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A key challenge in adolescence is developing mature emo-
tion regulation abilities (Zimmermann & Iwanski,  2014). 
Adolescents experience biological, cognitive, and social 
changes that create an opportunity for positive emotion reg-
ulation development (Steinberg, 2014). Still, as many as 20% 
of adolescents instead experience severe emotion regulation 
difficulties (Lee et al., 2014), with potentially lifelong impli-
cations for mental health and well- being (Aldao et al., 2010). 
These difficulties in emotion regulation can cause substan-
tial distress to the individual, and incur a sizable societal 
cost via their implications for mental health (Lee et al., 2014). 
A comprehensive understanding of the risk factors that pre-
dispose some adolescents to emotion dysregulation could 
aid in the development of effective screening and interven-
tions. There is already an abundance of empirical research 
on adolescent emotion regulation and its predictors; a recent 
systematic review identified 6305 relevant publications (Van 
Lissa, 2021). An important limitation of the existing litera-
ture is that many studies narrowly focus on a few predic-
tors within a specific research area, and thus fail to provide 
insight into these predictors' relative importance compared 

to other predictors, including those in other domains. 
Relatedly, the literature lacks a unifying theoretical frame-
work that is both specific to adolescence and comprehensive 
in scope (see Bariola et al., 2011).

This exploratory study seeks to overcome these limita-
tions by casting a broad net among potential risk factors, 
and using the resulting data- driven insights to complement 
and reflect on existing theory. Machine learning was used to 
determine the relative utility of a wide range of potential risk 
factors. Specifically, the SEM- forests algorithm (Brandmaier 
et al., 2016), a person- centered analysis technique, was used 
to identify the most important early indicators (at age 13) 
of developmental trajectories of emotion regulation across 
adolescence (age 14 through 18). The results indicate which 
factors are most predictive of adolescents' diverging trajec-
tories of emotion regulation development, contributing to 
our understanding of why some youth flourish while others 
struggle (Crone & Dahl, 2012). These insights can guide de-
velopment of interventions that focus on the most important 
predictors, and direct the formation of overarching theory 
that adequately represents essential phenomena.
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Emotion dysregulation in adolescence

Emotion regulation, defined as the ability to manage emo-
tional experience and expression, is critical for mental health 
(Aldao et al.,  2010; Braet et al.,  2014; Schäfer et al.,  2017) 
and social competence (Zimmermann & Iwanski,  2014) 
throughout life. There is mounting evidence, however, that 
adolescents do not uniformly become better at regulating 
emotions: staggered development of emotional and regu-
latory brain circuits gives rise to a “maturity gap” in mid- 
adolescence (Crone & Dahl,  2012). The emotional salience 
of social stimuli is intensified, while the development of 
cognitive capacities lags behind (see Casey et al., 2011; Van 
Lissa et al., 2014). This imbalance might help motivate ado-
lescents to engage in adaptive exploration: Seeking out ex-
periences that challenge their socio- emotional competences 
and stimulate growth. At the same time, this imbalance may 
render some adolescents vulnerable to emotion dysregula-
tion if they are not yet able to regulate the pursuit of un-
healthy incentives, or persevere in pursuing adaptive goals 
when facing obstacles (Lee et al., 2014). Thus, some become 
trapped in a negative spiral characterized by more negative 
and volatile emotions (Cracco et al., 2017), which has been 
linked to the emergence of several mental disorders (Schäfer 
et al., 2017).

Longitudinal studies of emotion regulation development 
in adolescence provide preliminary empirical support for 
this notion of diverging trajectories: Such studies consis-
tently reveal large between- individual heterogeneity (see 
Cracco et al., 2017; Reindl et al., 2016; Van Lissa et al., 2019; 
Zimmermann & Iwanski, 2014). An important target of re-
search is thus to identify which risk factors render some ad-
olescents susceptible to emotion dysregulation.

Potential predictors of emotion regulation 
development

Substantial prior research has examined potential risk fac-
tors. However, a recent review of 6305 relevant publications 
noted that this literature is somewhat fragmented, with most 
studies considering only a handful of variables within the 
scope of a particular sub- discipline (Van Lissa, 2021). If each 
study examines only a piece of the puzzle, it is hard to see 
the big picture. This fragmentation may be due, in part, to 
the fact that few theories are tailored to emotion regula-
tion in adolescence, and none consistently guide research 
in the field (Buss et al., 2019). Commonly cited theories in 
this field vary in scope and specificity (see Van Lissa, 2021): 
Some are broad in scope, considering many potential risk 
factors, but are somewhat nonspecific. This limits their use-
fulness in generating testable hypotheses, and renders them 
impervious to falsification or improvement. Other theo-
ries are narrower in scope, and are sufficiently specific to 
derive testable predictions, but lack broader context. Two 
of the most influential broad theories are the bioecologi-
cal model (Bronfenbrenner & Morris, 2007; e.g., see August 

et al.,  2017) and the transactional model (Sameroff,  2010). 
The bioecological model describes how individual develop-
ment is shaped by factors at different levels of analysis: The 
individual level, which includes biological make- up and 
individual differences; the microsystem, composed of pri-
mary caregivers and close relationships; the mesosystem, 
including school and neighborhood factors; the exosystem, 
including media, political and economic influences; and the 
macrosystem, consisting of cultural norms and values. Note 
that a recent perspective on the bioecological model empha-
sizes that cultural practices are enacted by individuals at dif-
ferent levels of the model, including parents (Vélez- Agosto 
et al., 2017). This perspective is consistent with the transac-
tional model, which describes development as an interplay 
between the individual child and the environment. It dis-
tinguishes proximal environmental influences, roughly cor-
responding to the microsystem, from more distal influences. 
With increasing age, distal influences are thought to become 
more influential.

