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Abstract

Background: Lifetime traumatic events are known to have a detrimental long-term impact on both mental and
physical health. Yet, heterogeneity in the stress response regarding well-being in adults is not well understood. This
study investigates effects of cumulative trauma on latent trajectories of two indices of well-being, subjective health
and life satisfaction in a large representative sample by means of latent variable modelling techniques.

Methods: Data from the pairfam study wave 2–9, a longitudinal representative survey was used (N = 10,825).
Individuals reported on lifetime trauma type exposure on wave 7 and indicated levels of life satisfaction and health
at each wave. Different types of latent Variable Mixture Models were applied in an iterative fashion. Conditional
models investigated effects of cumulative trauma load.

Results: The best fitting model indicated three latent trajectories for life, and four for health, respectively. Trauma
load significantly predicted class membership: Higher exposure was associated with non-stable trajectories for both
indices but followed complex patterns of both improving and decreasing life satisfaction and health. Trauma load
also explained variability within classes.

Conclusions: The current study expands on evidence to the long-term development of health and life satisfaction
in response to traumatic events from a latent variable modelling perspective. Besides detrimental effect, it also
points to functional adaptation after initial decline and increased well-being associated with trauma exposure. Thus,
response to traumatic stress is marked by great heterogeneity. Future research should focus on variables beyond
exposure to trauma that can further identify individuals prone to trajectories of declining well-being.
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Introduction
Pooling data from the World Mental Health survey re-
sulted in 70% of respondents having experienced at least
one traumatic event in their lifetime, with the majority
reporting multiple exposure to different types [1, 2]. In
these studies, traumatic events were conceptualized as
exposure to (threatened) death, injury or sexual violence,

thus following the definition of the Fifth Version of
Diagnostic and Statistical Manual of Mental Disorders
(DSM-5; APA, 2013). Exposure to these events can be
detrimental to mental and physical well-being [3] and, as a
result, an increased risk for posttraumatic stress disorder
(PTSD) is frequently reported [1]. For instance, in a repre-
sentative German study, conditional prevalence rate for
PTSD was up to 17% after exposure to sexual violence in-
cluding both incidences within and outside of the family
[4]. However, traumatic events also affect other important
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domains of well-being and are considered an unspecific
risk factor for the development of health complaints [5, 6].
In the mid-90s, the so-called adverse childhood experi-

ences (ACE) study was the first large investigation on
stressful and critical life events during childhood and re-
vealed detrimental long-term effects towards later life
such as somatic complaints or mental health disturbances
[7, 8]. Whilst this initial conceptualization of ACE extends
beyond the diagnostic definition of trauma and thus incor-
porates a broader range of not necessarily traumatic
events such as parental absence due to divorce (c.f [9].),
the ACE study has launched the systematic investigation
of long-term effects of adverse experiences. Today, find-
ings have been confirmed by a number of recent studies,
as reviews and meta-analysis pointed out (e.g., [6, 10, 11]).
Crucially, since adverse events frequently co-occur due to
a re-victimization cycle that is based on individual differ-
ences in liability, economic and psychological resources
and life circumstances [12], dose-response models state
that adversities piling up are more detrimental compared
to single events. Regarding ACEs, a meta-analysis con-
firmed that individuals with more than four different types
of exposure to ACEs were at an increased risk for worse
subjective mental and physical health conditions that ex-
tended into adulthood [11].
However, when narrowing the definition of trauma ex-

posure towards its stricter diagnostic definition and spe-
cifically focussing on the impact of cumulative trauma
load across the entire life span, research is less abundant.
Also, it mainly concentrates on older individuals: Life-
time trauma load was associated with decreased life sat-
isfaction in a large nationwide study from the US [13]
and another representative study found an increased risk
for depressive symptoms, poorer subjective health as
well as less life satisfaction [14]. With regard to physical
health, traumatic experiences led to a substantial in-
crease in the risk of suffering from common chronic dis-
eases and medical conditions, independently from PTSD
in a population-based study from Germany [15].
More recently, the long-term consequences of trauma

on health have also started to be explored by data-driven
approaches [16]. As a major advantage, these models
allow to investigate individuals that group into distinct
latent profiles over the course of time by exploring
inter-individual differences in intra-individual change
[17]. Thus, the novelty lies in the possibility of capturing
heterogeneity in traumatic stress responses, being char-
acterised by individuals’ idiosyncratic patterns [18]. Out
of these data-driven approaches, the currently most im-
portant group of modelling techniques are Latent Vari-
able Mixture Models (LVMM). In contrast to more
traditional analyses, modelling distinct profiles of health
following trauma by means of LVMMs led to important
findings. A recent review cumulated evidence that the

