
 

 

 
 

 

 
 
 

 

 

 

 

 

 

 

 

  

TRAJECTORIES OF BURDEN AND DEPRESSION IN CAREGIVERS FOLLOWING 

TRAUMATIC INJURY: THE ROLE OF RESILIENCE 

Stephanie Agtarap, MS 

Dissertation Prepared for the Degree of 

DOCTOR OF PHILOSOPHY 

UNIVERSITY OF NORTH TEXAS 

August 2017 

APPROVED: 
 
Adriel Boals, Major Professor 
Ann Marie Warren, Co-Major Professor 
Heidemarie Blumenthal, Committee 

Member 
Camilo Ruggero, Committee Member 
Vicki Campbell, Chair of the Department of 

Psychology 
David Holdeman, Dean of the College of 

Arts and Sciences 
Victor Prybutok, Dean of the Toulouse 

Graduate School 



 

Agtarap, Stephanie. Trajectories of Burden and Depression in Caregivers 

following Traumatic Injury: The Role of Resilience. Doctor of Philosophy (Behavioral 

Science), August 2017, 87 pp., 18 tables, 10 figures, references, 143 titles. 

This study sought to examine the ability for trait-resilience to predict trajectories 

of distress over the course of a year among 124 family members and loved ones of 

patients admitted to a Level I Trauma Center.  A cross-lagged path model examining 

resilience, burden, and depression at baseline, 3, 6, and 12 months after injury showed 

that, while depression strongly predicted later burden, resilience was not a significant 

predictor of either outcome in the model. When depression and burden were subjected 

to a person-centered analysis (i.e., latent growth curve analysis), two major classes 

were identified: caregivers with high, chronic distress (33% of the sample) and low-

moderate distress that declined over time. A three-class solution for caregiver burden 

further identified a moderate, increasing trajectory class. Predictive discriminant 

analyses revealed that trait-resilience was a major differentiating trait between class 

membership (rs = .23 for depression; rs = .32 for burden); further, presence of PTSD 

symptoms at baseline, gender, and history of depression were shown to be strong 

factors in distinguishing class membership across both outcomes. This study helps 

shed insight into the well-being of caregivers in the wake of a loved one’s traumatic 

injury, in addition to possible identifying risk factors while patients are still admitted in 

the ICU.  Lastly, the study provides alternatives for analyses that focus on longitudinal 

outcomes, particularly person- vs. variable-centered solutions. 
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INTRODUCTION 

As of 2014, as many as 2.3 million individuals in the United States are 

hospitalized each year due to severe traumatic injury (National Trauma Institute, 2014). 

Of those, between 10-40% who experience a single incident of traumatic injury develop 

posttraumatic stress disorder (PTSD), which is associated with functional impairment 

and poor quality of life (Kessler et al., 2008). In response to this growing statistic, 

aspects of positive psychology have been introduced in medical settings to help prevent 

psychological distress among patients and their loved ones (Coyne & Tennen, 2010). 

Though initially contentious, the field has been an ultimately informative source of 

knowledge in the recovery of medical patients (Coyne & Tennen, 2010).  Key goals 

have focused more on psychosocial factors that improve overall quality of life (i.e., 

prevention and thriving) and less on traditional identification of psychopathology (i.e., 

diagnosis and treat; Seligman & Csikszentmihalyi, 2014). As of 2016, health 

psychologists have shown increased involvement in critical care activities, including 

inpatient-rehab units, general medical-surgical units, inpatient psychiatry units, Level 1 

Trauma centers, and pediatric trauma centers (Stucky et al., 2016). 

The Role of Resilience 

One psychological construct branched from this movement is the role that 

resilience plays in recovery after a traumatic event or experience. Defined as the ability 

to “bounce back from” and maintain psychological well-being in the wake of an adverse 

event (e.g., traumatic injury), resilience has been a trait commonly associated with 

adequate recovery following adversity (Bonanno, 2004). Additionally, resilience has 

been studied extensively in tandem with posttraumatic stress and mental and physical 
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health dysfunction, with results showing that the majority of people tend to be resilient in 

the face of both emotional and physical trauma (Bonanno, 2004; Hanks et al., 2016; 

Santiago et al., 2013; Stewart & Yuen, 2011).  

Consistently, among the Big Five personality traits, resilience has been 

associated most strongly with greater emotional stability, extroversion, openness, and 

conscientiousness in (for review, see Friborg et al., 2005). As such, resilient individuals 

have been shown to be more optimistic (Anderson & Anderson, 2003), endorse more 

positive emotions (Cohn et al., 2009; Ong et al., 2009), possess more hardiness (i.e., 

having levels of confidence and feelings of control over one’s life; Maddi, 2002; King et 

al.,1998), have higher self-esteem and self-efficacy in tasks (Benight & Harper, 2002), 

higher internal locus of control (Monden et al., 2014), and possess overall better 

psychological flexibility and acceptance toward stress from adversity (White et al., 2008; 

APA, 2010Stewart & Yuen, 2011; Windle et al., 2011).  

Given these inherent traits, resilient individuals often exhibit behaviors that 

enable them to recover and adapt more quickly to disruptive and stressful events in their 

environment; these include active coping mechanisms and practices (e.g., proactively 

searching for resources and help), utilizing good-quality social support (e.g., reliable and 

positive support), making realistic plans and goals, manage strong emotions, 

communicate skillfully with others, and maintain a positive view of oneself and others 

(APA Help Center, 2004; APA, 2010; Pietrzak et al., 2010; White et al., 2010). Notably, 

this does not mean that resilient people never experience distress; rather, they are able 

to adapt and process traumatic distress well relative to less resilience individuals and, in 
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some cases, generate new and positive emotions from the adverse experience (White, 

Driver & Warren, 2012). 

Resilience in Traumatic Injury 

Studies of resilience include a wide range of physical trauma, including spinal 

cord injury (SCI), traumatic brain injury (TBI), amputees, and other diverse physical 

injury (Stewart & Yuen, 2011; Rainey et al., 2014; Hanks et al., 2016). Findings from 

exploratory studies consistently show that—similar to the general population—resilient 

individuals tended to endorse more “psychological strength” post-injury: a more 

optimistic attitude, more determination, proactive behavior, internal sense of control, 

and assertiveness against their injury (Monden et al., 2014). In addition, resilient 

individuals tend to have a high quantity of ‘good quality’ social support around them, 

such as family, medical staff, that buffers against distress (Pietrzak et al., 2010; Monden 

et al., 2014; Catalono et al., 2011; Hanks et al., 2016). Cognitively, resilient individuals 

tend to adapt to their injury by adopting a sense of humor, putting their injury in 

perspective, and keeping their recovery in mind through goal setting and proactive 

coping after traumatic injury (Monden et al., 2014; Hanks et al., 2016). Other noteworthy 

factors include a sense of spirituality and faith, and being a role model or inspiring 

others (Monden et al., 2014). Taken together, these attributes appear to allow 

individuals to manage their psychological, and spiritual well-being better than 

comparative others after injury. 

Conceptualizations of Resilience in Trauma 

Despite such vested interest in resilience among psychology researchers, and 

the consistent agreement of what resilience looks like across populations, the field has 
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been aptly criticized for lacking a firm, conceptual foundation for how resilience 

manifests in people. In turn, there is little theoretical work from which researchers can 

build models and investigate mechanisms of resilience in recovery from trauma (Luthar, 

Cicchetti, & Becker, 2003). Currently, there are several theories within the literature that 

posit resilience as a personality characteristic (Connor & Davidson, 2003), a differential 

outcome based on comparative evidence (Rutter, 2012), a dynamic process that 

evolves from childhood to maturity (Masten, 2001), or a process of coping that anyone 

can learn at any point in life (APA, 2010). Naturally, such a wide disparity in theory will 

create discrepancies in findings and suggestions for utility in the applied field, making 

empirically-based study of the concept a challenge (Elliott, 2014; Davydov et al., 2010).  

Trait-Resilience in Traumatic Injury  

Derived mainly from Block & Block (1980) as a personality characteristic, 

resilience was first conceptualized as “ego-resiliency”, defined as an individual’s 

“capacity to psychologically adjust as a function of the demand characteristics of the 

environmental context.” Arguments supporting trait-resilience stem from the fact that 

many resilient characteristics are internal in nature; examples include temperament, 

openness, and optimism (Ollson et al., 2003). Another prominent factor is the role of 

hardiness. Considered one of the most prominent characteristics of resilient individuals, 

hardiness maintains well-being through three key aspects: feelings of commitment to 

others, a proactive approach to maintaining control of one’s life and prospects, and a 

challenge-approach to stressors that encourages viewing them as opportunities (Maddi, 

2002). These findings gave credence to the early personality construct of resilience and 
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its contribution to well-being in the wake of extreme stress (Maddi, 1999; Khoshaba & 

Maddi, 1999).  

Some quasi-experimental research also offers evidence that resilience may stem 

from a trait-like disposition. In a twin study with over 2,600 adolescent twins 

(monozygotic and dizygotic) reared in the same household, researchers found that 

psychological resilience could be determined more by genetic factors than non-shared 

environmental factors (Waaktaar & Torgerson, 2012). Under this conceptualization, 

exposure to significant adversity may not be necessary for one to possess traits of 

resilience (Luthar & Cichetti, 2000).  

Within trauma research, resilience is measured most often as a trait-variable that 

gauges how well individuals will cope with their injury, either at time of measurement or 

as a predictor for later outcomes (Hanks et al., 2016; Walsh et al., 2016; Roberson et 

al., under review). Measurement of resilience is typically assessed through self-report 

scales, where participants measure the extent that certain resilient traits apply to them 

either generally (e.g., over their lifetime), or in the past month (Windle, Bennett, & 

Noyes, 2011). Some examples of items asked are the ability to “bounce back” from 

illness or hardship (e.g., Connor & Davidson, 2003), the ability to be flexible and open 

(e.g., Ego Resiliency Scale; Block & Kremen, 1996), and the endorsement of 

interpersonal or extra personal factors to cope (e.g., Resilience Scale for Adults; Friborg 

et al., 2003). Importantly, prospective research in the medical setting has found that, 

after significant traumatic injury, resilience did not change over the course of their 

recovery, giving credence to the theory of resilience as a trait characteristic (Elliott et al., 

2014; White et al., 2010; Rainey et al., 2014, Roberson et al., under review). 
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Resilience as an Outcome 

 With empirical evidence supporting the existence of trait-resilience inherent in 

individuals, a next question would be whether resilience can be learned within 

individuals that may not inherently possess trait resilience, particularly in the wake of a 

traumatic injury. Both early and recent research into “building” resilience sheds light on 

the notion that resilience can be a process—if not a learned ability—in the recovery of 

adverse events.  

Early Research in Developmental Psychology  

If one were to trace the origins of resilience they would likely start with work 

conducted by developmental researchers observing the role of risk in children growing 

up in adversity. These studies identified “resilient” traits within children by stumbling 

upon the wide range of outcomes in children thought to be at high risk for 

psychopathology (Masten & Garmezy, 1985; Werner & Smith, 1982; Werner, 1993; 

Johnson & Wiechelt, 2004). One of the most prominent developmental studies is from 

Garmezy and colleagues with the Project Competence Longitudinal Study (PCLS; 

Masten & Garmezy, 1985; Masten & Tellegen, 2012), which spanned across decades 

and institutions to investigate the reasons for “high competency in children of risk”. 