More specific theories tend to focus on cognitive mat-
uration and the role of primary caregivers. Examples in-
clude the theory of normative emotional development 
(Sroufe,  1996) and the tripartite model of emotion reg-
ulation socialization in families (Morris et al.,  2007), 
which has also been applied to the peer context (Reindl 
et al., 2016). The tripartite model is one of the few theo-
ries that explicitly addresses the life phase of adolescence. 
It posits that children's emotion regulation is shaped by 
modeling, specific parenting practices, and the emotional 
family climate (including the interparental relationship). 
This model is relatively narrow, focusing on parents' 
role— but also sufficiently specific to derive testable hy-
potheses. Note that few theories are both comprehensive 

Research Highlights

• Individual differences (e.g., in personality, mo-
tivation, and empathy) are among the most 
important predictors of emotion regulation 
development.

• Specific parenting practices may be less relevant 
than previously thought, and negative parenting 
practices may be more impactful than positive 
ones.

• Important predictors most suitable for early risk 
assessment include regularly administered per-
sonality inventories, and readily observable in-
dicators like externalizing problems and conflict 
behavior.

• Future theory should emphasize proximal over 
distal processes, focus on good enough parenting, 
and reassess common perceptions about “risky 
behaviors” like delinquency, substance use, and 
bullying.

 15327795, 2023, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jora.12845 by U

trecht U
niversity L

ibrary, W
iley O

nline L
ibrary on [23/11/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



872 |   VAN LISSA et al.

and specific. An important challenge for the field is thus to 
work toward an integrating theory of emotion regulation 
development in adolescence.

The first step toward theory formation is identifying 
relevant phenomena (Borsboom et al., 2020). Phenomena 
considered relevant in a field of research are often sum-
marized using literature reviews. A recent review of 6305 
publications on adolescents' emotion regulation used text 
mining to identify relevant phenomena, including poten-
tial risk factors (Van Lissa,  2021). Narrative reviews are 
often limited to a small number of papers and structured 
around well- established ideas (Littell, 2008). Text mining 
systematic reviews are more comprehensive and derive in-
sights from the literature through a transparent and some-
what objective— albeit less interpretative— procedure (Van 
Lissa, 2021). The present study used this prior text mining 
review by Van Lissa as a starting point for an empirical 
investigation of the relative importance and direction of 
effect of these predictors. It provides a relatively compre-
hensive overview of potential predictors of emotion regu-
lation development.

According to this prior review, the phenomena that have 
received most research attention are internalizing and exter-
nalizing problems, and mental health. Although reciprocal 
effects cannot be excluded, these phenomena are typically 
conceptualized as outcomes of emotion dysregulation. Note, 
however, that this does not diminish their usefulness as 
predictors. Other important phenomena reflected what has 
been discussed in prior narrative reviews, including cog-
nitive development, parenting, and external stressors (cf. 
Coe- Odess et al., 2019). Finally, the method identified some 
phenomena that have received less attention in prior theory 
and reviews, such as substance use, structural disadvantage, 
identity, morality, sex, and sexual development. Prior the-
ory and empirical research thus suggests many phenomena 
potentially related to heterogeneity in adolescents' emotion 
regulation development.

The aforementioned potential risk factors have largely 
been studied in isolation. What is still missing is an under-
standing of the relative utility of different early indicators 
in predicting adolescents' developmental outcomes. This 
knowledge gap cannot be addressed by comparing the rel-
ative importance of different predictors across studies, as 
different studies tend to sample from different populations, 
use different research designs, different control variables, 
and statistical models. In part, this knowledge gap is a con-
sequence of the limitations of conventional methods: linear 
models limit the total number of predictors that can be in-
cluded due to power concerns, risk of overfitting, and multi-
collinearity (Hastie et al., 2009). By contrast, some machine 
learning methods offer a more holistic approach, as they can 
incorporate many candidate predictors and perform variable 
selection, while incorporating checks and balances to ensure 
generalizable results (Hastie et al., 2009). The present study 
used a specific machine learning algorithm uniquely suited 
for theory- guided exploration: SEM- forests (Brandmaier 
et al., 2016).

Introduction to SEM- forests

The SEM- forests algorithm is based on the random for-
ests algorithm, which in turn is based on regression trees 
(for an accessible introduction, see Strobl et al., 2009). A 
single regression tree splits the sample repeatedly in two 
by whichever predictor makes both postsplit groups maxi-
mally internally homogenous, and maximally different 
from one another. A random forest consists of many re-
gression trees grown on bootstrapped samples from the 
original dataset. To ensure that each tree learns something 
different from the data, it may only consider a random 
subsample of m candidates out of all p predictors at each 
split. With this in mind, the SEM- forest algorithm oper-
ates as follows:

1. Bootstrap the data with replacement; we used 1000 
bootstrap replications

2. For each bootstrap sample, construct a SEM tree:
 (i) Estimate the latent growth model on the bootstrap 

sample
 (ii) Consider a random selection of m candidates out of all 

p predictors; commonly m =

�√

p
�

 (iii) Identify the predictor pk and value of that predictor x 
that, when using individual values on that predictor 
pki to split the sample in two by the rule pki ≤ x, maxi-
mizes the difference in model parameters between the 
two postsplit groups (as determined by a likelihood 
ratio test).