most prevalent reaction towards traumatic stress was
long-term resilience as indicated by a large group of in-
dividuals with low levels of symptoms and high func-
tionality over the course of time [16]. This resilient
group was followed by much smaller groups of recovery,
chronic and delayed onset [16]. This finding is import-
ant, since it also points to the possibility of functional
adaptation to traumatic events. However, evidence about
long-term reactions based on LVMMS are far from con-
clusive. Another recent systematic review cumulated
evidence for a slow recovery trajectory as the most com-
mon response to stress in contrast to a resilient group
[19]. The authors raised concern for previous methodo-
logical approaches in the implementation of LVMMs
that could provide an explanation for this incongruence
in findings [19].
Despite these methodological differences, in both re-

views only a minority of studies was found to focus on
well-being outcomes beyond PTSD. Thus, the majority
did not consider important domains such as life-
satisfaction or subjective health. Even more crucial, these
few studies did not specifically investigate responses to
traumatic events as defined in DSM-5, but rather fo-
cused on a single major life event. Likewise, these sam-
ples consisted of very specific populations like survivors
of a major burn injury or oil rig disaster survivors that
might not be indicative of the general population [16, 19].
Taken together, the heterogeneity of trajectories of well-
being in response to traumatic stress is still not well
understood. Even more crucial from a life course perspec-
tive, the vast majority of studies included in both reviews
endorsed a pre-post adversity framework: that is, health
outcomes were assessed as a temporal change before and
after a single stressful event [19, 20]. However, in light of
the evidence from dose-response models [13–15], it is es-
sential to investigate how individuals group into distinct
profiles of well-being over the course of time in response
to multiple traumatic events. Yet, studies employing cu-
mulative load as predictors of well-being within a LVMM
framework are sparse. One single study investigated the
impact of cumulative psychosocial adversities on trajector-
ies of physical health in adolescents and found a trajectory
with increasing health problems when having experienced
more adversities [21]. It remains to be assessed if these
patterns also exist in adulthood when applying a narrower
definition of life events that only focusses on lifetime
trauma load. Finally, although some studies employing a
post-adversity framework exist [22, 23], evidence concern-
ing the impact of cumulative trauma load on well-being
using LVMM models within a life-span perspective, re-
gardless of pre-post change and with a focus on the gen-
eral population, is currently missing. Yet, a life-course
perspective is particularly useful: having a deeper insight
into the question whether well-being trajectories remain
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stable or undergo change over time will not only allow to
ascertain the nature of their course [24] but ultimately, it
could lead to intervene on them under a person-centred
perspective [25].
Therefore, the aim of the current study was to explore

trajectories of psychological long-term responses associ-
ated with trauma load from a life course perspective and
in a large representative sample. A focus was set on two
markers of overall well-being, subjective health and life
satisfaction that have been frequently investigated in
traditional analyses (e.g., [13–15]) but have been limit-
edly explored in data-driven modelling. By means of ap-
plying LVMMs as modelling technique, insights into
inter- and intra-individual variability of the stress re-
sponse should be gained. We hypothesized to find non-
linear trajectories of both accelerating and decelerating
subjective health and life satisfaction over the course of
time. In line with the dose-response model [13–15], we
assumed a trajectory with less stable well-being for indi-
viduals with high trauma load.

Methods
Participants and procedures
Analyses were based on de-identified data from the
“Panel Analysis of Intimate Relationships and Family
Dynamics” (pairfam) survey, release 9.1 [26]. Pairfam
is a German ongoing representative longitudinal sur-
vey about well-being and social dynamics over the life
course. Beginning in 2008, data of main respondents
were collected in annual waves from a random sam-
ple of three birth cohorts. Participation was voluntary
and all respondents had to provide an informed con-
sent. A detailed description is reported in Huinink
et al. [27]. For the current project, data from wave 2–
9 was used. Analyses were performed on all individ-
uals above the age of 16 (N = 10,825). When adding
predictor and covariates, analyses were conducted on
N = 4819. At baseline, 48.3% of participants were
male, with a mean of 9.3 years spent in education
(SD = 5.98). Mean age at wave 2 was 26.43 (SD =
8.52), and 32.51 (SD = 8.32) at wave 7. Further wave-
specific socio-demographic characteristics are reported
in Supplementary Tables 1, 2 and 3 and Supplemen-
tary Figure 1. Regarding the attrition rate, it was
found that the structure of the sample had no signifi-
cant distortion, and there was no significant selectivity
[28]. Ethical approval for the project was obtained
from the Philosophical Faculty’s Ethics Committee of
the University of Zurich.

