Personality and Health Study, which 

began in 2017 (Waszczuk et al., 2019). Participants were recruited from the Stony Brook 

site of WTC Health Program (Dasaro et al., 2017), established by the Center for Diseases 

Control to monitor the medical and psychiatric health of responders to the WTC disaster. 

To qualify for the program, responders were required to have been on the site of the 

disaster and/or spent significant time in clean-up efforts. Patients were recruited following 

an annual health monitoring visit to the program. To obtain a sample representative of the 

program, the only exclusion was inability to complete study procedures due to either limited 

comprehension of English language or major cognitive impairment.

At the baseline and two-year follow-up assessments, participants completed questionnaires 

in the laboratory. Moreover, for two weeks directly following the baseline assessment, 

participants completed daily surveys and voicemails. Collection of voicemails began when 

enrollment into the parent study was half completed, resulting in a smaller but random 

subsample. The study was approved by the local Institutional Review Board and all 

participants provided informed consent.

Participants

WTC responders (N = 211) participated in the study. To ensure an adequate sample of 

language per participant, participants with fewer than 200 words total in their voicemails 

were excluded (Kern et al., 2016), leaving n = 174 responders. A majority (n = 148) 

completed the follow-up assessment two years later. Participants were 55.4 years old on 

average (SD = 8.7 years), 89% male, and 90.8% White (6.9% Black, 1.7% Asian, and 0.6% 

other). Six percent identified as Hispanic ethnicity. The majority of participants worked in 

law enforcement on 9/11 (65%), while the other responders were primarily construction 

workers, electricians, and paramedics.

Measures

Baseline ALPs.—Over a two-week period, participants left voicemails answering the 

prompted questions, “What was the worst part of your day?” and “What was the best part 

of your day?” Participants were also asked, “how did you respond?” to each experience. The 

average number of voicemails was 10.47 (SD = 3.65 voicemails, range 2–16). Across all 

days, participants said 1,015 words on average (SD = 678).

ALPs used in this work build on those developed by Son and colleagues for analyses of oral 

history interviews of a different group of WTC responders (Son et al., 2020). Specifically, 

the ALPs were created by applying previously published algorithms to transcriptions of the 

voicemails to score depressivity, anxiousness, anger proneness, perceived stress, and the 

domains of the Five-Factor Model of personality (Park et al., 2015; Schwartz et al., 2014, 

2017). The ALP scores are derived from each responder’s usage rates for words and phrases, 

as well as topics—clusters of related words, as in Park et al. (Park et al., 2015), Schwartz 
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et al. (Schwartz et al., 2014). The Differential Language Analysis ToolKit was used to 

complete analyses (Schwartz et al., 2017). Descriptive statistics are provided in Table 1.

Baseline Self-Report Predictors.—Self-report predictors were selected to match the 

constructs captured by the ALPs. Participants completed two personality inventories. The 

Faceted Inventory of the Five-Factor Model (FI-FFM) (Watson et al., 2019) was used 

to assess neuroticism, extraversion, conscientiousness, and agreeableness. From within 

neuroticism domain, we included the traits Depression, Anger Proneness, and Anxiety. We 

refer to these corresponding constructs as depressivity, anger proneness, and anxiousness 

from here forward to avoid confusion. The Big Five Inventory-2 (Soto & John, 2017) was 

used to assess openness. Items are rated on a Likert-type scale from 1 (disagree strongly) to 

5 (agree strongly).

Perceived stress was assessed every evening for two weeks using three items drawn from 

the Perceived Stress Scale (PSS) (Cohen et al., 1983), the most widely used instrument 

measuring the perception of stress. An example item is, “Today, I felt I was unable to control 

important things in my life.” The three items were adapted for daily diary and rated on a 

5-point Likert scale (i.e., 1-none at all to 5-extremely). Scores were averaged across the two 

weeks of surveys.

Two-Year Outcomes.—Outcomes were assessed at the two-year follow-up using the 

following inventories. PTSD symptoms in the past month were assessed with the PTSD 

Checklist for DSM-5 (PCL-5) (Weathers et al., 2013), a reliable and widely-used measure of 

PTSD severity. It consists of 20 items rated in reference to WTC events as 1 (not at all) to 5 

(extremely).

The Inventory of Depression and Anxiety Symptoms, expanded version (IDAS-II) was used 

to assess General Depression (20 items), Suicidality (6 items), and Well-Being (8 items), and 

has shown strong evidence of reliability and validity (Watson et al., 2012). The IDAS items 

are rated for the past 2 weeks on a 5-point Likert scale from 1 (not at all) to 5 (extremely).