 (iv) Build a SEM- tree by repeating steps 3 and 4 until all 
postsplit groups reach a minimum size that is too 
small for further splitting. The tree is then considered 
fully grown.

3. Given an individual's scores on all predictor variables 
pi, we can now traverse each tree in the forest to obtain 
a predicted value of the model parameters (in this case, 
the latent growth parameters). Aggregating the predicted 
parameters across all SEM- trees in the forest averages out 
prediction error.

Each tree thus maps relationships between the predictors 
and outcome as a series of recursive splits of the data. This 
approach intrinsically accommodates nonlinear effects and 
(complex) interactions, which is an advantage over paramet-
ric models that assume linearity. As a simple example, imag-
ine that only very low levels of autonomy support would be 
associated with elevated levels of emotion regulation (i.e., a 
higher intercept). In regression analysis, this could be rep-
resented with a linear and quadratic term, and a plot might 
show that the effect of autonomy support on the intercept 
increases to a value xknee, and then tapers off. A tree- based 
model would represent the same effect by splitting the 
sample on autonomy support at the value xknee. Note that 
SEM- forests intrinsically perform variable selection: un-
important variables are not selected in step 2.iii. Thus, the 
number of predictors can be large without risking model 
nonidentification.
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The present study

The present study set out to obtain a comprehensive un-
derstanding of the relative utility of predictors of emotion 
regulation development across adolescence. The primary 
aim was to identify the most important predictors of ado-
lescents' developmental trajectories of emotion regulation 
development. The secondary aim was to probe the nature 
of the relationship of each predictor with these trajectories. 
An important challenge of these research aims is that the 
number of potentially relevant risk factors is too large for 
conventional methods. At the same time, there is a paucity 
of relevant theory to narrow down the candidate predictors a 
priori. We sought to overcome this challenge by using SEM- 
forests, a machine learning algorithm methods that per-
forms variable selection, to identify the most important early 
predictors of trajectories of emotion regulation development 
throughout adolescence.

M ETHOD

The Workflow for Open Reproducible Code in Science 
(WORCS) was used to create a reproducible research archive 
(Van Lissa et al., 2021). All analysis code, supplemental ma-
terials and synthetic data are available at https://github.com/
cjvan lissa/ veni_forest. The original data and all study docu-
mentation are available under controlled access via 10.17026/
DANS- ZRB- V5WP.

Participants and procedure

Participants were 497 Dutch adolescents and their parents 
enrolled in the ongoing longitudinal study RADAR (Branje 
& Meeus,  2018), which received ethical approval from the 
ethical committee of the University Medical Centre Utrecht. 
The RADAR sample was recruited from over 200 randomly 
selected elementary schools in the province of Utrecht, and 
four main cities in the Netherlands. Of 1544 eligible fami-
lies, 497 produced informed consent and were included in 
the study. From 2006 to 2011, trained interviewers completed 
six annual measurement waves by collecting questionnaire 
data during home visits. All independent variables were as-
sessed in the first measurement wave. Sample demographic 
characteristics are reported in Tables 1 and 2. The dependent 
variable was measured from the second to the sixth wave. 
Families received €100 financial compensation for their par-
ticipation in annual measurements.

Measures

Dependent variable

From wave 2 to 6, adolescents completed the Difficulties 
in Emotion Regulation Scale, which was reverse coded to 

represent emotion regulation (DERS, Gratz & Roemer, 2004). 
Based on prior psychometric analyses (see Van Lissa 
et al.,  2019), we used 24 items of this 32- item scale (e.g., 
“When I'm upset, I have difficulty thinking about anything 
else”). Responses ranged from 1 (Almost never) to 5 (Almost 
always). Score reliability was excellent in all waves, α ∈ [0.95, 
0.96]. We used latent variable scores (instead of mean scores) 
for further analyses. To this end, we estimated a CFA with all 
DERS items loading on one latent variable per measurement 
wave. Latent means were restricted to zero, such that result-
ing scores reflect the deviation of individual adolescents' 
trajectories from the sample average trajectory. As measure-
ment invariance must be imposed in order to compare latent 
scores across waves, we compared a model with configural 
invariance (BIC = 141,247.46) to a model that imposed met-
ric invariance (BIC = 140,913.27). The lower BIC indicates 
support for metric invariance. The RMSEA and SRMR 
of the metric invariance model indicated acceptable fit 
(RMSEA = 0.05, SRMR = 0.05), but the CFI indicated poor 
fit (CFI = 0.80). Note that the RMSEA has been found to be 
more appropriate for longitudinal data, possibly because 
the null- model on which the CFI is based is less appropri-
ate for repeated measures (Leite & Stapleton, 2011). As score 

T A B L E  1  Sample descriptive statistics for categorical predictors, 
ranked by variable importance.