Measures
Measures were assessed by means of computer-assisted
interviews or self-reports. Sociodemographic variables,
such as age and gender, were assessed at each wave.

Traumatic life events
At wave 7, participants were asked to indicate if distres-
sing life events had occurred during their life (no = 0,
yes = 1). We selected all items known to be possibly
traumatic: 1) Severe physical illness or accident; 2) Being
a victim of a robbery or burglary; 3) Being a victim of
physical violence; 4) Victim of sexual assault. Items en-
dorsed were summed up to reflect overall traumatic
load, ranging from 0 to 4. This scale was used in the
LVMMs with covariates (i.e. conditional models).

Life satisfaction
Participants were asked to rate their life satisfaction on a
10-point Likert scale (0 = ‘very dissatisfied’, 10 = ‘very
satisfied’) at all nine waves.

Subjective health
Participants were asked to rate their subjective health
status in the previous 4 weeks on a 5-point Likert Scale.
(1 = Bad; 2 = Not So Good; 3 = Satisfactory; 4 = Good;
5 = Very Good).

Statistical analyses
Different models of LVMMs were built in an iterative
process in order to derive the best model, and thus
strictly following state-of-the art procedures and under
missing Robust (Full Information) maximum likelihood
estimation [17, 29, 30]. In the first step, single-group La-
tent Growth Curve Models were estimated to identify
the best function representing change over time (that is
linear, quadratic, cubic and latent basis). For a compari-
son between the quadratic and the linear model func-
tions the nested χ2 difference test (χ2DIFF) was applied. A
significant χ2DIFF value indicates that the quadratic
model fits significantly better compared to the linear
model. For comparing quadratic and linear with the la-
tent basis function, Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC) were used,
with lower values indicating a better model fit. Addition-
ally, the following fit indices were applied: standardized
root mean residual (SRMR) ≤ .08; root mean square
error of approximation (RMSEA) ≤ .06, comparative fit
index (CFI) and the Tucker-Lewis index (TLI) ≥ .95 [29].
Subsequently, based on the best fitting function, three

incremental types of models with increasing flexibility
were computed (see Additional file 1): 1) A reduced
model that assumes homogenous trajectories for all indi-
viduals within a class, namely Latent Class Growth Ana-
lysis (LCGA); 2) Class-Invariant Growth Mixture Models
(GMM-CI) that assume equal variances and covariances
across all classes; and 3) Class-varying GMMs (GMM-
CV) that allow variances and covariances to vary across
all classes. In order to select the best incremental model
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among the three, the one with the smallest Bayesian In-
formation Criteria (BIC) value was selected [19].
Within each incremental model (LCGA, GMM-CI,

GMM-CV), 1–4-class solutions were explored. To select
the best fit model for each outcome, we examined mul-
tiple model fit indices, including AIC, BIC, bootstrapped
likelihood ratio test (BLRT) and Lo-Mendell-Rubin like-
lihood ratio test (LMR-LRT), class sizes and entropy.
Entropy represents the classification quality index, and it
ranges from 0 and 1, with higher values indicating the
classes are more easily distinguished [29]. Values of .40,
.60 and .80 represent low, medium and high-class dis-
tinction respectively. The class solution with the smallest
BIC and AIC, entropy values above .80, and significant
BLRT and LMR-LRT are considered in the literature as
optimal models [28]. In case of contradicting test results,
LMR-LRT was preferred, since it is less likely to be
biased [29]. Additionally, in the case of similar fit indi-
ces, the more parsimonious model with fewer but larger
classes (overall sample in the smallest class > 5% and/or
n > 25) was chosen provided that interpretability of tra-
jectories was possible [29].