Another was the Kauai Longitudinal Study, which tracked a diverse array of children 

born in 1995 over the course of 32 years (Werner, 1993; Werner & Smith, 1982). These 

studies concluded that it was not just the child, the family, or the situation alone that 

determined resilience, but the cumulative effect of developmental processes (as a 

function of self and context) that provided the resources necessary to overcome life 

circumstances and maintain competency in adulthood. In addition, they called for 
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attention to adaptive and maladaptive processes throughout development would be key 

to defining optimal functioning after adversity (Masten et al., 2004) 

Some theories offer explanation to how resilience can be maintained or 

strengthened in the wake of adversity during development. A theory by Rutter (2012) 

argues that traumatic experiences can either have a sensitizing effect or a 

strengthening (i.e., “steeling”) effect, where extremely stressful or traumatic events can 

set the stage for individual capacity to adapt later on. Evidence of this effect can be 

found in later longitudinal studies following children who experienced adversity into 

adulthood. For example, a study by DuMont, Widom and Czaja (2007) examined 

predictors of resilience at the individual, family, and neighborhood level in 676 neglected 

or abused children into young adulthood. Though 48% of the trait-resilient children 

stayed resilient into young adulthood, there was a smaller non-resilient subsample 

(11%) that developed resilience traits. In the Kauai study, as well as others, researchers 

found that low-resilient (i.e., high-risk due to maladaptive behaviors) children who later 

flourished had “second-chance opportunities” (e.g., military service, religious 

conversions, a healthy relationship) that provided a turning point for adolescents before 

reaching adulthood (Werner & Smith, 1992; Quinton et al., 1993; Rutter, 1996).  

Many of these longitudinal studies precede the self-report measures of today. In 

lieu of scales, resilience was indirectly measured via multiple domains of functioning, 

such as completion of education, evidence of psychiatric history, substance abuse, 

criminal activity, violent behavior, employment, homelessness, social activity, and other 

factors like parental involvement and neighborhood risk to determine whether someone 

was either resilient or non-resilient at different time points (Rutter, 1987; McGloin & 
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Widom, 2001; Masten et al., 2004; DuMont, Widom & Czaja, 2007). Those who 

achieved high levels of competency in a majority of domains were considered resilient.  

As noted, such a strong history of longitudinal research has helped identify 

predictors of sustained, diminished, and developed resilience during development in the 

context of adversity. Now, newer developmental research currently examines how 

resilience can flux across time. For instance, a sample of emerging adults that learned 

practical skills (e.g., planning, autonomy, social support, coping, etc.) during early 

adulthood were also optimal in building resilience (Masten et al., 2004; Shatkin et al., 

2016). In addition, new research investigating the interplay of genetics and environment 

has found that genetic heritability accounted for 31% of resilience in adult twins; 

however, they found that environmental influences contribute equal influence toward 

each twins’ resilience (Amstadter et al., 2014). These findings challenged Waaktaar & 

Torgerson (2012), which posited that genetic factors were more important than 

environmental factors. Undoubtedly, more projects that examine the gene-environment 

interaction early in life will bring to light new resilience findings within the multifaceted 

context of development theory. To reiterate the words of Kauai Longitudinal Study 

researcher Emmy Werner (2012): “We have to keep clarifying that we cannot label a 

person as resilient; it is a process”. 

Resilient Outcomes in Trauma 

Very few researchers have assessed psychological resilience through 

experimental means. Indeed, the impetus for resilience often comes from the onset of 

trauma or adversity, which makes experimental studies difficult to implement. Instead, 

recent advances in quantitative methods have made it possible to longitudinally track 
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different outcome trajectories after traumatic or adverse events. In particular, studies 

that use latent growth mixture modeling (LGMM) have revealed consistent, distinct 

trajectories of recovery after a traumatic event (Bonanno, 2004). Using a combination of 

both latent class growth analysis (LCGA) and growth mixture modeling (GMM), LGMM 

attempts to identify subpopulations in a large, heterogeneous sample that share the 

same meaningful variation across time (Jung & Wickarama, 2007). Mean growth curves 

in these subpopulations can be extracted and modeled to observe different changes 

across time within subclasses of the sample. Use of LGMM in resilience and PTSD 

research has classified four specific trajectories of recovery after a traumatic event 

(Bonanno, 2012): 

• Chronic: a pattern wherein patients display a high level initially that remains 

high across time. Approximately 10-30% experience this pattern after a traumatic event. 

• Delayed: a pattern wherein trauma patients display minimal symptoms 

initially, but over time they increase in persistence and severity. This trajectory has been 

the primary focus of all symptom patterns across disease and health-related injury due 

its increased risk for PTSD and other forms of psychological distress. The amount of 

people who experience this trajectory is usually between 5-10%. 

• Recovered: a pattern wherein trauma patients display psychological distress 

immediately following a traumatic event, but gradually (across months or years) return 

to baseline functioning. 

• Resilient: a pattern wherein patients display minimal to moderate symptoms 

of stress and disruption initially, but quickly afterward, symptoms of distress decrease 

and remain low.  
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Consistent with prevalence rates of PTSD, the majority of participants in LGMM 

research display a resilient trajectory (35-55%) after an adverse event, which has been 

confirmed in multiple traumatic events including injury, bereavement, and natural or 

current events disasters in both military and civilian populations (Bonanno, 2004; 

Santiago et al., 2013). Further, these trajectories have informed possible risk factors 

that differentiate several types of outcomes after trauma—not just distress or the 

absence of distress. A study by de-Roon Cassini and colleagues (2010) identified four 

different trajectories of posttraumatic stress and depression taken at four different time 

points in the first six months after traumatic injury. By comparing covariates to the 

different trajectories, identified specific covariates unique to different outcomes. For 

example, interpersonal violence largely predicted trajectories of distress, education 

moderately buffered overall distress, and perceived coping self-efficacy was both a 

protective factor from initial distress, but also a risk for delayed distress in their sample 

(de-Roon Cassini et al., 2010). Such trends in post-trauma functioning have been found 

in spinal cord injury (SCI) patients (Bonanno et al., 2012; White, Driver, & Warren, 

2010), amputees (Walsh et al., 2016), traumatic brain injury (TBI; Warren et al., 2016), 

and diverse traumatic injury in trauma/critical care intensive care units (ICUs; Rainey et 

al., 2014; Powers et al., 2014; Warren et al., 2014). Most recently, findings from a 

related study that observed outcomes of our actual trauma patients replicated these 

same trajectories up to a year after traumatic injury (Roberson et al., under review).  

Resilience and Distress among Family Caregivers 

Though resilient functioning is well documented in patients of traumatic injury, 

there is extensively fewer data on the trajectories of recovery in family members of 
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loved ones in the year following traumatic injury. In the United States alone, an 

estimated 34 million family members are caregivers that provide as much as 80% of 

long-term care to their loved ones (Feinberg, Reinhard, Houser, & Choula, 2011). While 

stress and adjustment among family members has been researched extensively for 

chronic illness like cancer, stroke, and dementia (e.g., Parks & Pilisuk, 1991; Pirraglia, 

2005), the unique context of an often unexpected and adverse physical injury has been 

less studied (Elliott et al., 2014). While not experiencing a traumatic injury themselves, 

family members can be indirectly affected by trauma such that they endorse significant 

distress themselves, often extending past their loved one’s ICU stay (Warren et al., 

2016). The added responsibility of caring for their loved one often brings about feelings 

of burden, described as helplessness, guilt, anger, and isolation from others related 

directly to their caregiving (Johnson et al., 2001; Elmståhl, Malmberg, & Annerstedt, 

1996). Coupled with the disruptive nature of an acute traumatic injury, caring for 

traumatic injury leaves family members at high risk for experiencing psychological 

distress, elevated anxiety, depression, posttraumatic stress, and complicated grief 

(Azoulay, et al., 2005; Davidson, Johnes, & Bienvenu, 2012; Pochard et al., 2005; 

Warren et al., 2016). Recent research examining the risk for family members to develop 

PTSD symptoms themselves show elevated levels of strain and distress after leaving 

the ICU (van den Born-van Zanten, et al., 2016). Such findings have led researchers to 

believe that the effects of the ICU on family caregivers can lead to a syndrome of 

depression, anxiety, and posttraumatic stress symptoms known as post-intensive care 

syndrome (PICS; van der Schaaf et al., 2015). First conceptualized to study among 

trauma patients who experienced this syndrome following ICU care (e.g., Hoffman, 
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2013; McGiffin, Galazter-Levy, & Bonanno, 2016), risk of PICS has extended toward 

family members who often automatically become the caretaker following institutional 

care, regardless of their capacity to handle the complexity of post-trauma care (Rotondi 

et al., 2007). Understandably, in addition to experiencing prolonged and adverse 

psychological outcomes, past research has shown caregivers experiencing PICS-like 

symptoms to demonstrate later higher healthcare utilization, significant burden, and 

higher mortality rates (Davidson, 2012; Johannsson, 2004).  

Only one recent literature review organized aspects of individual and family 

resilience of loved ones caring for someone with physical trauma (see Gauvin-LePage, 

Lefebvre & Malo, 2015). In it, the article highlights mainly qualitative or exploratory 

research identifying anecdotal evidence or correlates of resilience, with a call for further 

research that identifies specific correlates and possible mechanisms that allow resilient 

individuals to seemingly fare better than others.  

Research Question 

As part of an effort to understand the psychological consequences among loved 

ones of those admitted for traumatic injury, the proposed project will examine the long-

term functioning of family members in the ICU of a Level I Trauma Center taking part in 

a prospective, longitudinal study. The proposed project has three specific aims. The first 

is to assess the conceptual relationship between trait-resilience and subsequent 

distress (i.e., burden and depression) across time using variable-centered analyses 

(i.e., path modeling). The second will identify whether differential class trajectories of 

distress—such as resilient, recovered, delayed, or chronic functioning—exist within the 

sample using latent growth mixture modeling (LGMM). Lastly, the third aim will assess 
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the ability for baseline resilience—in addition to other baseline measures—to predict 

class membership in trajectories using assessments taken while their loved one is still in 

the hospital.  

Hypotheses associated with these aims are (i) trait-resilience will be associated 

with subsequent depression and burden, (ii) LGMM analyses will identify four latent 

trajectory classes that mirror those of previous research (i.e., resilient, recovered, 

delayed, and chronic), and that (iii) trait-resilience will significantly predict membership 

in a specific trajectory class. 
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METHOD 

This study used data from participants recruited to a prospective longitudinal 

study recruiting family members and loved ones of patients in the trauma/critical care 

ICU of an urban Level I trauma center in the southwestern United States. As an 

exploratory study with no conditions, all participants received the same questionnaires 

and assessments. 