Variable n % Category

31. Sex 495 0.57 Boy

31. Sex 495 0.43 Girl

37. Drug use 492 0.97 No

37. Drug use 492 0.03 Yes

61. Cigarettes 492 0.74 No

61. Cigarettes 492 0.26 Yes

78. Alcohol 493 0.38 No

78. Alcohol 493 0.62 Yes

80. SES family 487 0.89 Medium/high

80. SES family 487 0.11 Low SES

81. Which religion 491 0.13 Catholic

81. Which religion 491 0.10 Dutch reformed

81. Which religion 491 0.11 Reformed

81. Which religion 491 0.01 Islam

81. Which religion 491 0.00 Hindu

81. Which religion 491 0.07 Other

81. Which religion 491 0.57 Atheist

82. Religious 491 0.57 No

82. Religious 491 0.43 Yes

86. SES (m) 483 0.28 Low

86. SES (m) 483 0.36 Medium

86. SES (m) 483 0.36 High

87. SES (f) 464 0.15 Low

87. SES (f) 464 0.32 Medium

87. SES (f) 464 0.53 High
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T A B L E  2  Sample descriptive statistics for continuous variables and scales, ranked by variable importance.

Variable n i M SD Min Max α PC1

1. Neuroticism (big 5) 493 6 4.40 1.10 1.00 7.00 0.82 0.54

2. BIS 488 7 2.47 0.48 1.14 3.86 0.64 0.34

3. Balanced relatedness 495 14 3.25 0.37 1.75 4.00 0.88 0.39

4. Extraversion (big 5) 493 6 5.08 1.04 1.50 7.00 0.78 0.49

5. Externalizing_CBCL 495 66 0.29 0.21 0.00 1.15 0.93 0.26

6. Agreeableness (big 5) 493 6 5.46 0.76 2.50 7.00 0.79 0.50

7. Age (m) 495 44.42 4.45 30.83 64.16

8. Conflict interparental 469 5 1.75 0.63 1.00 4.60 0.81 0.57

9. Personal distress (IRI) 269 7 2.00 0.61 0.00 4.00 0.73 0.36

10. Conflict engagement (b) 464 5 1.42 0.55 1.00 4.40 0.82 0.58

11. Self- concept clarity 485 12 3.13 0.70 1.09 5.17 0.86 0.42

12. Conflict resolution (f) 464 5 2.97 0.86 1.00 5.00 0.81 0.58

13. Conflict engagement (m) 493 5 1.61 0.65 1.00 4.25 0.80 0.58

14. Conflict frequency (mf) 495 20 2.23 0.65 1.00 4.15 0.90 0.37

15. Anxiety 491 38 1.37 0.29 1.00 2.72 0.91 0.26

16. Control friendships (mf) 271 12 1.83 0.58 1.00 3.42 0.92 0.49

17. Depression 491 30 2.66 0.40 1.90 4.40 0.90 0.31

18. Conflict withdrawal (b) 464 5 1.68 0.65 1.00 4.00 0.77 0.52

19. Conflict withdrawal (m) 493 5 2.17 0.76 1.00 4.67 0.80 0.53

20. Conflict engagement (f) 464 5 1.69 0.66 1.00 5.00 0.79 0.59

21. Parenting stress 495 48 0.57 0.32 0.00 2.08 0.89 0.18

22. Age (f) 454 46.76 5.09 33.33 68.08

23. Conflict resolution (m) 493 5 3.08 0.83 1.00 5.00 0.85 0.62

24. Fantasy (IRI) 269 7 2.19 0.72 0.00 4.00 0.75 0.33

25. Parenting intrusive 475 7 3.96 0.47 2.43 5.14 0.64 0.36

26. Age 495 13.03 0.47 11.01 15.56

27. Psychological control 495 16 1.83 0.59 1.00 4.31 0.86 0.33

28. Conflict emotions (mf) 494 6 2.74 0.72 1.00 5.00 0.77 0.48

29. Daily guilt 486 2 1.72 1.36 1.00 9.00 0.79(sb) 0.84

30. Externalizing_YSR 492 30 0.35 0.24 0.00 1.17 0.88 0.26

32. Tolerance (mf) 475 19 3.39 0.39 1.68 4.00 0.84 0.27

33. Supportive criticism (mf) 475 8 1.78 0.51 1.00 4.00 0.81 0.44

34. Conflict frequency (f) 465 6 1.51 0.56 1.00 5.00 0.89 0.64

35. Openness (big 5) 493 6 4.89 0.96 1.50 7.00 0.72 0.43

36. Perspective taking (IRI) 493 7 3.30 0.54 1.29 4.86 0.60 0.34

38. Daily tiredness 486 2 3.43 2.32 1.00 10.00 0.75(sb) 0.81

39. Power (f) 465 6 2.94 0.69 1.00 4.83 0.82 0.53

40. Daily anger 486 3 1.95 1.47 1.00 10.00 0.92 0.86

41. Conflict compliance (f) 464 5 1.97 0.66 1.00 4.00 0.63 0.38

42. Pubertal development 493 5 2.19 0.83 1.00 4.40 0.84 0.68

43. Emotion regulation (mf) 475 7 2.86 0.64 1.00 4.00 0.77 0.55

44. Empathic concern (IRI) 493 7 2.46 0.55 0.14 4.00 0.62 0.31

45. Conscientiousness (big 5) 493 6 3.98 1.11 1.17 7.00 0.82 0.54

46. Conflict withdrawal (f) 463 5 2.26 0.72 1.00 4.40 0.69 0.44

47. Conflict frequency (b) 466 6 1.33 0.45 1.00 4.67 0.87 0.61

48. Conflict frequency (m) 494 6 1.66 0.59 1.00 4.50 0.90 0.66
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reliability and standardized factor loadings were high across 
all waves (λ ∈ [0.44, 0.84]), we proceeded with individual fac-
tor scores for further analysis.