Lower Respiratory Symptoms (LRS) in the past week were assessed with the LRS 

questionnaire that demonstrated excellent reliability and validity in WTC population 

(Waszczuk et al., 2017, 2019). It consists of six items (e.g., “How often did your chest 

feel tight?”) rated on a scale from 1 (e.g., none) to 5 (e.g., 6–7 days). GERD symptoms 

in the past week were assessed with the Reflux Disease Questionnaire (RDQ) (Shaw et al., 

2001). This version included six items (e.g., “a pain in the center of the upper stomach”) that 

rated symptom severity from 1 (did not have) to 6 (severe).

Over the two-week period after the follow-up visit, responders completed daily diaries, 

which included sleep quality assessed in the morning with a questionnaire based on the 

Pittsburgh Assessment Conference consensus sleep diary (Natale et al., 2015). Participants 

also rated the quality of sleep from 1 (very poor) to 5 (very good).
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Analyses

Missing data on the self-report questionnaires were imputed with ipsative mean imputation 

if less than 20% of a respective questionnaire’s data was missing. Correlations were used 

to examine bivariate relationships among the variables. Multiple regressions were completed 

with each outcome as the DV and each ALP and self-report construct as the IVs. For 

example, one multiple regression model included ALP stress and self-report stress as 

independent variables predicting two-year follow-up self-report depression as the dependent 

variable. Thus, as there were 9 pairs of predictors (i.e., ALP and corresponding self-report 

scale) and seven outcomes, there were 63 multiple regression analyses. Alpha was set at p 
< .01 to balance Type 1 errors. The data that support the findings of this study are available 

from the corresponding author upon reasonable request.

Results

The median absolute value intercorrelation among the ALPs was r = .23 and r = .44 among 

outcomes (see Supplemental Tables S1 and S2 for individual intercorrelations). The median 

absolute value intercorrelation among the self-report predictors was r = .49. This indicates 

that ALPs were distinct from each other, even more so than self-reports and the outcomes.

Correlations between the ALPs and self-report variables are presented in Table 2. ALPs 

converged significantly with the corresponding self-reports, except for openness and anger 

proneness. Convergence was particularly high (r > .30) for depressivity, conscientiousness, 

and stress. ALP anger proneness and openness showed little convergence with their 

corresponding self-reports, but ALP anger proneness did show significant relationships with 

other constructs (e.g., ALP anger proneness with self-report stress, and ALP openness with 

self-report dysphoria). These may reflect limitations of self-reports, as openness and anger 

proneness scales did not correlate with any ALPs, except for one weak association with ALP 

conscientiousness. In terms of discriminant validity, most ALPs correlated with several other 

self-report variables in addition to their corresponding self-report, indicating that the ALPs 

tended to associate with a general domain rather than a specific scale.

The ALPs significantly predicted all two-year trauma-related outcomes (Figure 1). 

Individually, ALP depressivity and ALP stress were significantly correlated with all 

outcomes. ALP depressivity predicted PTSD and depression severity most strongly, and 

ALP stress predicted LRS and depression the most. ALP agreeableness, ALP neuroticism, 

ALP anger proneness, and ALP anxiousness related to somewhat fewer outcomes, but 

also showed highest prediction of depression. ALP conscientiousness and ALP openness 

were most predictive of well-being. ALP extraversion was protective against future PTSD 

symptoms.

To determine whether ALPs convey prognostic information not captured already by self-

report assessments of the same constructs, they were entered in pairs as predictors for each 

outcome in turn. The regression models in which an ALP was statistically significant at 

p < .01 are presented in Table 3. Seven of the 9 ALPs showed evidence of predictive 

power over and above their corresponding self-report measures. ALP anger proneness 

uniquely predicted four outcomes: Depression, PTSD, LRS, and GERD symptoms. ALP 
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openness contributed to prediction of depression, well-being, PTSD, and GERD symptoms. 

ALP neuroticism uniquely predicted three outcomes: depression, well-being, and PTSD 

symptoms. ALPs for agreeableness, depressivity, and stress also showed unique predictive 

information from their corresponding self-report scales. The effect sizes for unique 

predictive effects were moderate across all outcomes. When controlling for the trauma-

related outcomes measured at baseline, two ALPs remained statistically significant at p < 

.001: ALP anger still predicted depression, ALP openness still predicted GERD symptoms, 

indicating that these ALPs unexpectedly predicted increases in depression and GERD 

symptoms, despite the short time span relative to time since trauma.