Sample Characteristics 

 A total of 124 participants were enrolled into the study and completed baseline 

measures. Table 1 shows the demographic characteristics of the sample. The caregiver 

sample was largely female (74.2%), predominately non-Hispanic (79.0%) and 

Caucasian (64.2%). The majority of caregivers were either a parent (25.8%), a spouse 

or partner (29.8%), or an adult child of the patient (22.6%). Of note, most did not have a 

history of depression (72.6%). Regarding their loved one in the ICU, most of the injuries 

were trauma-related (61.3%), with nearly half with a traumatic brain injury (TBI) as part 

of their diagnosis (46.8%). Multiple family members could sign up for the study; the final 

sample comprised caregivers of 105 patients, with 13 instances of two caregivers 

completing their assessment on the same patient and 3 instances of three caregivers 

completing their assessment on the same patient. 
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Table 1 

Demographic Characteristics 

 

Variable N(%) 
Age 47.27(18.11), 18-80, 48.50 
Gender  

Male 32 (25.8%) 
Female 92 (74.2%) 

Race  

Caucasian 80 (64.2%) 
Black 33 (26.6%) 
American Indian/Alaska Native 3 (2.4%) 
Asian 5 (4.0%) 
Multiracial 3 (2.4%) 

Hispanic  

Yes 26 (21.0%) 
No 98 (79.0%) 

Marital Status  

Never married 17 (13.7%) 
Married 74 (59.7%) 
Divorced 11 (8.9%) 
Separated 3 (2.4%) 
Widowed 9 (7.3%) 
Other 10 (8.1%) 

Education  

8th grade or less 1 (1.0%) 
9-12th grade 14 (11.3%) 
HS/GED 56 (45.2%) 
Associate's 13 (10.5%) 
Bachelor's 26 (21.0%) 
Master's 9 (7.3%) 
Doctoral 3 (2.4%) 
Professional 1 (1.0%) 
Unobtainable 1 (1.0%) 

Employment Status  

Employed 72 (58.1%) 
Not employed 52 (41.9%) 

Income  

< 25K 15 (12.1%) 
25-49K 30 (24.2%) 
50-74K 16 (12.9%) 
75k+ 30 (24.2%) 
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Attrition  

Figure 1 shows the participant flow chart from approach to completion of twelve-

month follow-up. Overall participation rates for each timepoint are listed. From these, 

the overall participation rate from baseline (N = 124) to 12-month follow-up (n = 81) was 

62.3%. Successful retention included caregivers whose loved one passed during the 

follow-up year (i.e., bereavement protocol). A total of 12 bereaved caregivers completed 

the study; however, due to the difference in protocols, bereaved individuals were not 

included and only those completing “standard protocol” were included in the study. 

Reasons for missing follow-ups among standard protocol participants included: (a) 

being unable to contact or asking to skip for a given follow-up, (b) withdrawing from the 

study at given follow-up, (c) incarceration at the time of a given follow-up, or (d) inability 

to complete follow-up in each window. 

When attrition was assessed by individual, 48.4% (n = 60) of the sample 

completed all four time points, 18.5% (n = 23) completed at least three timepoints, 

12.1% (n = 15) completed at least two timepoints, and 21.0% (n = 26) completed 

baseline only (see Table 2). 

Table 2 

Retention Rates by Individual 

Completed timepoints Count 
Baseline only  26 
Two timepoints 15 
Three timepoints 23 
Complete (four timepoints) 60 
Grand Total 124 
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Figure 1. Participant retention flow diagram 

 

Missing Data  

Given the amount of missing data due to attrition, differences in outcomes 

between completers and noncompleters were assessed by racial background, Hispanic 
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origin, marital status, educational level, employment, and relation to patient. In addition, 

baseline measures of resilience, depression, social support, alcohol use, posttraumatic 

stress symptoms, and anticipated care were also assessed. Using independent-sample 

mean difference tests (i.e., independent samples t, one-way ANOVA), there were no 

differences in those who completed vs. did not complete their follow-ups at 3-, 6-, and 

12-month follow-ups (all p’s > .05).   

Main Questionnaires 

 Participant demographic variables were obtained using standard self-report 

administered at baseline assessment, including age, gender, ethnicity, marital status, 

education level, employment status, and income. The participant’s associated patient 

demographic and injury-related variables were extracted from multiple sources, 

including the hospital’s trauma registry for trauma patients, information provided during 

ICU rounds, and participant self-report. These variables included date of birth, date of 

hospital admission, etiology of injury for trauma patients, primary ICU diagnosis, date of 

ICU admission, insurance status, and the presence of a traumatic brain injury (TBI).  

Caregiver Burden  

The Caregiver Burden (CB) scale was used to determine subjective burden at 3, 

6, and 12-month follow-up assessments (CB; Elmståhl, Malmberg, & Annerstedt, 1996). 

The measure was a modified version of a scale for caregivers of chronically ill persons 

and validated in a sample of caregivers of patients after stroke. Questions can be 

grouped into five indices—general strain (e.g., “Do you think your own health has 

suffered because you’ve been taking care of your relative?”), isolation (“Has your social 

life been lessened?”), disappointment (“Had you expected that life would be different 
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than it is at your age?”), emotional involvement (“Do you ever feel offended and angry 

with your relative?”), and environment (“Do you find yourself facing purely practical 

problems caring for your relative that are difficult to solve?”)—participant responses 

range from 1 (not at all) to 4 (often). Greater scores indicate higher levels of caregiver 

burden and shows good reliability (Cronbach α = .70 - .87; Elmståhl, Malmberg, & 

Annerstedt, 1996). Within this study, the Cronbach alphas for each timepoint were α = 

.93, .95, and .96 at 3, 6, and 12-month (respectively). Test-retest correlation among the 

three timepoints were r = .83 and .71 respectively (see Table 3).  

Depression  

The Patient Health Questionnaire-8 was used to determine depression at 

baseline, 3, 6, and 12 month assessments (PHQ-8; Kroenke et al., 2009). The measure 

is a validated brief self-report measure of major depressive symptoms for both general 

and clinical populations. The 8-item measure was originally derived from the PHQ-9 

with the last question regarding suicide removed (Kroenke, Spitzer, & Williams, 2001). 

Participants are asked the extent to which their affective state has been affected in the 

past two weeks by a number of given symptoms (e.g., “Little interest of pleasure in 

doing things”, “Feeling tired or having little energy”). Responses ranged from 0 (not at 

all) to 3 (nearly every day). Higher scores indicate greater depressive symptoms, with a 

score of 10 or more a cutoff diagnostic value for a positive depression screen (Kroenke 

et al., 2009). The scale has good psychometric properties with an internal consistency 

ranging from .81 < α < .96 (Löwe et al., 2004). Within this study, the Cronbach alphas 

for each timepoint were α = .85, .87, .70, and .91. Test-retest correlation among the four 

timepoints were r = .47, .42, and .53, respectively (see Table 4).  
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Resilience  

The Connor-Davidson Resilience Scale 10-item scale was used to measure trait-

resilience (Campbell-Sills & Stein, 2007). Derived from the original 25-item version as a 

measure of stress coping ability in clinical practice, the CD-RISC takes the perspective 

of resilience as a personal quality (Windle, Bennett, & Noyes, 2011). Participants are 

asked to rate the extent each statement is generally true of them from 0 (not at all true 

of me) to 4 (nearly all the time true of me). Higher scores indicate greater resilience, and 

cutoff scores of +/ 1SD from the mean are used as criteria for low, medium, and high 

resilience (Rainey et al., 2014). The CD-RISC has been used reliably in women (Scali et 

al., 2012), victims of natural disaster (Wang et al., 2010), traumatic injury (Rainey et al., 

2014), and validated with strong psychometric properties as a one-factor model and 

good reliability (Campbell-Sills & Stein, 2007). Within this study, the Cronbach alphas 

for baseline and 12-month follow-up were α = .85, and .76, respectively. Test-retest 

correlation was r = .49 (see Table 4).  

Posttraumatic Stress Disorder 

Patients were initially screened for the existence of posttraumatic stress 

symptoms using the Primary Care Posttraumatic Stress Disorder Checklist, a four-item 

screen designed for us in medical settings, at baseline, 3, 6, and 12 month 

assessments (PC-PTSD; Prins et al., 2003). The PC-PTSD is considered a 

psychometrically sound screener for determining PTSD risk (Prins et al., 2003, Hanley, 

deRoon-Cassini, & Brasel, 2013). A cutoff score of 3 indicates a positive screen for 

PTSD with high diagnostic efficiency, sensitivity, and specificity (Prins et al., 2013). For 

baseline assessment, a positive screen indicated high PTSD risk in lieu of a formal 
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diagnosis. Within this study, the Cronbach alphas for each timepoint were α = .77, .74, 

.79, and .77 at baseline, 3, 6, and 12-month (respectively). Test-retest correlation 

among the three timepoints were r = .55, .55, and .62, respectively.  

Supplemental Questionnaires 

Social Support  

Social support was measured at baseline and 12-month follow-up using the 

Social Provisions Scale (SPS), a 24-item questionnaire that asks participants to rate the 

extent to which they agree regarding 6 dimensions of social support: (a) attachment, (b) 

social integration, (c) reassurance of worth, (d) reliable, (e) guidance, and (f) opportunity 

for nurturance (Cutrona & Russell, 1987). Answers ranged from 1 (strongly disagree) to 

4 (strongly agree), with the total score ranging from 24-96; higher scores indicating 

greater degree of perceived support. The internal consistency at validation was 

considered acceptable with α = .70 (Cutrona & Russell, 1987). Within this study, the 

Cronbach alphas for baseline and 12-month follow-up were α = .91 and .94, 

respectively. Test-retest correlation was r = .44. 

Alcohol Screen  

Problematic alcohol use was measured using the Alcohol Use Disorder 

Identification Test-Consumption 3-item, a self-report measure that uses a five-point 

scale to assess frequency of drinking, typical consumption amount, and frequency of 

binge drinking (AUDIT-C). Total scores ranged from 0-12, with higher scores indicating 

greater problematic alcohol use (Babor et al., 2001). Within this study, the Cronbach 

alphas for each timepoint were α = .75, .62, .67, and .60 at baseline, 3, 6, and 12-month 
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(respectively). Test-retest correlation among the three timepoints were r = .80, .64, and 

.37, respectively.  

Procedure 

All procedures were approved from the medical center’s Institutional Review 

Board.  

Inclusion/Exclusion Criteria  

Participants for the study were screened between March 2013 and November 

2015. Inclusion criteria included being an adult (>/= 18 years of age) family member or 

loved one of an adult patient admitted to the trauma/critical care ICU that expected to 

contribute as a caregiver, patient ICU admission greater than 48 hours, and expected 

survival greater than 96 hours. Exclusion criteria included inability to speak and 

comprehend English, and inability to provide at least two contacts for follow-up.  

Recruitment  

The project’s approach to study enrollment strategy was that of a convenience 

sample. Participants who met the study’s inclusion criteria were approached for 

inclusion in the study in the ICU waiting room or patient bedside. Participants who 

agreed to be part of the study were escorted to a consultation room to complete the 

consent process. 

Baseline Assessment  

Measurements were collected immediately after participant consent. In the case 

of emergency, family members could request to finish baseline measurements at a later 

time. In addition, phone and address contact information were requested for subsequent 

follow-up sessions. 
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Follow-Up Procedures  

The 3-month and 6-month follow-ups were collected within a 4-week window 

around the participants due date (i.e., +/- 2 weeks of 3- or 6-months after the date of 

initial consent). The 12-month follow-up was collected with a 4-month window around 

the participants due date (i.e., +/- 2 months around 12-month after the date of initial 

consent). Reminder postcards or emails (based on participants’ preference) were sent 

one week in advance of their follow-up window opening. Participants were contacted 

over the telephone with a maximum of 12 possible attempts for successful follow-up 

completion. Clinical research assistants (CRAs) read IRB-approved scripts at the 

beginning of each call to inform participants of the necessary involvement for follow-up, 

and recorded participant’s continued consent to be part of the study. In the event that 

participants could not be reached during their follow-up window, CRAs left scripted 

voicemails and/or sent a reminder letter requesting participants to contact the research 

site for their follow-up. Unless a participant explicitly declined continued study 

participation, CRAs continued attempts for follow-up at 6 and 12-month follow-up 

windows.  