Candidate predictors

We set out to identify operationalizations of all relevant 
phenomena identified in Van Lissa (2021) that were avail-
able in the RADAR data. This yielded 87 candidate predic-
tors, including 25 categorical (see Table 1), six numerical, 
and 72 multi- item scales, see Table  2. We used principal 
component analysis to obtain a single score for multi- 
item scales without making additional assumptions about 
the underlying measurement model. For each scale, we 
retained the first component for further analysis, which 

represents the largest amount of shared variance among 
the scale items. For example, consider the construct neu-
roticism, which was measured on a seven point Likert 
scale. Participants were asked to indicate “Please indicate 
to what extent you possess these traits” for six adjectives 
associated with neuroticism. Principal component analy-
sis indicated that the first component was the only com-
ponent with an Eigenvalue greater than one (3.22, other 
Eigenvalues [0.99– 0.33]). This component explained the 
majority of variance in all six adjectives, R2 = .54, or 3.24 
times as much variance as could be expected if each di-
mension of the scale explained equal variance. Other com-
ponents' R2 ∈ [.16– .05]. All adjectives loaded highly on this 
first component, L =  [0.54– 0.83]. We thus used this first 
component as operationalization of the construct neu-
roticism. Across all other scales, explained variance of the 

Variable n i M SD Min Max α PC1

49. Parent annoyed 475 5 3.35 0.50 1.00 4.00 0.73 0.53

50. Daily tenseness 486 2 2.60 2.01 1.00 10.00 0.75(sb) 0.80

51. Victim relational 490 4 2.20 1.14 1.00 7.00 0.78 0.60

52. Conflict compliance (m) 493 5 1.91 0.63 1.00 3.80 0.67 0.41

53. Parental knowledge 495 18 4.03 0.62 1.65 5.00 0.90 0.40

54. Support (m) 494 12 3.81 0.55 1.00 5.00 0.85 0.38

55. Support (f) 465 12 3.55 0.57 1.50 4.83 0.85 0.38

56. Daily anxiety 486 3 1.84 1.41 1.00 9.33 0.90 0.84

57. Age dif. (mf) 454 2.26 3.63 −9.42 21.17

58. Conflict resolution (b) 464 5 3.15 0.94 1.00 5.00 0.84 0.56

59. Delinquency 491 30 0.55 0.23 0.00 2.47 0.87 0.34

60. Bully relational 490 10 1.90 0.83 1.00 4.80 0.84 0.45

62. Victim delinquency 493 5 0.11 0.16 0.00 0.80 0.40 0.45

63. Consistency (m) 495 8 3.83 0.60 1.38 5.00 0.69 0.37

64. Power (b) 465 6 2.04 0.51 1.00 4.00 0.80 0.50

65. Daily sadness 486 3 1.72 1.45 1.00 9.00 0.94 0.90

66. School performance 492 10 6.42 0.94 2.90 9.50 0.74 0.41

67. Daily happiness 486 3 7.75 1.72 1.00 10.00 0.85 0.77

68. Support (b) 466 12 3.43 0.68 1.00 5.00 0.90 0.47

69. Power (m) 493 6 2.99 0.67 1.00 5.00 0.86 0.58

70. Control (mf) 271 12 3.39 0.91 1.00 5.00 0.89 0.38

71. Solicitation (mf) 495 12 2.98 0.66 1.25 5.00 0.83 0.36

72. Disclosure (mf) 495 12 3.82 0.65 1.67 5.00 0.84 0.38

73. BAS 488 13 3.07 0.39 1.69 4.00 0.78 0.29

74. Age (s) 434 14.75 3.12 7.16 23.41

75. Age dif. (s) 434 −1.73 3.10 −10.11 6.14

76. Prosociality 485 11 5.53 0.93 1.18 7.00 0.90 0.50

77. Conflict compliance (b) 464 5 1.74 0.62 1.00 4.33 0.64 0.39

79. Peer contact freq. 492 5 2.01 0.42 1.00 3.20 0.68 0.45

83. Victim physical 490 3 1.64 0.94 1.00 7.00 0.77 0.71

84. Bully physical 490 6 1.53 0.81 1.00 5.33 0.85 0.65

85. Delinquent peers 492 6 1.15 0.22 1.00 2.33 0.66 0.53

Abbreviations: α, Cronbach's alpha; i, number of items; M, mean; n, valid sample size; PC1, variance explained by first principal component; SD, standard deviation.

T A B L E  2  (Continued)
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first component ranged from R2 ∈ [.18, .90], which cor-
responded to 1.60– 17.46 times as much variance as could 
be expected if scale dimension explained equal variance. 
We thus considered these principal components to be ad-
equate operationalizations of the scales. Table S1 addition-
ally reports skew and kurtosis, minimum and maximum 
factor loadings, sample items, and references to the valida-
tion paper for each scale.