Conditional models
For all models, age (years) and gender (0 =Male; 1 = Fe-
male) were taken into account as covariates. In order to
estimate associations between trauma load and class
membership, and therefore between-class variation,
group membership for both Life Satisfaction and Health
was regressed on the aforementioned variables in a logis-
tic regression fashion using the one-step approach [29].
The resulting odds-ratio (OR) describes individuals’
change in odds to be in the respective latent trajectory
compared to the reference for one unit increase in
trauma load and in age, and for being male versus female.
Additionally, if the models allowed, mixture regression
analyses were run to explore variation within each class
(class specific intercept, slope and quadratic terms). Ana-
lyses were carried out within the R environment, version
3.6.1 [31] and using Mplus, version 8.1 [32].

Results
Trajectories of life satisfaction
Life satisfaction model function and best-fitting model
The linear, quadratic and the latent basis functions were
successfully fitted, while the cubic function did not con-
verge. A significant χ2DIFF test as well as lower AIC indi-
cated that the quadratic model should be preferred (see
Supplementary Table 4). Accordingly, the quadratic
function was further used to fit LVMM models. The
quadratic term accounts for nonlinear trajectories and
represents the average accelerating or decelerating change
in participants’ trajectories over time [29]. Comparing the
quadratic GMM-CI models with the quadratic LCGA

models (see Supplementary Table 5), across all four class-
solutions, the former had lower BIC values. For GMM-
CV, model building errors were consistently occurring
and thus the overall GMM-CV model had to be discarded.
Accordingly, the GMM-CI was considered the best
model.

Selection of number of classes
BIC was lowest for the 4-class solution, followed by the
3-class solution. Entropy values for both classes were
above .80. However, the LMR-LRT was only significant
for the 3-class solution. Thus, the 3-class model was
chosen as final one. Fit indices for GMM-CI with all
class-solutions are reported in Table 1. All model coeffi-
cients of the 3-class solution are reported in Supplemen-
tary Table 6.
The quadratic 3-class GMM-CI solution points to the

existence of a smaller class of individuals with high levels
of Life Satisfaction that declined over time (3.3%, Class
1, red trajectory, “Declining class”) and another small
class of individuals with initially low levels of life satis-
faction which markedly improved across the years (5.2%;
Class 2, blue trajectory, “Improving class”). Finally, there
is a large class of individuals (91.5%; Class 3, green tra-
jectory) with high and stable levels of Life Satisfaction
over the course of time (“Stable class”). The trajectories
are visually depicted in Fig. 1.

Conditional model
Cumulative trauma load emerged as a significant correl-
ate of class membership. With increasing exposure to
traumatic events, individuals were both more likely to be
in the declining class and also more likely to be in the
improving class, both compared to the stable class. Al-
though significant, age was not heavily related to class
membership of the improving class. Within-class vari-
ation indicated that increasing exposure to traumatic
events was associated with significantly lower intercept
scores in the declining class, and with lower slope levels
in the stable class, while also positively affecting the
quadratic term. By contrast, there was no within-class
variation in the improving class. Age was associated with
significantly lower intercept scores and with positive
quadratic term scores in the stable class. All coefficients
are reported in Table 2.

Trajectories of health
Health model function and best-fitting model
Again, the quadratic model was preferred over the linear
and the latent basis model (see Supplementary Table 7),
whilst the cubic function did not converge. Regarding the
GMM-CI model, a constrained model had to be imple-
mented (variance set to 0) due to model building errors.
The constrained GMM-CI models reported lower BIC
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values than the LCGA models (see Supplementary
Table 8). GMM-CV model was discarded due to the con-
vergence error. Thus GMM-CI models were preferred.

Selection of number of classes
The 4-class constrained GMM-CI model had higher en-
tropy levels for larger classes solutions, as well as lower
BIC and AIC values, compared to the other solutions.
Both LMR-LRT and BLRT tests were significant.