Data Analytic Plan 

Trait-resilience Predicting Depression and Burden  

Trait-resilience, depression across all four timepoints, and burden reported at 3, 

6, and 12 months were assessed across time using a cross-lagged path model. A form 

of structural equation model (SEM), cross-lagged path model estimates statistical 

parameters using robust full information maximum likelihood (Muthen & Muthen, 2013). 
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Figure 2. Cross-lagged path model showing baseline resilence and depression predicting subsequent depression and 
burden 

Depression T0 Depression T3 Depression T6 Depression T12 

Resilience T0 Burden T3 Burden T6 Burden T12 
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Like other forms of SEM, cross-lagged path models are variable-centered analyses 

which look at the theoretical effect of one exogenous variable on another (Kline, 2011). 

As such, all available data for resilience, depression and burden were retained to 

assess the relationship between resilience and subsequent depression and burden (N = 

124). Figure 2 demonstrates the structural model of the analysis. 

The appropriateness of models is assessed using standard global indices to 

determine fit and include absolute/predictive fit chi-square test (χ2), comparative fit index 

(CFI), goodness of fit index (GFI), Tucker-Lewis Index (TLI), root mean square error of 

approximation (RMSEA), and standardized root mean square residual (SRMR; see 

Schreiber et al., 2006 for review). The χ2 test offers an initial but basic test of fit by 

assessing if there is significantly more information given by the theoretical model 

compared to a null (or another) model. CFI, GFI, and TLI are also comparative fit 

indices that assess fit compared to a baseline or other model; values ≥ .95 indicates 

acceptable fit, with better values approaching 1.0. Lastly, RMSEA and SRMR assess 

the amount of error present within the given model; values < .08 indicate acceptable fit, 

with better values approaching zero. Given less than adequate fit, alternative models 

may be tested and reported for comparison. These analyses will be conducted using 

SPSS Version 22 (IBM Corp, 2013) and Mplus Editor 7 (Muthen & Muthen, 2013).  

Identifying Class Trajectories of Depression and Burden  

To determine the existence of heterogeneous class trajectories in both burden 

and depression following a loved one’s traumatic injury, this analysis will employ LGMM 

similar to the methods of deRoon-Cassini et al. (2010). LGMM is unique from linear 

regression models (e.g., variables are fixed across individuals) in that latent trajectories 
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help to model variation in growth (i.e., allow intercept and slope to vary) across 

individuals (Curran & Husong, 2003; Jung & Wickrama, 2007). Though similar to 

multilevel modeling, which assumes there is an overall trajectory of change, GMM 

distinguishes itself by exploring possible subgroups within the data, wherein individuals 

can vary in slope and intercept within their class trajectories, in addition to the sample 

itself (Infurna & Luthar, 2006). Structurally, these trajectories are assessed using 

repeated measures of the same outcome to measure growth, and discrete populations 

are modeled using a latent variable that defines class membership that estimates its 

own unique intercept and slope. The end results are groups of individuals within the 

sample that evidence similar latent growth over a period of repeated measures (Armour 

et al., 2012). Given that the analysis relies heavily on the data, it is considered an 

exploratory analysis (Bonanno & Diminich, 2013).  

As mentioned, LGMM is two-step process using LCGA followed by GMM. First in 

LCGA, model specification will be conducted using a single-class latent growth model to 

determine which type of growth – linear or quadratic – fits the data best (Jung & 

Wickrama, 2007). This process utilizes similar fit indices from SEM (see Aim 1), in 

addition to others: Akaike Information Criterion (AIC; Akaike, 1987), the Bayesian 

Information Criterion (BIC; Schwartz, 1978), and the same size adjusted BIC (ssaBIC; 

Sclove, 1987), where lower values indicate better fit (Nylund, Asparouhov, & Muthen, 

2007).  

Following this fit, various latent growth models will be analyzed to assess the 

most parsimonious number of classes using AIC, BIC and adjusted-BIC. In addition, the 

Lo-Mendell-Rubins Adjusted Likelihood Ratio Test (LMR; Lo, Mendell & Rubin, 2001) 



27 

and the parametric bootstrapped likelihood ratio test (BLRT) test whether a given model 

with k classes provides significantly more information than the previous model with k -1 

classes; a significant p-value indicates that the current solution is a significantly better fit 

(Jung & Wickrama, 2007; Nylund et al., 2007). Lastly, entropy is a sum measure of the 

probabilities of an individual to belong to a certain class (Ramaswamy et al., 1993). 

Ideally, entropy values closer to 1.0 denote better classification of individuals. Criterion 

estimates will be compared across two- to four-class solutions to determine the best 

model fit (Muthen & Muthen, 2004). It’s important to note that this step in LCGA 

constrains within-class variance to be zero; in other words, it assumes that all members 

of a specific class have the example same levels (i.e., intercept) and rate of change 

(i.e., slope) across time (Jung & Wickrama, 2007; Infurna & Luthar, 2016). Figures 3 

and 4 show the structural model for the LGCA. 

Figure 3. Structural model for LCGA on depression over time. 
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Figure 4. Structural model for LCGA on burden over time. 

 

In the second step using GMM, within-class variances (i.e., variation of intercept 

and slope among individuals in given trajectories) are allowed to vary, thus assessing 

for previously unobserved differences in growth parameter means (Nylund et al., 2007). 

Within GMM as well, additional covariates or outcomes can be added to the structural 

model to assess effects of multiple factors and their influence across class trajectories, 

in addition to over time (Li, Duncan, Duncan & Acock, 2009). 

The Role of Resilience in Predicting Trajectory over Time  

To examine the utility of psychosocial baseline factors in predicting recovery, 

trait-resilience – in addition to other associated baseline measures - will be entered as 

predictors into predictive discriminant analysis (PDA) to determine the role that trait-

resilience plays in predicting membership to a given depression or burden trajectory 

among family members. 
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Discriminant analysis is a multivariate statistical technique that can be used to 

predict group membership for both binary and multinomial outcomes (Huberty & 

Lowman, 2000). This technique was originally conceptualized as a means of predicting 

group membership (Huberty & Wisenbaker, 1992), but branched out into two distinct 

discriminant analyses: descriptive (DDA) and predictive (PDA). Whereas DDA focuses 

more on variables within a given model that contribute to group differences using 

structure coefficients (Betz, 1987), PDA focuses on correctly predicting classification of 

cases using the given model (Hubery & Lowman, 2000; Sherry, 2006). Though the 

analytic steps for PDA and DDA remain identical, the theoretical research question for 

the data determines what statistics are interpreted (e.g., model’s predictive accuracy as 

a whole vs. retrospectively assessing variable’s contribution to the model).  

The advantage of PDA is its simplistic approach relative to the logistic 

transformations, coding, and reference group identification of multinomial logistic 

regression (Huberty, 1994). Like its general linear model counterpart, PDA is 

correlational in nature, assumes multivariate normality, and derives its effects from 

synthetic variables created from observed data (Henson, 2000). However, model effects 

in PDA cannot be artificially enhanced simply by the addition of more or redundant 

variables (Henson, 2002). A model’s overall effect can be initially determined by hit rate, 

or correctly classified group membership. However, this hit rate should be adjusted by 

incorporating prior probabilities – calculated chance rate of correct classification 

assuming a null model— to create a Huberty’s I index, which gives improvement of the 

model over chance to correctly predict class membership (Huberty & Lowman, 2000). 

Generally, a Huberty I index > .35 indicates a large effect size (Huberty, 1994).  
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Though PDA is most appropriate for predicting class membership, DDA structure 

coefficients will also be reported to examine which variables are most strongly 

contributing to group differences. The stronger the structure coefficient, the greater 

contribution toward differences in group classification (Huberty, 1994).   

Missing Data  

LGMM analyses will be conducted using Mplus 7.0, which uses full-information 

maximum-likelihood (FIML) estimation to alleviate the presence of missing data that is 

common with longitudinal research (Enders, 2001). However, because LGCA is a 

person-centered analysis where the focus is individual rate of change over time, only 

individuals who had at least two timepoints were retained (n = 98) for analyses, where 

maximum likelihood estimation inherent within the analytic process would impute the 

missing data.   
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RESULTS 

Table 3 displays mean, standard deviation, range, and median values of 

psychosocial outcome variables at baseline, 3-, 6-, and 12-month follow-up for the 

entire sample (N = 124). As expected, assessing for missing at random data using 

Little’s MCAR test demonstrated that data was missing at random for baseline only (p = 

> .05; all other timepoints p < .001 from lost-to-follow-up participants). 

Table 3 

Participant Outcomes 

Variable Baseline  
(n = 124) 

3-month  
(n = 99) 

6-month  
(n = 97) 

12-month 
(n = 83) 

Standard Protocol - 91(91.9%) 81(83.5%) 71(85.5%) 
% Caregiving 
(*anticipated caregiving) 

*68.22(33.44),  
0-100, 77.50 

42.04(33.49),  
0-100, 37.50 

32.10(32.76),  
0-100, 20.00 

31.49(37.57),  
0-100, 10.00 

Primary Outcomes     

Resilience 32.70(5.61),  
16-40, 33.50 - - 31.52(6.41),  

14-40, 31.00 

Depression 8.30(5.61), 0-
24, 7.00 

5.66(5.71), 
0-24, 4.00 

5.53(5.91), 
0-22, 4.00 

5.91(6.23), 
0-22, 4.00 

Caregiver Burden - 40.99(14.73),  
22-76, 37.00 

37.57(15.85),  
22-84, 32.00 

39.33(18.27),  
22-82, 30.00 

PTSS 1.40(1.46), 0-
4, 1.00 

1.04(1.32), 
0-4, 0.00 

1.21(1.45), 
0-4, 1.00 

1.21(1.42), 
0-4, 1.00 

Secondary Outcomes    

Alcohol Screen 1.90(2.18), 0-
11, 1.00 

1.62(1.88), 
0-7, 1.00 

1.73(2.04), 
0-8, 1.00 

1.81(2.06), 
0-8, 1.00 

Social Support 85.56(8.98), 
61-95, 88.50 - - 78.76(11.39), 

49-96, 77.00 

PTGI - - - 65.97(27.23), 
0-105, 71.50 

Note. Standard protocol is the actual amount of data (not bereavement) 
 

Prevalence of positive depression screens (>10) among the sample was 34.68% 

at baseline, 21.98% at 3-month, 22.22% at 6-month, and 24.64% at12-month follow-up 



32 

for completed participants, rates which were markedly higher when compared to the 

prevalence rate of ~9.0% among the general population (Kroenke et al., 2009). Primary 

and secondary measures were also assessed for change over time using either 

repeated measures ANOVA (for change over three to four timepoints) or paired-sample 

t-test (for change over two timepoints). Assumptions were assessed and if violated, 

corrected test statistics were used (i.e., Greenhouse-Geisser F statistic). Of the primary 

measures, depression was shown to significantly change over time, Greenhouse-

Geisser F(2.64, 155.61) = 8.86, p < .001, ηp2 = .13, power = .99. Post-hoc tests show 

that depression at baseline was significantly different from all other timepoints at p ≤ 

.001 (see Table 4 for mean differences). Of the secondary measures, social support 

was shown to significantly change from baseline to 12-month follow-up MΔ = 6.12 

(11.15); t(65) = 4.46, p < .001. 

Aim 1: Trait-Resilience Predicting Depression and Burden 

 Associations between baseline trait-resilience, burden and depression are shown 

in Table 4. As expected, resilience was significantly correlated with baseline depression 

(r = -.40), 3-month depression (r = -.33), and 12-month depression (r = -.32, all p’s < 

.001), but not 6-month depression. Also as expected, depression and caregiver burden 

were consistently and significantly associated with each other across all time-points. 