Missing data

The SEM- forests algorithm requires complete data and can-
not accommodate multiple imputed data. Consequently, we 
used single imputation using the missForest algorithm, a ran-
dom forests based approach with comparable performance 
to multiple imputation and FIML estimation (Stekhoven & 
Bühlmann, 2012). This method is valid, regardless of whether 
missingness is random or contingent on observed data (MCAR 
or MAR). It does not make any distributional assumptions and 
does not extrapolate, meaning it returns realistic values within 
the range of the observed data. The proportion of missingness 
ranged from 0 to 0.06 for categorical data (see Table 1), and 
from 0 to 0.06 for continuous data (see Table 2). We compared 
participants with missing versus complete data on demo-
graphic characteristics (sex, age, socio- economic status, reli-
gion, and religiosity) and scores of emotion regulation in all 
waves, and found no significant differences, p = [.06, .48].

Strategy of analyses

All analyses were conducted in R (R Core Team,  2021). 
Preliminary analyses were used to establish the appropri-
ateness of growth curve modeling, and determine the pres-
ence of heterogeneity in developmental trajectories. First, 

trajectories of emotion regulation development were mod-
eled using a curvilinear latent growth curve model with an 
intercept (I), linear slope (S), and quadratic slope (Q). The full 
sample model fit was excellent, RMSEA = 0.047, SRMR = 0.02 
and CFI = 1.00. Second, latent class growth analyses were con-
ducted to determine the presence of youth with trajectories 
that indicated difficulties in emotion regulation (e.g., lower 
levels or a temporary dip). We used the R- package tidySEM 
(Van Lissa,  2022a, 2022b) to estimate and compare one to 
six class solutions of the aforementioned curvilinear growth 
curve model; analysis results are displayed in Table S2. To en-
sure model convergence in small classes, the latent variable 
covariance matrix was restricted to zero, reflecting the as-
sumption of homogeneity of trajectories, with remaining het-
erogeneity attributed to error variance. The LMR likelihood 
ratio test indicated that two classes significantly improved fit 
(p < .001); more classes did not (p = .26). Furthermore, results 
indicated that solutions with more than two classes had low 
class separability (entropy < 0.9), which means that these so-
lutions are less interpretable (Jung & Wickrama,  2008). As 
displayed in Figure 1, about 25% of youth were at- risk for emo-
tion dysregulation, a similar proportion to what was found in 
previous studies (cf. Lee et al., 2014).

As our research question was to identifying important 
predictors of emotion regulation development, this latent 
class analysis does not yet provide an adequate answer. 
Latent class analysis clusters individuals only with respect 
to the outcome (growth trajectories), and ensures maxi-
mum homogeneity of growth trajectories in each class. It 
thus answers the question: “Which adolescents have sim-
ilar growth trajectories”? A SEM- forest similarly aims 
for maximum homogeneity of growth trajectories within 
clusters, but unlike latent class analysis, clusters individ-
uals by reference to a set of predictors. It thus answers the 
question: “Why do some adolescents have similar growth 
trajectories”? This matches the present study goals.

F I G U R E  1  Latent class analysis of risk profiles (emotion regulation is based on DERS reverse scored).
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   | 877EMOTION REGULATION AND MACHINE LEARNING

The main analysis consisted of a SEM- forest with 1000 
trees grown on bootstrapped samples of the original data, es-
timated using the semtree package (Brandmaier et al., 2022). 
At each split, the model could examine a random selection 
of nine predictors, based on the standard practice to use 
m =

�√

p
�

. As described above, the outcome of the SEM- tree 
was a quadratic latent growth curve model. We additionally 
assumed homoscedastic residuals over time by imposing 
an equality restriction on the diagonal of the residual co-
variance matrix. Thus, instead of four residual variances, a 
single residual variance parameter is estimated. We deemed 
this assumption to be necessary because the dataset was rel-
atively small, and we wanted the model to be as simple as 
possible. The resulting model had four parameters in total.

Our primary outcome of interest, variable importance, 
is defined as the average absolute increase in model misfit 
resulting from randomization of a particular variable. For 
each tree, the log- likelihood of cases not in that tree's boot-
strap sample is computed twice: Once using the true data 
for these cases, and once after randomizing one predictor. 
The variable importance is given by averaging the ratio of 
these two log- likelihoods across all trees. Note that vari-
able importance has no meaningful scale and can only be 
interpreted in relative terms (i.e., one variable is more im-
portant than another). Our secondary outcome of interest 
was marginal association plots, which visualize the partial 
dependence of each predictor with trajectories of emotion 
regulation development. New functions for computing par-
tial dependence for growth curve SEM- forests were devel-
oped for this paper, which are now available in the semtree 
R- package (Brandmaier et al., 2022). Partial dependence for 
a predictor p is defined as following: let ĝs be a vector repre-
senting the expected growth trajectory for value s on predic-
tor p, let f̂  be the function implied by a SEM- forest trained 
on predictor matrix X with n rows, and X

−p be the predictor 
matrix excluding p. Partial dependence is then computed 
using Monte Carlo integration as follows:

For continuous predictors, three values of s were used, 
namely the 50th, 16th and 84th percentiles of the observed 
data. These percentiles were chosen because they correspond 
to the mean and ±1 SD of a standard normal distribution. 
For ease of interpretation, in Figures 4– 7, these percentiles 
are therefore labeled as mean and ±1 SD. For categorical pre-
dictors, all unique values were used.