Accordingly, GMM-CI with 4 classes was retained as the
final model. Details are reported in Table 3. All model
coefficients of the 4-class solution are reported in
Supplementary Table 9.
The 4-class solution pointed to two smaller classes of

individuals with lower starting levels of health and two
with higher levels. Health of individuals in Class 1
(11.4%) followed a linear trajectory of slight improvement
across the years (red trajectory, “Improving class”). Health

Table 1 Fit Statistics of the 1–4 class solutions for Life Satisfaction Quadratic GMM-CI

1 Class 2 Classes 3 Classes 4 Classes

LL (No. of parameters) −99,013.54 (17) −98,290.23 (21) − 97,849.11 (25) − 97,563.94 (29)

AIC 198,061.08 196,622.45 195,748.23 195,185.89

BIC 198,185.01 196,775.53 195,930.46 195,397.28

Entropy N/A 0.875 0.848 0.840

LMR-LRT N/A 1408.72*** 859.109** 555.39

BLRT N/A 1446.63*** 859.109*** 570.34***

Group-size (%)

Class 1 10,824 (100%) 9974 (92.1%) 363 (3.3%) 447 (4.1%)

Class 2 N/A 850 (7.9%) 560 (5.2%) 354 (3.3%)

Class 3 N/A N/A 9901 (91.5%) 272 (2.5%)

Class 4 N/A N/A N/A 9751 (90.1%)

Note: GMM-CI Growth Mixture Model with class-invariant variances and covariances, LL Log-Likelihood value, No. of Parameters Number of estimated parameters,
AIC Akaike Information Criterion, BIC Bayesian Information Criterion, LMR-LRT Lo-Mendell-Rubin Likelihood Ratio Test, BLRT Bootstrap Likelihood Ratio Test
**p < .01
***p < .001

Fig. 1 Latent Trajectories for the GMM-CI 3-class solution for Life Satisfaction. The red trajectory represents class 1 (“Stable class”), the blue
trajectory represents class 2 (“Declining class”), and the green trajectory represents class 3 (“Improving class”). Circles refer to sample means;
triangles refer to estimated means
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of individuals in Class 2 (5.2%) followed an inversed U-
shaped development with an initial improvement until a
peak and subsequent decline (blue trajectory, “Improve-de-
cline class”). Class 3 (3.5%) showed the reversed pattern
with higher health at the beginning, decrease in the follow-
ing years until reaching the lower point around Wave 5
and slightly increase after (green trajectory, “Decline-low re-
covery class”). Finally, Class 4 (79.9%) comprised the major-
ity of individuals whose high level of health remained

relatively stable across the years (pink trajectory, “Stable
class”). All trajectories are visually depicted in Fig. 2.

Conditional model of health
Cumulative trauma load also emerged as a significant
correlate of class membership. With increasing exposure,
compared to the stable class, individuals were more
likely to be in improve-decline class, followed by the im-
proving health class and the decline-low recovery health

Table 2 Conditional Model for Life Satisfaction

Classes Cumulative Trauma Sex (Male vs Female) Age

Between-class (multinomial regression
coefficients)

Estimate S.E OR [95% CI] Estimate S.E. OR [95% CI] Estimate S.E. OR [95% CI]

Improving vs Stablea 0.563* 0.244 1.76 [1.04; 2.83] 0.129 0.240 1.14 [1.41; 1.82] 0.046*** 0.012 1.05 [0.97; 1.07]

Declining vs Stablea 0.558** 0.204 1.75 [1.17; 2.60] −0.047 0.210 0.95 [0.63; 1.44] −0.004 0.012 0.99 [0.97; 1.02]

Within-class (mixture regression coefficients)

Improving (3.3%)

Intercept 0.126 0.235 0.236 0.326 −0.005 0.020

Slope −0.176 0.131 0.141 0.222 −0.016 0.013

Quadratic term 0.025 0.025 −0.011 0.028 0.001 0.002

Declining (5.2%)

Intercept −0.387* 0.158 −0.680* 0.335 −0.041 0.023

Slope 0.074 0.093 0.195 0.192 0.001 0.012

Quadratic term −0.001 0.010 −0.013 0.027 −0.001 0.002

Stable (91.5%)

Intercept −0.036 0.042 0.021 0.045 −0.013*** 0.002

Slope −0.115*** 0.025 −0.034 0.021 0.003** 0.001

Quadratic term 0.015*** 0.003 0.006* 0.003 0.000 0.000

Note: S.E. Standard Error, OR Odds Ratio, CI Confidence Intervals
*p < .05
**p < .01
***p < .001
aStable Life Satisfaction is the reference class

Table 3 Fit Statistics of the 1–4 class solutions for Health constrained Quadratic GMM-CI

1 Class 2 Classes 3 Classes 4 Classes

LL (NO. Of parameters) −72,988.13 (14) −72,732.27 (18) −72,531.49 (22) −72,419.29 (26)