Interestingly, baseline resilience was not associated with caregiver burden at any 

subsequent timepoint. For the given model, residual variances across depression and 

burden scores at the same timepoint were allowed to covary.  
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Table 4 

Correlation Matrix among Resilience, Depression and Burden across Time 

Variable Baseline 
resilience 

Baseline 
depression 

3-month 
depression 

3-month 
caregiver 
burden 

6-month 
depression 

6-month 
caregiver 
burden 

12-month 
depression 

12-month 
depression 

12-month 
resilience 

Baseline 
resilience 1         

Baseline 
depression -.40** 1        

3-month 
depression -.33** .47** 1       

3-month cg 
burden -.17 .33** .66** 1      

6-month 
depression -.19 .42** .64** .63** 1     

6-month cg 
burden -.19 .37** .53** .83** .69** 1    

12-month 
depression -.32** .53** .56** .55** .50** .64** 1   

12-month cg 
burden -.12 .38** .50** .71** .54** .80** .74** 1  

12-month 
resilience .49** -.34** -.37** -.31* -.17 -.33** -.51** -.42** 1 

Note.  * = p < .05; ** = p <0.01 
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Overall, the hypothesized model yielded marginally acceptable fit, with CFI, TLI, 

and SRMR values meeting acceptable standards; however, RMSEA values were high 

(see Table 5). Examination of residual variances suggested to remove parameter 

estimation between resilience and 3-month caregiver burden. The subsequent model 

showed improvement in all global fit indices, but RMSEA remained high. Iterative 

models estimating resilience onto later depression and caregiver burden yielded worse 

fit. Thus, Model 2 was considered the best overall fit given our hypothesis. 

Table 5 
 
Fit Indices, Unstandardized Estimates, and Standard Errors for Cross-Lagged Path 
Models 

 
Model  
(n = 124) 

AIC/BIC χ2 model 
fit 

RMSEA CFI/TLI SRMR 

1. Original model 4856.80/4845.87 29.73** .109 .950/.888 .080 
2. Resilience  
burden removed 

4854.88/4844.29 29.81* .102 .953/.902 .080 

3. Resilience  all 
burden 

4856.88/4845.26 25.80** .113 .956/.880 .078 

4. Resilience  all dep 4859.40/4847.78 28.32* .122 .948/.861 .081 
 

Standardized estimates and standard errors can be seen in Table 6. Figure 5 

shows the structural model and given estimates among baseline resilience, baseline 

depression, and subsequent depression and burden. Overall, resilience does not 

appear to be a predictor of baseline or caregiver burden across time. However, 

caregiver burden consistently predicted later depression at 6- and 12-month follow-up; 

depression however, was not a significant predictor of later caregiver burden.  
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Table 6 
 
Standardized Estimates and Standard Errors for Resilience, Depression, and Burden in 
Cross-Lagged Path Model 2 

 
Variable/Path Estimate S.E. Est./S.E. p-value 
RESILBA   DEP3MO 0.042 0.073 0.571 0.568 
DEPBA   DEP3MO* 0.476 0.078 6.138 < .001 
DEPBA  CBS3MO* 0.351 0.087 4.036 < .001 
DEP3MO   DEP6MO* 0.432 0.105 4.109 < .001 
DEP3MO   CBS6MO* 0.355 0.103 3.431 0.001 
CBS3MO   CBS6MO* 0.815 0.071 11.415 < .001 
CBS3MO   DEP6MO 0.002 0.093 0.021 0.983 
DEP6MO   DEP12MO 0.150 0.129 1.157 0.247 
DEP6MO   CBS12MO* 0.527 0.117 4.493 < .001 
CBS6MO  CBS12MO* 0.757 0.085 8.885 < .001 
CBS6MO   DEP12MO 0.035 0.104 0.336 0.737 
RESILBA ↔ DEPBA -0.057 0.09 -0.637 0.524 
DEP3MO ↔ CBS3MO* 0.612 0.065 9.463 < .001 
DEP6MO ↔ CBS6MO* 0.404 0.096 4.201 < .001 
DEP12MO ↔CBS12MO* 0.514 0.092 5.613 < .001 
Note: *significant p <.05     
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Figure 5. Cross-lagged path model results 
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Aim 2a: Identifying Class Trajectories of Depression  

Following the steps suggested by Jung and Wickrama (2008), the first step was 

to specify a single-class (simple) latent growth model to determine the type of growth 

(i.e., linear or quadratic). The model of best fit was determined by global fit indices 

similar to SEM (see above in Data Analytic Plan for Aim 1 and Aim 2). The models were 

estimated using robust maximum likelihood estimation, 200 random starting values, and 

100 final model optimizations similar to deRoon-Cassini et al. (2010). Time was coded 

0, 3, 6, and 12 to correspond to baseline and months since hospital discharge. In each 

model, the latent factor variances and covariances were freely estimated, and residual 

variances were freed to vary across time. 

Determining Type of Growth 

The results can be seen in Table 7. A simple linear growth model provided a 

good fit to the data, Δχ2(5) = 47.58, p = .004.Though the fit indices markedly improve 

from linear growth to quadratic (i.e., non-linear, curved growth; ΔRMSEA = .039, ΔCFI = 

.07, ΔTLI = .063, ΔSRMR = .083), the addition of a quadratic-growth factor did not 

significantly improve fit Δχ2(1) = 2.44, p = .118. Given these discrepant indices however, 

both the linear and quadratic growth models were used in the following steps.  

Table 7 

Single-Class Linear Growth Model Assessing Depression Over Time 

Model  
(n = 98) 

AIC/BIC χ2 model fit RMSEA CFI/TLI SRMR 

Intercept-only 2110.10/2125.61 30.24 (8)** .168 .783/.837 .61 
Linear growth 2103.44/2098.28 17.58 (5)** .160 .877/.853 .111 
Quadratic growth 2096.30/2088.85 2.44 (1) .121 .986/.916 .028 
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Determining Number of Classes 

Once the type of growth was specified, then the number of latent classes were 

determined (i.e., model was specified) using latent class growth analysis (LCGA). For 

this analysis, the within-class variance was not specified; this lack of specification eases 

the class identification process by basing classes on the means of the growth factors, 

and differentiates LCGA from GMM (Colder et al., 2002; Jung & Wickrama, 2008). In 

addition, constraining parameters estimates to be equal across classes helps identify 

classes on the basis of mean change, not on variability (Colder et al., 2002).  

Table 8 

Fit Comparison for Unconditional Latent Class Growth Models 

Unconditional Model AIC Adj. BIC Entropy LMR p BLRT p 
Linear      
2 class solution 2091.54 2086.38 0.876 0.002 <.001 
3 class solution 2074.74 2067.86 0.861 0.558 <.001 
4 class solution 2069.31 2060.715 0.875 0.303 0.013 
Quadratic      
2 class solution 2082.37 2076.07 0.873 0.029 <.001 
3 class solution 2056.72 2048.125 0.869 0.084 <.001 
4 class solution 2033.57 2022.684 0.908 0.314 <.001 

 

Table 8 shows the fit indices for each iterative class model. For the linear growth 

model, the 2-class solution showed best fit; though the AIC and adjusted-BIC values 

were highest, the entropy value was closest to 1.0 and LMR and BLRT p-values were 

significant). Figure 6 shows the estimated trajectories and estimated means against 

observed values, suggesting the following trajectories: (1) low depression that declined 

over time and (2) high depression that stayed high. A total of 65 caregivers belonged to 

the low depression class (mean class probability = .98), with the remaining 33 



39 

caregivers belonging to the chronically high depression class (mean class probability = 

.94). Mean estimates and their standard errors can be seen in Table 9. 

Table 9 

Unstandardized Estimated Means and Standard Errors for Class Solutions 

Unconditional Model 
Quadratic 
Slope 

S.E. Mean Slope S.E. Intercept 
Slope S.E. 

2-class linear solution       
1. Low declining depression - - -.20** .05 4.36** .49 
2. High chronic depression - - -.11 .12 12.75** 110 
2-class quadratic solution       
1. Low declining depression .05* .02 -.85** .25 5.40** .55 
2. High chronic depression -.06 .05 -.91 .58 14.04** 9.70 
Note: * p < .01; ** p ≤ .001; see Figures 4 and 5 for visual diagram 

 

For the quadratic model, though AIC and BIC improved with each additional 

class, the LMR likelihood ratio test suggests that only 2-class solution only provides 

significantly good fit (p = .029). Figure 7 shows the estimated trajectories and estimated 

means against observed values, suggesting the following trajectories: (a) low 

depression that declined at six months and stabilized (b) moderate depression that 

declined at six months and stabilized. A total of 64 caregivers belonged to the low 

depression class (mean class probability = .98), with the remaining 34 caregivers 

belonging to the chronically high depression class (mean class probability = .93).  
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Figure 6. Depression trajectories for 2-class linear solution against observed values. 
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Figure 7. Depression trajectories for 2-class quadratic solution against observed values. 
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Figure 8. Depression trajectories for 3-class quadratic solution against observed values. 
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There was a trend in the 3-class quadratic solution that suggested a stable, sub-

clinical depression class (see Figure 8); however, the model did not add any significant 

information compared to the 2-class quadratic solution (p =.084).  

GMM Estimation 

Given the successful estimation of classes, GMM was then attempted by having 

the within-class intercept and slope variances to be specified. However, once these 

could be estimated, the analysis would not run due to covariance matrices for the latent 

variables that were non-positive definite. Therefore, GMM analyses could not be 

continued and trajectory analysis for depression (and subsequent burden analyses) 

were examined using only LCGA. 

Aim 3A: Baseline Resilience Predicting Depression Trajectories over Time 

 Results of the LCGA yielded class membership data for all individuals included in 

the analysis; this data was subsequently added to the overall dataset for use in 

predictive discriminant analysis, which assesses group classification based off a series 

of given predictor variables. In addition to baseline resilience, all other demographic and 

psychosocial measures were correlated with dummy-coded class membership data to 

identify other predictors to include in the model. Table 10 shows that, in addition to 

resilience, Pearson-r correlations between social support, PTSD symptoms, and 

anticipated care were significantly associated with at least one trajectory class. In 

addition, gender and history of depression were included in the model due to their 

potential effect on subsequent depression (Parks & Pilisuk, 1991; McGiffin, Galazter-

Levy, & Bonanno, 2016). Class membership data for both the 2-class linear solution and 

the 3-class quadratics solution were used as outcome data in separate PDAs. 
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Table 10 
 
Correlation Matrix of Baseline Variables and Group Membership for Depression 
Trajectories 

 
Variable linear2 quadratic2 
linear2 1 1.00** 
quadratic2 1.00** 1 
Patient Age at Injury .10 .10 
Trauma -.11 -.11 
Gender .38** .38** 
Educational Level -.11 -.11 
Income .10 .10 
Baseline resilience .32** .32** 
Baseline social support .21* .21* 
Baseline alcohol use -.08 -.08 
Baseline PTSD -.44** -.44** 
Anticipated care -.25* -.25* 
 

2-Class Linear Solution  

Assumptions of multivariate normality were assessed prior to analysis and were 

met within the analysis. For both models, the cross-validated hit rate showed that 78.5% 

of the grouped cases were correctly classified, and Huberty’s I index = .613, 

demonstrating a large effect. Observation of DDA statistics that the model explained 

41.2% of the variance in depression trajectory class membership using the Wilk’s lamb 

test, χ2(6) = 46.74, p < .001. The model’s structure coefficients suggested that, while 

resilience contributed the most to differences in class membership (rs = -.38), PTSD 

symptoms at baseline (rs = .59), gender (rs = -.51), and history of depression (rs = .42) 

strongly accounted for differences in class membership. See Table 11 for summary. 