R E SU LTS

Variable importance

Candidate predictors were rank- ordered by their relative 
variable importance, as illustrated in Figure 2. Table S1 pro-
vides a full legend of all variables. Examining the variable 

importance rankings, several themes emerged (see Figure 3 
panel a). Specifically, results indicated that several of the 
highest- ranking predictors were individual differences in 
personality and related constructs. Three of the big five per-
sonality dimensions ranked among the top six predictors: 
Neuroticism (1), extraversion (4), and agreeableness (6). The 
Behavioral Inhibition Scale (BIS, 2), which reflects motiva-
tion to avoid aversive outcomes, ranked highly— although 
the BAS (73), its counterpart which measures motivation 
to approach goal- oriented outcomes, ranked very low. One 
dimension of empathy— personal distress (9), the tendency 
to experience aversive emotions in response to the misfor-
tunes of others, also ranked highly, and substantially higher 
than other dimensions of empathy. Finally, self- concept clar-
ity (11) also ranked highly; this construct represents the in-
ternal consistency of self- referential thought, and has close 
theoretical ties to identity (Schwartz et al., 2011).

A second emerging theme was that internalizing and ex-
ternalizing symptoms often associated with emotion regu-
lation ranked relatively highly. Of these, parent- reported 
externalizing behavior (5) ranked highest, followed by 
adolescent- reported anxiety (15) and depression (17). 
Adolescent- reported externalizing behavior also ranked 
somewhat highly (30), but much lower than parent reports.

A third emerging theme was that constructs related to 
conflict frequency and behavior ranked relatively highly. 
For instance, adolescent- perceived interparental conflict 
(8), adolescents' conflict engagement (escalation) with best 
friends (10), mothers (13) and fathers (20), frequency (14) and 
negative emotionality (28) of adolescents' conflict with both 
parents, and withdrawal from conflicts with best friends (18) 
and mothers (19).

A fourth emerging theme was that specific parenting 
practices were relatively underrepresented among the most 
important predictors. Parenting practices are defined as spe-
cific parental actions related to child- rearing, for example, 
support and dimensions of (behavioral and psychological) 
control (Peterson & Leigh,  1990). Negative and intrusive 
parenting practices were more predictive than positive ones: 
Of these, prohibition and control of friendship choice (16) 
ranked highest, followed by intrusiveness and meddling 
(25), psychological control (27), and supportive criticism 
(33). Positive parenting practices, like maternal (54) and pa-
ternal (55) support, ranked low, and neutrally valenced as-
pects like parental monitoring ranked very low (solicitation 
71, adolescent disclosure 72). This is interesting, given the 
extensive research attention into the effect of these specific 
parenting practices— but also consistent with other recent 
critical accounts (Keijsers, 2016; Van Lissa et al., 2019).

Several parent- related constructs scored higher than 
the aforementioned child rearing behaviors; the highest of 
these was balanced relatedness (3), which represents par-
ents' tolerance for adolescents' differing opinions and is re-
lated to parent– child intimacy and autonomy (Shuhnan & 
Kahnan, 1997). Other parent- related constructs that scored 
relatively highly were interparental conflict, which had a 
negative effect on emotion regulation (8); like balanced 

ĝs =
1

n

n
∑

i=1

f̂
(

s,X
−p

)
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relatedness, conflict likely contributes to the emotional 
family climate (Morris et al., 2007). Finally, maternal age 
(7) had a protective effect, which is well- supported by prior 
literature (Zondervan- Zwijnenburg et al., 2020).

Finally, it is noteworthy that some themes that are con-
sidered to be theoretically relevant ranked low. This was the 
case, for example, for substance use; the most commonly 
used substances of alcohol (78) and cigarettes (61) were 
ranked very low; drug use, which has a lower incidence, 
ranked a bit higher than this (37)— but did not appear to 
have a marginal negative effect (Figure  5). Similarly, as-
pects of adolescents' peer networks also ranked unexpect-
edly low, such as bullying (60, 84), victimization (51, 62, 83), 

and contact with delinquent peers (85). The same applied to 
demographic variables like maternal (86) and paternal (87) 
socio- economic status and family religion (81, 82).

Direction of association

Figures 4– 7 depict marginal association plots of all predic-
tors in order of importance. Each plot shows the expected 
trajectory of emotion regulation development at different 
values of each predictor. For continuous variables, quantiles 
corresponding to ±1 SD and the mean of a standard nor-
mal distribution were used. This provides an indication of 

F I G U R E  2  Predictors ranked in order of relative importance, and categorized by level of the bioecological model. b, best friend; f, father; m, mother; 
s, sibling.
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F I G U R E  3  Variable importances clustered by theme (a) and level of the bioecological model (b).
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   | 879EMOTION REGULATION AND MACHINE LEARNING

whether the effect is generally positive, negative, or other. For 
categorical variables, all values are plotted. All directions of 
association were consistent with prior literature. Several po-
tential protective factors were associated with better emotion 

regulation, including individual differences in big five extra-
version and agreeableness and self- concept clarity, aspects of 
the emotional family climate like balanced relatedness and 
interparental conflict, and problem solving in conflict with 

F I G U R E  4  Predicted trajectory of emotion regulation development (based on DERS reverse scored) for predictors 1– 20.
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880 |   VAN LISSA et al.

both parents, parents' own emotion regulation ability, and 
maternal age (older mothers had better adjusted children).