AIC 146,004.25 145,500.55 145,106.98 144,890.57

BIC 146,106.30 145,631.76 145,267.36 145,080.09

Entropy N/A 0.642 0.660 0.676

LMR-LRT (p-value) N/A 498.29*** 391.03* 218.54***

BLRT (p-value) N/A 511.71*** 401.56*** 224.42***

Group-size (%)

Class 1 10,822 (100%) 1752 (16.2%) 761 (7%) 1243 (11.4%)

Class 2 N/A 9070 (83.8%) 8697 (80.4%) 559 (5.2%)

Class 3 N/A N/A 1364 (12.6%) 377 (3.5%)

Class 4 N/A N/A N/A 8643 (79.9%)

Note: GMM-CI Growth Mixture Model with class-invariant variances and covariances, LL Log-Likelihood value, No. of Parameters Number of estimated parameters,
AIC Akaike Information Criterion, BIC Bayesian Information Criterion, LMR-LRT Lo-Mendell-Rubin Likelihood Ratio Test, BLRT Bootstrap Likelihood Ratio Test
*p < .05
***p < .001
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class. The two covariates were also significantly associ-
ated with class membership: individuals belonging to the
decline-low recovery and to the improving classes were
more likely to be females and of younger age. Regarding
within-class variations, increasing trauma load was re-
lated to a lower intercept score and to a positive quad-
ratic term score in the decline-low recovery class.
Similarly, increasing exposure was associated with a
positive quadratic term in the improve-decline class.
Overall, female gender and age were significantly associ-
ated with all within-class parameters. All coefficients are
presented in Table 4.

Discussion
Despite the surge in LVMM applications in the field of
traumatic stress, no studies have investigated the effects
of lifetime cumulative trauma load on longitudinal tra-
jectories of subjective well-being such as life satisfaction
and health. To address this gap, two indices of overall
well-being, namely life satisfaction and subjective health
were investigated in a large representative sample over
the course of time based on a flexible modelling ap-
proach that could account for both inter- and intra-class
variability. As a result, modelling trajectories led to a 3-
class solution for life satisfaction, and a 4-class solution
for health, respectively. For both indices, the majority of
individuals were grouped within trajectories of relatively
stable high levels. Likewise, a trajectory with initially low

values but consistently improving health and life satis-
faction was observed. For life satisfaction, the third
group consisted of individuals with consistently declin-
ing life satisfaction over the course of time. For health,
two more classes were apparent: One group with an in-
crease of health until it reached a peak in health and a
subsequent decline, and a one with a reversed U-shaped
pattern of initial decline followed by late recovery. Re-
garding associations with cumulative trauma load on
well-being, it was found to differentiate between the
classes. Individuals with increasing trauma load were
more likely not to be in the stable trajectories, but in all
other trajectory classes. Moreover, cumulative trauma
partially explained within-class differences in both life
satisfaction and health.
This finding contributes to the evidence that expos-

ure to trauma has a long-term impact on well-being.
The current results partially align with previous stud-
ies that point to detrimental effects of victimization
in both older and younger populations by investigat-
ing linear associations between these variables [13–15,
33, 34]. However, the current findings go beyond
models assuming linear associations, but support
more complex patterns that might not become visible
without latent variable modelling techniques. More-
over, they enhance previous conclusions from the two
reviews on adaptations to stressful life events that
were mainly based on a diagnostic classification such

Fig. 2 Latent Trajectories for the constrained GMM-CI 4-class solution for Health. The red trajectory represents class 1 (“Improve-decline class”),
the blue trajectory represents class 2 (“Decline-low recovery”), the green trajectory represents class 3 (“Improving class”), and the magenta
trajectory represents class 4 (“Stable class”). Circles refer to sample means; triangles refer to estimated means
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as PTSD and/or on very specific trauma types and
samples [16, 19]. For health we found empirical sup-
port for a group of individuals that experience a de-
crease, followed by partial recovery. This is
accordance with the concept about a dynamic phase
of adaptation as the most prominent reaction [19].
Thus, cumulative trauma exposure might be associ-
ated with both a detrimental effect on well-being and
an eventually positive development. The current study
demonstrates that adaptations to traumatic events
might be marked by inter-individual variability, result-
ing in substantial heterogeneity of individuals’ profiles
[19, 35]. Further supporting this view, within-class
variation showed that cumulative trauma was nega-
tively related to the rate of change and the accelerat-
ing change of the decline-low recovery class, and
similarly the improve-decline class. Depending on the
specific class, individuals with higher trauma exposure
reported initial lower subjective health or less subject-
ive health over the course of time.
A similar finding was also observed within the decreas-