2-Class Quadratic Solution 

Assumptions of multivariate normality were assessed prior to analysis and were 

met within the analysis. Cross-validated hit rates and calculated Huberty’s I index were 



45 

identical to the linear solution. DDA structure coefficients were also identical to that of 

the linear solution, such that resilience, but more so PTSD symptoms, gender, and 

history of depression continued to strongly account for differences in class membership. 

See Table 11 for summary. 

Table 11 
 
Structure Coefficients and Hit Rate Indices for Analysis Predicting Depression 
Trajectory Class Membership 

 
 rs rs2 Prob. HE HO I 
Structure coefficients for both 
solutions 

      

Resilience -.38 .14     
Social support -.20 .04     
PTSD symptoms .59 .35     
Anticipated care .30 .09     
Gender -.51 .26     
History of depression .42 .18     
Model hit rate for both solutions     .785 .628 
Class 1. Low decliners    .68 20.68   
Class 2. High chronic    .33 20.65   
Note: rs = structure coefficient; HO = cross-validated hit rate HE = estimated hit rate; I =  
Huberty’s I index calculated 
         

 

Aim 2B: Identifying Class Trajectories of Caregiver Burden 

Similar steps were conducted for caregiver burden at 3, 6, and 12 months. The 

single-class latent growth model was estimated using robust maximum likelihood 

estimation, with 200 random starting values, and 100 final model optimizations. 

Because the burden’s initial measurement was at 3-month follow-up, time was coded as 

0, 3 and 9 to reflect the time in between 3- and 12-month follow-up. In each model, the 

latent factor variances and covariances were freely estimated, and residual variances 

were freed to vary across time. 
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Determining Linear Growth 

The results can be seen in Table 12. A simple linear growth model provided a 

good fit to the data, Δχ2 = (1, N = 98), = 10.18, p = .001) compared to the intercept-only 

model. Attempting to specify a quadratic model was unsuccessful due to under-

identification (i.e., lacking degrees of freedom for estimation). Therefore, the linear 

model was used for subsequent LGCA. 

Table 12 

Single-Class Linear Growth Model Assessing Caregiver Burden over Time 

Model  
(n = 98) AIC/BIC χ2 model fit RMSEA CFI/TLI SRMR 

Intercept-only 1895.43/1892.56 15.77 (4) .173 .920/.940 .136 
Linear growth 1895.83/1891.25 10.18 (1)** .306 .937/.812 .048 
Quadratic growth - - - - - 

Note: ** p < .001. Quadratic growth model was under-identified and could not be 
analyzed. 
 
Determining Number of Classes  

LCGA was applied to the linear model to determine the class solution with the 

best fit. Table 13 shows the fit indices for each iterative class model. The 2-class 

solution showed excellent fit with high entropy and significant LMR and BLRT values. 

Estimation of a 3-class solution also showed decent fit with a marginally significant LMR 

(p = .055), though entropy was lowest among the iterative models.  
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Figure 9. Burden trajectories for 2-class linear solution against observed values. 
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Figure 10. Burden trajectories for 3-class solution against observed values. 
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Figure 9 shows the estimated trajectories and estimated means against observed 

values, suggesting the following trajectories: (1) low-moderate burden that declined over 

time and (2) high chronic burden that stayed high. A total of 77 caregivers belonged to 

the low depression class (mean class probability = .98), with the remaining 21 

caregivers belonging to the chronically high depression class (mean class probability = 

.98). The addition of another trajectory in the 3-class solution added the moderate 

increasers class (n = 58), which report moderate caregiver burden that steadily 

increases over the course of the remaining year (see Figure 10). Mean estimates and 

their standard errors for both class solutions can be found in Table 14.  

Table 13 

Fit Comparison for Unconditional LCGA for Caregiver Burden 

Unconditional Model AIC Adj. BIC Entropy LMR p BLRT p 
Linear growth model      
2 class solution 1901.38 1896.80 .920 <0.001 <.001 
3 class solution 1867.70 1861.40 .844 .0548 <.001 
4 class solution 1855.33 1847.31 .867 .314 <.001 

 

Table 14 

Unstandardized Estimated Means and Standard Errors for Burden Class Solutions 

Unconditional Model Mean Slope S.E. Intercept 
Slope S.E. 

2-class linear solution     
1. Low declining burden (n = 77) -.34± .18 33.54** 1.05 
2. High chronic burden (n = 21) .18 .44 61.82** 2.86 
3-class linear solution     
1. Low declining burden (n = 58) -.72** .14 31.10** 1.25 
2. Moderate increasers (n = 18) 1.00* .47 40.83** 1.93 
3. High chronic burden (n = 22) -.15 .43 65.54** 1.86 
Note. ±p marginally significant (.055); * p < .01; ** p ≤ .001; see Figures 4 and 5 for visual diagram 
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Aim 3B: Baseline Variables and Depression Predicting Burden Trajectories over Time 

Similar to predicting depression trajectory membership, class membership data 

computed from the burden LCGA were used as outcome variables for prediction using 

baseline variables. Demographic and psychosocial measures at baseline were 

correlated with dummy-coded class membership data to identify predictors to include in 

the model. Table 15 shows that, in addition to resilience, PTSD symptoms, history of 

depression, and gender were significantly associated with at least one trajectory class. 

Class membership data for both the 2-class and 3-class linear solution were used as 

outcome data in separate PDAs. 

Table 15 
 
Correlation Matrix of Baseline Variables and Group Membership for Caregiver Burden 
Trajectories 

 
 burdenlinear2 burdenlinear3 bdummy1 bdummy2 bdummy3 
burdenlinear2 1     
burdenlinear3 .32** 1    
dummy1 -.10 .89** 1   
dummy2 .91** .21* -.26* 1  
dummy3 -.63** -.92** -.65** -.57** 1 
Patient Age at Injury .05 -.06 -.08 .05 .03 
Gender -.15 -.18 -.10 -.17 .22* 
Hispanic Origin -.10 -.15 -.11 -.07 .15 
Educational Level .03 .09 .09 <.01 -.07 
Income -.17 -.13 -.07 -.12 .15 
Hx of Depression .27** .17 .06 .23* -.23* 
Baseline resilience -.20* -.05 .08 -.27** .15 
Baseline social support -.01 -.13 -.16 .07 .08 
Baseline alcohol use .11 <.01 -.07 .15 -.06 
Baseline PTSD 
symptoms .27** .16 .06 .21* -.22* 
Anticipated care .05 .20 .19 .02 -.17 

 

2-Class Linear Solution 

Assumptions of multivariate normality were assessed and met within the 

analysis, Box’s M test F(10, 6063.21) = 7.99, p = .690, and log determinants < 1:2 ratio. 
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Cross-validated hit rate showed that 74.5% of the grouped cases were correctly 

classified. Calculated Huberty’s I index = .243, demonstrating a smaller effect than 

expected. Observation of DDA statistics showed an effect size stating the model 

explained 14.3% of the variance in class membership (model’s rs2 = .38); this variance 

was considered significant by testing Wilk’s λ = .86, χ2(4) = 14.82, p = .006. 

Examination of the model’s structure coefficients suggest that, while resilience 

contributed to differences in class membership (rs = -.50), PTSD symptoms at baseline 

(rs = .69), gender (rs = -.36), and history of depression (rs = .67) strongly accounted for 

differences in class membership. See Table 16 for summary. 

Table 16 
 
Structure Coefficients and Hit Rate Indices for Predictive Discriminant Analysis of 
Caregiver Burden Trajectory 2-Class Membership 

 
 rs rs2 Prob. HE HO I 
Structure coefficients       

Resilience -.50 .25     
PTSD symptoms .69 .48     
Gender -.36 .13     
History of depression .67 .45     

Model hit rate      .745 .243 
Class 1. Low decliners    .786    
Class 2. High chronic    .214    

Note.  rs = structure coefficient; HO = cross-validated hit rate; HE = estimated hit rate; I =  Huberty’s I 
index calculated 

 

3-Class Linear Solution 

Assumptions of normality were assessed and met within the analysis, Box’s M 

test F(20, 9668.93) = 15.26, p = .831, and log determinants < 1:2 ratio. The cross-

validated hit rate was smaller than the 2-class linear solution, with only 58.2% of cases 

correctly classified. When prior probabilities were incorporated into hit rate, the resulting 

Calculated Huberty’s I index = .260, showed relative model improvement over the 2-
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class solution and demonstrating a stronger effect. Observation of DDA statistics 

showed a relatively a smaller effect size with only 17.8% of the variance in group 

classification explained by the model; however, this variance was deemed significant by 

testing Wilk’s λ = .822, χ2(8) = 18.29, p = .019. Two functions were analyzed to explain 

as much variance as possible: Function 1 explained 15.8% of the variance, containing 

history of depression (rs = .61), PTSD symptoms (rs = .56), and gender (rs = -.50) as its 

strongest predictors of class membership. Leftover error variance was reassessed in 

Function 2, which explained 2.40% of the variance; in this function, resilience was the 

only prominent predictor (rs = .77). See Table 17 for summary. 

Table 17 
 
Structure Coefficients and Hit Rate Indices for Analysis Predicting Caregiver Burden 
Trajectory 3-Class Membership 

 
 Function± rs rs2 Prob. HE HO I 
Function 1  15.76%       

PTSD symptoms  .56 .31     
Gender  -.50 .25     
History of depression  .61 .37     
Resilience  .50 .25     

Function 2 2.40%       
Resilience  .77 .59     

Model hit rate       .582 .261 
Class 1. Low decliners     .592    
Class 2. Moderate 
increasers   

 
.224 

 
  

Class 2. High chronic    .184    
Note. ±Function = % variance explained in the overall model; rs = structure coefficient; HO = cross-
validated hit rate HE = estimated hit rate; I =  Huberty’s I index calculated 

 

Table 18 shows the means and standard deviations of significantly associated 

variables for each class solution. For all models, resilience was significantly different 

between at least two classes. 
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Table 18 

Means and Standard Deviations of Baseline Variables by Each Class Solution 

Class Solution n Gender  Depression 
history Baseline variables 

Depression 2-Class (All)  Female Yes** Depression Resilience PTSD 
symptoms 

Anticipated 
care 

high chronic 33 32 19 13.82(5.60)** 30.03(5.46)** 2.39(1.52)** 80.00(26.49)** 
low decreasing 65 40 8 5.74(4.46)** 33.80(5.20)** .98(1.27)** 62.50(35.43)** 

Burden 2-Class Linear  Female Yes** Depression Resilience PTSD 
symptoms 

Anticipated 
care 

high chronic 21 18 12 12.67(6.82)** 30.43(6.03)* 2.24(1.61)* 71.19(30.33) 
low decreasing 77 54 15 7.31(5.68)** 33.10(5.32)* 1.25(1.42)* 67.50(34.67) 

Burden 3-Class Linear  Female Yes* Depression Resilience PTSD 
symptoms 

Anticipated 
care 

high chronic 18 16 10 12.56(7.19) 29.33(5.79)* 2.11(1.68) 69.72(31.37) 
moderate increasers 22 18 8 10.45(6.46)** 33.36(4.86)* 1.64(1.71) 79.76(27.64) 
low decreasing 58 38 9 6.43(5.08) 33.21(5.46) 1.19(1.32) 63.43(35.79) 
Note. *p < .05; **p < .001 
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DISCUSSION 

The major goal of this study was to provide insight into the long-term functioning 

of family members that take on caregiving responsibilities for loved ones in the months 

following traumatic injury. While not experiencing the traumatic injury themselves, family 

members can be indirectly affected by the trauma such that they endorse significant 

distress themselves (Warren et al., 2016). Often, this is due the fact that family 

members become the automatic, or “de facto” caretaker to family members once they 

leave institutional care, despite the fact may not be educated to handle the complexity 

of traumatic injuries (Rotondi et al., 2007; Wellard & Street, 1999). Further, only recent 

research has begun to identify the critical need for education, training, and resources for 

family members to offset the enormous responsibilities of caring for a loved one after a 

physical trauma (Davidson et al., 2012; Warren et al., 2016). This study helped identify 

how resilience influences depression and burden over the first year after injury, and 

possibly identify predictive mechanisms of resilient functioning. In addition, this study 

also sought to identify family members at risk for distress while their loved one was still 

in the hospital.  