Discussion

Artificial intelligence assessments of risk factors are becoming increasingly more refined 

and accessible, but little evidence is available regarding their validity for clinical 

populations, especially trauma survivors. As evidence of clinical and prognostic utility 

accumulates, this technology could improve standard psychiatric assessment with relatively 

low cost and effort for both patients and clinicians. The present study applied machine 

learning-derived algorithms developed in social media language to create ALPs from 

voicemails of WTC responders. Results support the translational value of these ALPs in 

a primary care setting, especially with regard to prognosis for trauma-related outcomes.

We found that ALPs can predict diverse trauma-related mental health outcomes (e.g., PTSD 

symptoms, depression, suicidality, and low well-being) and trauma-related physical health 

(e.g., LRS, GERD symptoms, and sleep disturbance). The ALPs significantly correlated 

with all two-year outcomes and each ALP showed significant effects. Predictive effects for 

conscientiousness, neuroticism, depressivity, anger proneness, and perceived stress ALPs 

reached correlations of .30, and the largest was .40. These effects are particularly impressive 

because predictors and outcomes were in entirely different modalities. In contrast, the 

majority of prior disaster studies relied on self-report to assess both predictors and 

outcomes, which inflates effects due to common assessment method. Moreover, predictors 

were scored from a brief sample of natural language (mean of 1,015 words or less than 7 

minutes of speech), underscoring how quickly substantial predictive power can be acquired 

from language.

For PTSD, the strongest predictors were stress, depressivity, and neuroticism ALPs, which 

is consistent with prior research consistently finding that these risk factors contribute 

prominently to PTSD (DiGangi et al., 2013). Anxiety and hostility are also established 

predictors of PTSD symptoms (DiGangi et al., 2013; Olatunji et al., 2010), and in 

the present study, we found significant moderate effects for both. ALP neuroticism 

predicted LRS, replicating a link between LRS and self-reported neuroticism observed in 

another sample of WTC responders (Waszczuk et al., 2018). Suicidality was predicted by 

depressivity and stress ALPs, which also replicates prior associations (Liu et al., 2006; R. D. 

Marshall et al., 2001). Sleep disturbance was predicted by neuroticism, conscientiousness, 

depressivity, anger proneness, and stress ALPs, and all have been reported previously in 

the literature (Morin & Jarrin, 2013). In sum, the associations uncovered in the present 
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study between ALPs and trauma-related outcomes converge with those that have been found 

previously, bolstering support for their validity.

Importantly, ALPs showed significant levels of convergence with self-report assessments of 

the same constructs. Convergent validity evidence provides support that the ALPs capture 

meaningful variance in target constructs. Moreover, ALPs are more distinct than self-report 

assessments of the same constructs, as correlations among the ALPs had median r = .23 

compared to r = .49 for self-reports. This may indicate a reduction in confounding due 

to limitations of self-report and improved precision due to the objective behavioral input 

(language) used to score the ALPs, but this possibility requires further investigation.

In particular, ALPs predicted certain differences in outcomes that self-reports could not. 

For instance, anger proneness was associated with depression, PTSD, lower respiratory 

symptoms, and GERD symptoms over and above self-report anger proneness. This is 

consistent with prior research indicating that anger contributes to many poor health 

outcomes (Maan Diong et al., 2005) and is important and sometimes central feature in PTSD 

(Jakupcak et al., 2007; Olatunji et al., 2010). ALP anger proneness even predicted increases 
in depression over the relatively short two-year period over and above self-report anger 

proneness and depression symptoms at time 1. ALP neuroticism also showed incremental 

prediction over self-reports for mental health outcomes, consistent with the literature on the 

predictive power of neuroticism (Ormel et al., 2013). ALP depressivity and stress uniquely 

contributed to future LRS, consistent with prior literature on these risk factors in respiratory 

health (Kotov et al., 2015; Waszczuk et al., 2017, 2019). ALP agreeableness indicated lower 

risk of depression and PTSD symptoms, aligned with prior evidence of its protective role 

(Ozer & Benet-Martínez, 2006). The relationship of ALP openness to negative outcomes 

was inconsistent with prior literature, as openness has been shown to act as a buffer against 

symptom severity in PTSD (Caska & Renshaw, 2013; Knaevelsrud et al., 2010). Indeed, 

ALP and self-report openness had little in common, suggesting that scoring lower in ALP 

openness was more protective against health problems in the responders rather than higher. 

In the derivation study by Park and colleagues (Park et al., 2015), low openness ALP 

did display more positive words than high openness, and the openness ALP did correlate 

negatively with extraversion, agreeableness, and conscientiousness in that study, which is 

consistent with results in the present study. Overall, though, the regression analyses indicate 

that important information about trauma-related outcomes can be obtained from ALPs that 

is not captured by self-reports. These results are especially impressive given that the ALPs 

were the only variables not measured by self-report.