ing class of life satisfaction and thus aligns with previous

results reported in adolescent samples [21]. Again, these
results argue in favour that more trauma exposure in-
creases the risk for an interruption of normal life and re-
quires fundamental adaptation that might turn out to be
successful. In addition, for both indices, trajectories of
slowly improving well-being were found. Here, trauma
load was not associated with individual within-class dif-
ferences in the initial evaluation of life satisfaction and
health. Thus, it is likely that other factors that were not
taken into account might contribute to increased life sat-
isfaction and subjective health associated with higher
trauma load. This could be availability of resources such
as coping strategies or meaningful integration of adverse
experiences into the one’s life. Moreover, these classes
might represent a small share of the population whose
well-being improves with time following adversity. This
aligns with the idea of a “steeling effect”, indicating that
people exposed to a moderate amount of adversities
have a higher well-being compared to individuals with-
out adverse experiences [36].
It is important to keep in mind that interpretations are

speculative and warrant further research regarding

Table 4 Conditional Model for Health

Classes Cumulative Trauma Sex (Male vs Female) Age

Between-class (multinomial
regression coefficients)

Estimate S.E OR [95% CI] Estimate S.E. OR [95% CI] Estimate S.E. OR [95% CI]

Decline-low recovery vs Stablea 0.702** 0.206 2.018 [1.35; 3.02] 0.648* 0.278 1.912 [1.11; 3.29] − 0.039** 0.011 0.962 [0.94; 0.98]

Improving vs Stablea 0.703** 0.217 2.019 [1.32; 3.09] 0.756* 0.334 2.130 [1.11; 4.09] −0.054** 0.017 0.948 [0.92; 0.98]

Improve-decline vs Stablea 0.917*** 0.195 2.502 [1.71; 3.67] −0.567 0.341 0.567 [0.29; 1.11] −0.007 0.017 0.993 [0.71; 1.39]

Within-class (mixture regression coefficients)

Decline-low recovery (12.3%)

Intercept 0.037 0.070 −1.224*** 0.184 −0.020** 0.008

Slope −0.118** 0.042 0.682*** 0.110 0.002 0.005

Quadratic term 0.012* 0.005 −0.068*** 0.014 0.000 0.001

Improving (7%)

Intercept −0.102 0.112 −0.460* 0.179 −0.013 0.011

Slope 0.023 0.059 −0.422*** 0.114 −0.016* 0.007

Quadratic term −0.006 0.008 0.072*** 0.017 0.003* 0.001

Improve-decline (6.3%)

Intercept −0.043 0.117 0.638 0.352 0.001 0.014

Slope −0.102 0.067 0.253 0.148 −0.015* 0.007

Quadratic term 0.018* 0.008 −0.060** 0.019 0.001 0.001

Stable (74.4%)

Intercept −0.049 0.041 −0.057 0.035 −0.016 0.002

Slope −0.036 0.026 −0.055** 0.021 0.003** 0.001

Quadratic term 0.005 0.004 0.008** 0.003 0.000 0.000

Note: S.E. Standard Error, OR Odds Ratio, CI Confidence Intervals
*p < .05
**p < .01
***p < .001
aStable Health is the reference class
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cause-effect relationships. In the current study traumatic
events were not assessed at a specific time but explored
throughout the lifetime. We cannot rule out that trau-
matic experiences have occurred after changes in trajec-
tories on well-being. Hence it is not conclusive what
exactly caused the change in trajectories at the specific
time points. This is a major difference with respect to
studies applying a pre/post adversity framework. Whilst
important associations with trauma load were found, it
cannot be conclusively stated at which time frame it had
the largest impact. Crucially, causal relations between al-
terations in indices of well-being as a result of increasing
trauma load cannot be assumed with the current study.
Nevertheless, the current study provides a number