The results of the study found that analyzing the data using a variable-centered 

approach via cross-lagged path model showed that depression was a strong predictor 

of later burden; however, resilience was not significant predictor of either depression or 

burden in the model.  

By using a person-centered data analytic approach via LCGA, trajectories of 

caregiver depression were modeled across the four timepoints. Two solutions 

demonstrated a good fit: a two-class solution with linear growth and two-class solution 
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with quadratic growth. Both evidenced trajectories of (a) high depression that stayed 

high, and (b) low-moderate depression that declined over the course of the year. A 

three-class solution showed a trend whereby a (c) moderate depression group that 

remained stable over the course of the year existed, but the addition was not 

considered significant. When caregiver burden was analyzed, two solutions 

demonstrated decent fit: a two-class and three-solution that was marginally significant, 

both with strong linear growth. Both evidenced trajectories of (a) low declining burden 

and (b) high chronic burden; however, the three-class solution introduced a (c) 

moderate increasing burden trajectory. When trying to apply GMM by allowing the 

within-class variance to be estimated in our class solutions, the analysis yielded latent 

covariance matrices that were not positive definite. Therefore, our analyses stopped 

and trajectories were identified with the within-class variances remaining equal across 

classes, with trajectories made distinct based on their intercept and patterns of mean 

change across time.  

Using the class membership data produced by LCGA, we used demographic and 

psychosocial variables measured at baseline to see if factors assessed during inpatient 

stay could predict one’s depression trajectory in the year following discharge. PDA for 

depression trajectory class membership found that PTSD symptoms during inpatient 

stay, history of depression, gender and resilience were all salient factors in 

differentiating one class from another. PDA for burden trajectory class membership 

found that knowing one’s depression trajectory was largely predictive of burden 

trajectory, supporting findings from the cross-lagged path model that found depression 

was a large predictor of later burden; in addition, PTSD symptoms, gender and history 
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of depression remained salient factors in differentiating one class from another. Along 

with resilience, these factors demonstrate their utility identifying caregivers who may be 

at risk for later distress.  

Implications 

The results of the study partially confirm findings from previous research, in that 

most participants did remain resilient in the wake of their loved one’s trauma (Bonanno, 

2004); this is evidenced in the majority (~2/3) of participants exhibiting low, declining 

depression and burden across time. For this sample of trauma caregivers, the analysis 

identified two clear distinct groups: those that presented with high symptomatology and 

stayed chronically high, and those that showed resilient functioning from distress. 

Family members demonstrating such elevated, prolonged symptoms of distress mirror 

research on the minority of family caregivers who leave the ICU and develop post-

intensive care syndrome following their hospital stay (Warren et al., 2016). As shown 

from their trajectory, their average initial depression and burden scores alone (i.e., 

intercept) are much higher than the remaining sample, and further, their well-being 

across their first year (i.e., slope) is maintained while their resilient counterparts show a 

decline in distress. Interestingly, no other empirical trajectory (i.e., recovery class and 

delayed class) could be found within this sample. This most likely may be due to nature 

of caregiver responsibilities for the sample, which would require constant adjustment 

that affects burden and depression long after the initial event, thus impeding a 

“recovery” trajectory. There was no caregiver group who initially reported low distress 

and then increased over time akin to a “delayed” trajectory; as mentioned, those who 

experienced later distress were already experiencing distress while in the ICU. Thus, 
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those at highest risk for later distress are those that appear distressed within the ICU. 

Knowledge of these trajectories help impress the gravity of risk for family members 

without adequate help or intervention.    

The subsequent of this study was to identify what baseline factors could identify 

a family member’s course of distress following patient discharge from the ICU. Gender, 

history of depression, PTSD symptomatology measured via screener and resilience 

were all significant predictors of class trajectory that can easily be assessed while a 

family member is in the ICU by members of the medical team. Though ultimately not 

significant in the PDA, of noteworthy importance is the significant difference in 

anticipated care between chronic and resilient family members at baseline. This 

discrepancy may be due to more practical rather than psychosocial reasons, e.g., the 

nature of loved one’s injuries were realistically more severe than their low decreasing 

counterparts, and thus experienced (a) a more stressful ICU stay, and (b) a more 

difficult recovery in the year following the injury.  

As expected, a disproportionate amount of chronically high distress caregivers 

reported a history of depression, though this disproportionality is less apparent within 

the class solutions for caregiver burden. As depression can be a result of multiple trait 

and state sources, ascertaining risk at baseline may be less precise than for caregiver 

burden, which can be attributed more proximally to a loved one’s traumatic injury. 

Regardless, the study further confirms that presence of past or current depression 

symptoms are still important risk factors for later distress. 

Lastly, there was an expected difference in resilience scores between high, 

chronically distressed caregivers and their low, decreasing counterparts. More 
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encouraging was that resilience remained a predictor of class membership in the PDA, 

which demonstrates its utility as a baseline assessment for predicting later well-being. 

Trait-resilience distinguishes itself from the other predictors in that it helps gauge one’s 

readiness and coping skills for the year ahead, rather than conditions that pose risk. 

Assessments that help focus on areas of strength may encourage more efficacious 

intervention processes for medical staff working and educating family members prior to 

discharge.  

Limitations 

Though the study provided partial replication of previous findings, there were 

several limitations that limit its ecological validity. Most noteworthy was the size of the 

participant sample, which was well under the recommended number for LGMM 

analyses (Muthen & Muthen, 2004; Jung & Wickrama, 2007; Curren, Obeidat, & 

Losardo, 2010). However, this was expected given the niche, resource-heavy and time-

intensive procedure for the study that spanned the course of nearly four years. Given 

this, all enrolled participants’ data were used, and consequently, the amount of 

caregiving and role in the patient’s life varied largely (see Table 1 for relation to patient; 

see Table 4 for % caregiving across all four timepoints). Only 98 of the recruited 124 

caregivers, were used for Aim 2 and 3, and of those, only 60 had data all four time 

points; this number further declined by excluding those who completed bereavement 

protocols. Therefore, there was a heavily reliance on the maximum likelihood estimation 

provided by Mplus for imputed solutions.  The small sample size also more than likely 

contributed to the inability to estimate with GMM, as estimation of within-class variance 

for each class requires the use of more parameters than were likely available from the 
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data. Given a much larger caregiver sample – possibly from a multi-site study whose 

patients sustain traumatic injury only – GMM can occur. In addition, additional and 

complete longitudinal data will provide more variability to identify additional trajectories 

that better model those from previous research. However, even with the small sample 

size, the analysis consistently identified low-distress trajectory classes with percentages 

that mimic resilient trajectories of previous research. 

Another limitation related to conceptual theory is the study’s broad focus on 

distress variables, whereby resilience in caregivers was inferred by lack of distress, and 

then subsequently tested for association with trait-resilience. Similar to other research 

that has employed LGMM, such methods treat resilience more as an outcome rather 

than a given trait or state variable (Bonanno, 2012; Santiago et al., 2013). Though this 

study attempts to provide a connective bridge between the conceptual discourse by 

associating trait-resilience with resilience outcomes, trajectories remain a retrospective 

method for measuring one’s resilience; less reliable is measuring trait-resilience via self-

report, which remains the main method of doing so among child and adult populations 

(Windle, Bennett & Noyes, 2013).  

The study attempted to incorporate factors associated with resilience into its 

analysis, such as social support, but otherwise lacked investigation into mechanisms 

between resilience and distress. This was due in part to the design of the original study, 

which was exploratory in nature with no a priori hypotheses regarding specific variables 

between resilience and distress other than general trends (e.g., social support’s strong 

relationship with resilience; Warren, Agtarap, & deRoon-Cassini, 2016). Given the 

study’s prominent focus on resilience as it associates with distress, identifying 
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mechanisms of resilience is probably beyond the scope of this study, and instead 

provides evidence that trait-resilience measured via self-report at baseline provides a 

fair picture of a caregiver’s functioning in the following year. Nevertheless, there still 

remains unanswered questions regarding the best way to measure an individual’s 

capacity to “bounce back”—and how to adequately measure such a capacity against 

distress. 

Accurate Measures of Resilience 

In addition to the study’s substantive findings, it is noteworthy to mention the 

study’s application of more diverse methodological procedures. Recently, discourse on 

the measurement of functional trajectories has been called into question, particularly 

within the field of trauma. Some research has argued that—without proper replication—

current standard trajectories may be the result of subjective decisions in LGMM (Infurna 

& Luthar, 2016; Galatzer-Levy & Bonanno, 2016; Infurna & Luthar, 2016). These 

criticisms mirror decades old calls for resilience researchers to conduct their analyses 

with high scientific scrutiny and make conclusions about results with the upmost caution 

(Luthar, Cicchetti, & Becker, 2000). This is especially true for populations that 

experience adverse or traumatic experiences, as the message of such conclusions can 

solidify public perception and social policy concerning suffering and recovery from 

trauma (Cowen, 1994; Infurna & Luthar, 2016). As such, this dissertation study 

compared the utility of variable-centric analyses (i.e., path modeling) to more person-

centric analyses such as LCGA and LGMM. Variable-centered analyses (e.g., those 

under the purview of GLM) tend to be standard practice within the field of psychology, 

though much of its findings are limited by its aggregation of the data. Such analyses 
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thus require a large sample size to mitigate the effects of bias due to outliers, etc. 

Though LCGA and LGMM also require a large sample size, the nature of the analysis 

allows for more complex analyses that take the individual into consideration. Such 

analyses can help untangle effects between psychological constructs and individual 

differences that can occur across time. 

Future Research 

Research generally agrees that resilience is a useful psychological construct that 

prevents and protects against the adverse consequences of traumatic injury and 

recovery. However, assumptions and attributions to resilience are less clear. As 

research continues to progress, there is a dire need for researchers to clarify their 

theories and contribute their findings to the larger question: how does resilience 

manifest after trauma and how can professionals integrate resilience into the care and 

recovery of the individuals in their charge? 

Can Resilience Be Learned?  

As of 2010, the APA Help Center cites resilience as “the process of adapting well 

in the face of adversity, trauma, tragedy, threats or significant sources of stress… it 

involves behaviors, thoughts and actions that anyone can learn and develop”—

asserting that resilience is less static and can change over time. Research that supports 

this theory of resilience believe that any and all individuals can bolster resilience by 

endorsing and practicing cognitive and social strategies aforementioned as resilient 

traits, like building connections with others (i.e., social support), avoid seeing crises as 

insurmountable problems (i.e., self-efficacy and controllability), embracing change (i.e., 



62 

acceptance and flexibility), taking decisive action (i.e., active coping strategies), and 

looking for self-discovery in stress (i.e., posttraumatic growth; APA Help Center, 2004). 