Limitations

The present study supports use of ALPs to predict trauma-related outcomes in a primary 

care sample. Nevertheless, it is limited in several respects. First, the sample was assessed 

many years after trauma exposure, and the ability of ALPs to predict risk immediately 

following traumatization remains to be tested. ALPs measured at baseline may have detected 

larger and more frequent long-term changes in trauma-related outcomes. Second, the present 

study relied on one modality to assess ALPs—voicemails. Alternative sources of language 

data should be evaluated in the future, especially language collected during routine clinical 
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interviews to improve scalability of ALPs. Nevertheless, voicemails already offer a modality 

that is feasible to collect in clinical settings, unlike social media, which many patients may 

not engage in or may be unwilling to share with healthcare providers. Indeed, voicemails 

give patients control over information that they disclose to providers, and the present 

study shows that even a small sample of such language is very informative. Third, the 

present study had limited sample size, limiting power to detect small effects, which are still 

very consequential for psychological-physical health connections. It is possible that more 

effects would have been illuminated with a larger sample size. It was sufficient to detect 

bivariate effects, but too small to employ multivariate models with numerous predictors, an 

important direction for future research. Fourth, outcomes considered here were obtained 

by self-report. They included the most important concerns of WTC responders (e.g., 

cough, PTSD symptoms, insomnia), but future research should consider a broader range 

of outcomes, such as service utilization, neuropsychological functioning, and biomarkers. In 

sum, there are several areas for methodological improvement that could provide even more 

impressive results for the validity of ALPs. However, we found that even daily voicemails 

can produce substantially valid risk factor scores. More extensive language data and further 

development of ALPs are likely to show even stronger findings.

Conclusions

Artificial intelligence can be used to improve prognosis, but has not been implemented in 

psychiatry practice. Such technology could reduce demands on the time of clinicians and 

patients and simultaneously increase predictive validity of clinical assessments. The present 

study found that ALPs derived from analyses of social media performed well when applied 

to voicemails and contributed substantially to prediction of trauma-related outcomes two 

years later. The effects were moderate and present a proof of concept at this stage. However, 

the predictive power of ALPs is expected to become stronger as machine learning models 

are fine-tuned and trained on increasing larger datasets. Meanwhile, these findings suggest 

that collection of natural language data, to which clinicians may have access, and scoring 

of ALPs, can be automated for potential integration into clinical care in the future. ALPs 

offer a promising avenue for clinical assessment and artificial intelligence based on natural 

language might be developed into a powerful prognostic tool.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Correlations Between Baseline ALPs and Two-Year Outcomes

Note. ALP = artificial intelligence-based language predictor, PTSD = PCL-5 Symptom 

Checklist, LRS = lower respiratory symptoms, GERD = gastro-esophageal reflux disease, 

SUI = suicidality, DEP = depression, WB = well-being.
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Table 1.

Descriptive Statistics for Study Variables.

Scales N Min Max Mean SD

Baseline ALP

Neuroticism 174 −0.57 0.34 −0.15 0.16

Extraversion 174 −0.46 0.35 −0.06 0.15

Openness 174 −0.31 0.60 0.11 0.15

Agreeableness 174 −0.57 0.58 0.03 0.14

Conscientiousness 174 −0.41 0.51 −0.05 0.14

Depressivity 174 2.30 3.34 2.74 0.20

Anger Proneness 174 2.25 3.40 2.81 0.23

Anxiousness 174 2.50 3.72 3.10 0.23

Stress 174 2.26 3.35 2.84 0.17

Baseline Self-Report Predictors

Neuroticism 172 1.00 4.07 2.32 0.72

Extraversion 172 1.43 4.75 3.39 0.60

Openness 173 1.92 5.00 3.83 0.61

Agreeableness 172 2.40 4.81 3.73 0.48

Conscientiousness 172 2.48 4.93 3.92 0.53

Depressivity 172 1.00 4.60 2.09 0.88

Anger Proneness 171 1.00 5.00 2.28 0.87

Anxiousness 172 1.00 4.20 2.59 0.78

Daily Stress 171 3.21 13.25 6.11 1.63

Two-Year Self-Report Outcomes

General Depression 148 23.00 73.00 37.11 11.39

Suicidality 148 6.00 12.00 6.68 1.14

Well-Being 148 8.00 40.00 23.30 6.90

PCL 147 20.00 72.00 32.03 12.37

LRS 148 6.00 24.00 9.79 4.23

GERD 148 6.00 30.00 9.97 5.46

Daily Sleep Quality 109 1.35 5.00 3.40 0.72

Note. PCL = PTSD symptoms, LRS = lower respiratory symptoms, GERD = gastroesophageal reflux disease symptoms.
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