of important implications. First, it focusses on a large
representative sample and thus supports the
generalizability of prototypical patterns of phenotypic
adaptations to stress. Moreover, the findings indicate
that it is essential to not only consider a single trau-
matic events but incorporate the cumulative effect of
different types of adversities in order to reflect experi-
ences in real life more accurately. In addition, it dem-
onstrates the importance of considering effects of
trauma exposure on well-being beyond a diagnostic
classification such as PTSD. And finally, the project
indicates that changes in well-being might only be
visible from a long-term perspective, and when apply-
ing latent modelling techniques. Accordingly, it is
vital to incorporate large observational windows. To
sum up the current study complements previous find-
ings about long-term effects of ACEs on health to-
wards exposure in adulthood (e.g., [6, 10, 11]) while
expanding this strand of research by employing
LVMM to explore the heterogeneous nature of sub-
jective health and life satisfaction over time.
Regarding future research, these aforementioned as-

pects should be considered. Furthermore, in order to
model the direct effect of cumulative trauma exposure,
future studies should apply a time-specific framework
that allows to measure time and duration of exposures.
In doing so, it could be further explored whether trauma
load causes a transition from a high level of life satisfac-
tion or health to a lower level within classes. Addition-
ally, it might be important to investigate how time-
specific trauma load is linked with the onset of mental
disorders from a latent trajectory modelling perspective.
And finally, knowing that cumulative trauma load differ-

entially impacts class membership both in subjective
health and in life satisfaction is also a relevant information
for mental health professionals. It demonstrates the im-
portance of a routine screening for traumatic event expos-
ure in clinical settings. The current research undermines
their relevance for well-being and this information might
be important in terms of providing tailored interventions.

Besides the potentially devastating effects on well-being, it
is also important to consider that adaptations are marked
by great inter-individual variability.

Limitations
The current study presents several important limitations.
Other potentially relevant covariates (e.g. personality, in-
come) could not be included in the conditional models
due to methodological constraints. Adding more covari-
ates known to possibly influence the formation of the la-
tent trajectories extracted. Thus, participants could
“shift” from one class to another due to covariates. This
is especially true when entropy values are low [28].
Given the optimal value of life satisfaction entropy and
the low/medium quality value for health, it was decided
to proceed with the addition of essential covariates only
(i.e. gender and sex). In addition, the study focusses on
associations with trauma load and therefore neglects
other variables that might play an important role for
both trauma exposure and outcomes of well-being (e.g.
genetics). This further weakens the interpretation of
causal effects and might affect the robustness of associa-
tions. As stated above, subjective health 4-class uncondi-
tional model presented a borderline entropy value of .67.
Low/medium quality values argue that classes could not
be optimally differentiated. In addition, the number of
different trauma types included in the trauma load index
was limited. Standard trauma event lists such as the Life
Event Checklist for DSM-5 [37] cover a much broader
range of potentially traumatic events. In the current
study, exposure was restricted to a few items. It is likely
that associations might be different when including
more trauma types. Moreover, traumatic events could
have experienced more than once, which was also not
measured. It is possible that trauma exposure is under-
counted. This was due to the pairfam study design. As a
consequence, our study has a pilot character that points
to the relevance of traumatic load even with a small
number of traumatic experiences for overall subjective
health and life satisfaction but needs to be elaborated in
samples with more comprehensive measures. In
addition, the time of the traumatic event should be
assessed in order to confirm cause-effect relationships.
Moreover, we cannot completely rule out the possibility
that class membership might have changed for the con-
ditional models. Including trauma load resulted in a dif-
ferent sample size, and thus a direct comparison
between the unconditional and conditional models was
not possible. However, since parameters had comparable
values, model interpretation as we did is still warranted.
Future studies could address this limitation by using im-
putation techniques, which however are computationally
intense. Finally, the employment of a time-invariant vari-
able such as cumulative trauma load as a predictor of life
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satisfaction and health membership is novel in the
LVMM and traumatic stress fields. Using trauma load at
wave 7 as a predictor for the conditional models is con-
troversial, and time-invariant covariates are often used at
baseline. Therefore, such approach warrants more re-
search supporting its utility and feasibility to investigate
the impact of lifetime trauma load on well-being, beyond
the pre-post adversity framework.

Conclusion
This study expands the current evidence on the long-term
development of health and life satisfaction in representa-
tive samples over the course of time, in particular related
to traumatic events. Besides potentially devastating effects
of cumulative trauma load, it points to trajectories of func-
tional adaptation after initial decline or even increasing
well-being. Future research should focus on more specific
predictors beyond trauma load such as to availability and
usage of resources in order to differentiate between indi-
viduals with less favourable patterns of development that
might be in need of professional support.
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