Recent movements to highlight resilience after trauma emphasize an individual’s 

active efforts to withstand distress, focusing primarily on (i) the strength of the 

relationship between resilience-associated constructs and posttraumatic stress, and (ii) 

subsequently developing programs or other means to optimize these resilience-

associated constructs at risk due to similar adverse events, such as natural disasters 

(Freedy et al., 1994), motor vehicle collisions (Blanchard, et al., 1996), terrorist attacks 

(Silver et al., 2002), wartime (King et al., 1998; Pietrzak et al., 2010), and even adverse 

life changes at work (Maddi, 2002). As stated, major influential factors between the 

inverse relationship of resilience and psychological distress (e.g., PTSD) were 

hardiness (Maddi, 2002), history of previous traumas (King et al., 1998), and the 

structure and quality of available social support (King et al., 1998; Pietrzak et al., 2010). 

In turn, professionals have targeted these characteristics through a variety of 

therapeutic interventions to bolster resilience after trauma. For instance, though the 

prospective Illinois Bell Telephone study demonstrated that personality hardiness was a 

large factor in the resilience of distressed workers (Maddi, 1999), the study has inspired 

a large movement for hardiness training wherein adults can develop hardiness in 

preparation for adversity (Khoshaba & Maddi, 2001; Bartone, 1999). In relation to 

traumatic injury, there has yet to be a resilience-building intervention that directly 

addresses the plight of individuals in a medical-rehabilitation setting (Warren, Agtarap, 

& de-Roon Cassini, 2016). 
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CONCLUSION 

Resilience has been studied across a wide spectrum of traumatic injury and 

recovery—a testament to the value of psychology within integrated care. Healthcare 

professionals are often trained to encourage attention on more positive aspects of 

recovery, such as humor or active coping, to build self-efficacy and empowerment, and 

encourage bonding and support socially to reduce risk of endorsing symptoms from 

distress (Warren, Agtarap, & deRoon-Cassini, 2016). In addition, certain individuals who 

experience trauma often serve as motivators, fostering in others’ social support, self-

efficacy, and empowerment that in turn helps others endorse more resilient behaviors 

they would not have otherwise perceived (Monden et al., 2014). This study provides 

evidence that, though trait-resilience was not shown to be predictive of later burden or 

depression, resilient functioning akin to past studies has been demonstrated among 

caregivers of loved ones with traumatic injury. Such findings were performed using 

person-centered analyses, which takes into consideration the individual’s own trajectory 

across a given timespan; above most variable-centered analyses, research conducted 

by such means can help translate clinically-minded research toward person-centered 

care in the ICU setting. Lastly, though trait-resilience was not generally predictive of 

later depression and burden, baseline assessment did predict one’s trajectory of 

functioning for the following year. If psychological resilience can be identified during a 

patient’s or family member’s hospital stay, and subsequently fostered, then an obvious 

benefit from future studies would be skill development or therapy that could build 

resilience prior to discharge and recovery. Such interventions can help foster the 

influence of more positive psychology-oriented techniques into integrated care. 
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APPENDIX A 

MEASURES
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Study Timeline for Measures 

 

  

Measure Assessment  

Experience and Understanding of the ICU BA  -   -    - 
PHQ-8 BA, 3. 6. 12 
JWB - G BA  -   -   12 
CD-RISC BA  -   -   12 
Anger BA, 3, 6, 12 
SPS BA  -   -   12 
PC-PTSD BA, 3, 6, 12 
PCL-C*   -    3, 6, 12 (* if + on PC-

PTSD) 
IEQ - OV BA, 3, 6, 12 
AUDIT-C BA, 3, 6, 12 
Expectancies - OV BA, 3, 6, 12 
PTGI   -    -   -   12 
Caregiver Burden   -    3, 6, 12 
ICG-R  (*only if patient is deceased at 
follow-up) 

  -    3, 6, 12 
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FLOAT DEMOGRAPHIC DATA 

Participant ID#:                          Date Consented:         
Examiner Initials: 
 
         

DOB: ____________________   
 
Gender:   

0. Female 
1. Male 

 
What is your racial 
background? 

1.  Caucasian/White 
2.  African American /Black 
3.  American Indian or 

Alaska Native 
4.  Asian  
5. Native Hawaiian or 

Pacific Islander 
9. 

 
Are you of Hispanic/Latino 
Origin? 

0. Not of Hispanic Origin 
1. Hispanic Origin (includes 

Mexican, Cuban, Puerto 
Rican, Latin  American, 
Spanish) 

9.   
 

What is your marital status? 
1. Never married 
2. Married  
3. Divorced  
4. Separated  
5. Widowed 
6. Other:____________________ 
9.  

 
 
 
 

What is the highest grade/degree you 
completed in school? 

1. 8th Grade or Less  
2. 9th – 12th Grade   
3. High School Diploma  
4. Associate’s Degree  
5. Bachelor’s Degree 
6. Master’s Degree 
7. Doctoral Degree  
8. Professional Degree 
9.  

 
Are you currently working? 

0.  No  
1. Yes 

 
What is your job? 
________________________________ 

 
What is your current household 
income in 

U.S. dollars (pre-injury)? 
1.  < $25,000 
2.  $25,000 - $49,000 
3.  $50,000 - $74,000 
4.  Above $75,000 
9.

What distance do you travel to and from the hospital each day?  
_____________________(city, miles) 

 
What is your relation to the patient?  
______________________________________________________ 
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Were you present at the time of the event? 
_________________________________________________ 

 
How much time do you anticipate spending in the care-giving role for your 
patient?  _____________% 

 
Have you ever spent time in the ICU (e.g., patient, family member, friend, 
employee)?____________________________________________________________
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Pre-Morbid Psychological Conditions 

I am going to read a list of psychological conditions. Please tell me if you have been 

diagnosed with, or treated for, any of the following:  (Responses can include yes, no, or 

unknown) 

CONDITION:                   NO / YES / UNKNOWN 

a.  Depression:          0       1         3  

b.  Bipolar Disorder or manic depression:      0       1         3  

c.  Panic Disorder:          0       1         3 

d.  Generalized anxiety disorder:        0       1         3  

e.  Posttraumatic stress disorder:       0       1         3 

f.  Obsessive compulsive disorder or OCD:      0       1         3  

g.  Any phobia (if yes,  which kind?):       0       1         3 

h.  Schizophrenia, schizoaffective disorder, or psychotic disorder:  0       1         3 

(if yes to psychotic d/o, what kind?) ______________________________ 

i.  Other: _____________________________________________________________ 
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CONTACT INFORMATION 

Participant Phone #: ______________________ Email: _________________________  

Address: 

______________________________________________________________________ 

 

Alternate Contact # 1: 

__________________________________________________________________  

Relation: 

______________________________________________________________________ 

 

Alternate Contact # 2: 

__________________________________________________________________ 

Relation: 

______________________________________________________________________ 
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Patient Characteristics 

 
DOB: _______________     DOI: ______________   Age at Injury: ______________ 

   
GCS:________________    ISS: _________________ 

 
Etiology of injury (ICD-9 Ecode): 
__________________________________________________________ 

 
Primary ICU 
Diagnosis:_______________________________________________________ 

 
# of Days Spent on Vent: _______ # of Days Spent in ICU: ________________ 

 
Date of ICU admission:__________ Total Length of Stay:_________________
 

Dispo: 

1. Home 
2. Rehab 
3. SNF 
4. LTAC 
5. Hospice 
6. Expired 
9.    _________________ 

 

Does patient have insurance? 

0. None 

1. Public (Medicare/Medicaid) 

2. Private (Aetna, BCBS, etc.) 

 
Is patient noted as homeless?  

0. No  
1 Yes 
2. Not indicated on chart 

 
 
 

 
 
 
Does the patient have a contact 
person   (friend or family) listed in the 
chart?  

0. No  
1. Yes 

 
 

According to nursing documentation, 
has anyone been to visit the patient 
in the first    24 hours after 
admission?  

0. No  
1. Yes 

 
 

According to nursing documentation, 
has anyone been to visit the patient 
in the first    72 hours after 
admission?  

0. No  
1. Yes 

 
 
Does patient have a TBI? 

0. No 
1. Yes 
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APPENDIX B 

ANALYTIC CODE
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TITLE: This is Aim 1 cross-lag model; 

DATA: 
file = ALLtotals.simple.csv;  
VARIABLE:  
names = id resilba depba dep3mo dep6mo dep12mo 
cbs3mo cbs6mo cbs12mo all4; 
usevariables = resilba depba dep3mo dep6mo dep12mo cbs3mo cbs6mo cbs12mo;  
missing = all(999); 
 
MODEL: 
dep12mo ON dep6mo; 
dep12mo ON cbs6mo; 
 
cbs12mo ON cbs6mo; 
cbs12mo ON dep6mo; 
 
dep6mo ON dep3mo; 
dep6mo ON cbs3mo; 
 
cbs6mo ON cbs3mo; 
cbs6mo ON dep3mo; 
 
dep3mo ON depba; 
dep3mo ON resilba; 
 
cbs3mo ON depba; 
 
depba WITH resilba; 
dep3mo WITH cbs3mo; 
dep6mo WITH cbs6mo; 
dep12mo WITH cbs12mo; 
 
OUTPUT: 
standardized 
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TITLE: Step 1: growth type - specify an single-class/univariate GCA model; 

DATA: 
file = ALLtotals.two.csv;  
VARIABLE:  
names = id depba dep3mo dep6mo dep12mo 
cbs3mo cbs6mo cbs12mo all4; 
usevariables = cbs3mo cbs6mo cbs12mo;  
missing = all(999); 
MODEL: 
i s| cbs3mo@0 cbs6mo@3 cbs12mo@9 
OUTPUT: 
sampstat standardized tech1 
PLOT: 
series = cbs3mo - cbs12mo (s); 
type = PLOT3; 
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TITLE: Step 2: determine classes - specify an unconditional LCGA model; 

DATA: 
file = ALLtotals.two.csv;  
VARIABLE:  
names = id depba dep3mo dep6mo dep12mo 
cbs3mo cbs6mo cbs12mo all4 linear2 quad3; 
usevariables = depba dep3mo dep6mo dep12mo;  
missing = all(999); 
classes = c(2); 
ANALYSIS: 
type = MIXTURE missing; 
STARTS = 200 100 
STITERATIONS = 20; 
MODEL: %OVERALL% 
i s q| depba@0 dep3mo@3 dep6mo@6 dep12mo@12; 
i-q@0; 
OUTPUT: 
sampstat standardized tech1 tech11 tech14; 
PLOT: 
series = depba - dep12mo (s); 
type = PLOT3; 
SAVEDATA: 
file = lca_q2.txt; 
save = cprob; 
format = free; 
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TITLE: 
Step 3: GMM, or estimate unique variances of intercept and slope for each class; 
 
DATA: 
file = ALLtotals.two.csv;  
VARIABLE:  
names = id depba dep3mo dep6mo dep12mo 
cbs3mo cbs6mo cbs12mo all4; 
usevariables = depba dep3mo dep6mo dep12mo;  
missing = all(999); 
classes = c(3); 
ANALYSIS: 
type = MIXTURE missing; 
STARTS = 200 100 
STITERATIONS = 20; 
MODEL: %OVERALL% 
i s q| depba@0 dep3mo@3 dep6mo@6 dep12mo@12; 
%c#1% 
i s q; 
%c#2% 
i s q; 
%c#3% 
i s q; 
OUTPUT: 
sampstat standardized tech1 tech11 tech14; 
PLOT: 
series = depba - dep12mo (s); 
type = PLOT3; 
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