Other factors were associated with poorer emotion regu-
lation (i.e., potential risk factors or diagnostic aids), including 

big five neuroticism, behavioral inhibition system, external-
izing and internalizing (depression and anxiety) problem 
behavior, frequency and intensity of conflict with both par-
ents, and use of the conflict resolutions styles engagement 

F I G U R E  5  Predicted trajectory of emotion regulation development (based on DERS reverse scored) for predictors 21– 40.

 15327795, 2023, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jora.12845 by U

trecht U
niversity L

ibrary, W
iley O

nline L
ibrary on [23/11/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



   | 881EMOTION REGULATION AND MACHINE LEARNING

and withdrawal. Intrusive parenting practices were also neg-
ative predictors, including psychological control, control of 
friendships, paternal power, and constructive criticism. All 
empathy dimensions except perspective taking predicted 

greater emotion dysregulation, as did different daily nega-
tive emotions, parental stress and interparental conflict, age 
and pubertal development, and sex (boys reported better 
emotion regulation).

F I G U R E  6  Predicted trajectory of emotion regulation development (based on DERS reverse scored) for predictors 41– 60.
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Post- hoc frequentist analyses

A reviewer suggested following up the planned machine 
learning analysis with post- hoc analyses that might be 
more familiar to a developmental readership: Regressing 

the parameters (intercept, slope, and quadratic slope) of a 
latent growth model on each predictor in turn. Such analy-
ses might help formulate hypotheses and perform power 
analyses for future research within the SEM framework. 
However, we strongly caution against over- interpretation 

F I G U R E  7  Predicted trajectory of emotion regulation development (based on DERS reverse scored) for predictors 61– 87.
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   | 883EMOTION REGULATION AND MACHINE LEARNING

of these post- hoc analyses. Unlike the primary analysis, 
they do not accommodate nonlinear effects or interac-
tions, nor are effects controlled for other predictors. The 
results are descriptive and should not be used for inference. 
Table  S3 reports standardized regression coefficients with 
significance asterisks for all continuous and binary predic-
tors, and significance asterisks of likelihood ratio tests for 
multi- group categorical predictors. All models had good fit 
(RMSEAs < 0.07, CFIs > 0.99, SRMRs < 0.04). Out of all pre-
dictors, 79% had a significant effect on the intercept, 24% on 
the slope, and 18% on the quadratic slope. This indicates that 
our machine learning analyses indeed recovered relevant 
patterns in the data.

DISCUSSION

This study used the machine learning algorithm SEM- 
forests to identify the most important early indicators of 
emotion regulation development across adolescence, and to 
explore the nature of the association of those predictors with 
development. The results identified several potential pro-
tective and risk factors. Although all predictors attained a 
positive variable importance value, there were differences in 
relative importance. Some of the most important predictors 
were individual differences in personality, the motivational 
system, self- concept clarity, and empathy. Although a few 
parent- related constructs also ranked highly, these were re-
lated to the emotional family climate (balanced relatedness 
and interparental conflict). Specific parenting practices, by 
contrast, ranked lower than might have been expected given 
prior literature (e.g., support, control, psychological control, 
Morris et al.,  2007). Of these specific child- rearing behav-
iors, negative and intrusive dimensions were more predictive 
(as risk factors) than positive or neutral parenting practices. 
Adolescents' conflict frequency and behavior also ranked 
highly, across relationships with parents and peers, which 
suggests that these variables capture general aspects of 
pugnaciousness and conflict resolution skills. Themes that 
ranked lower than might have been expected given prior 
research were family demographics (SES and religion) and 
bullying, victimization and delinquency, and substance use. 
One possible explanation for the relatively low importance 
of demographics might be restriction of range, as the sam-
ple was relatively homogenous. Still, other empirical studies 
have also found little evidence for a direct effect of, for exam-
ple, SES on adolescent emotion regulation (e.g., De France 
& Evans, 2021). It is thus also possible that the population 
effect is small. Finally, another explanation may be that the 
effect of demographics is fully mediated by more proximal 
process variables.

Implications for theory

Relating these results to prior theory, it is noteworthy that 
there appears to be some correspondence between the 

relative importance of different predictors and the levels of 
the bioecological model (Bronfenbrenner & Morris,  2007), 
see Figure 3 panel b. Although there was substantial over-
lap between predictors at different levels of the bioecologi-
cal model, several predictors at the individual level achieved 
the highest importance rankings, followed by predictors at 
the microsystem level, particularly those representing the 
emotional family climate, followed by mesosystem predic-
tors, including aspects of the peer network (e.g., bullying/
victimization and delinquency), school performance, and 
socio- economic status. The only macrosystem- level indica-
tor, religiosity, ranked among the least important predictors. 
Future theory might thus emphasize proximal factors over 
distal ones (see also Sameroff, 2010). Also note that a recent 
perspective on the bioecological theory emphasizes that 
distal factors like culture are enacted proximally in differ-
ent domains of the microsystem (Vélez- Agosto et al., 2017). 
Recognizing that culture is a product of human activity 
leaves more room for heterogeneity in cultural heritage and 
practices. This perspective might help explain why we found 
that distal factors were relatively less important predictors. 
If factors like religiosity and SES are (partly) enacted in re-
lationships with parents and peers, their distal effects might 
be causally screened off by conditioning on proximal effects 
(Pearl, 1995). This could explain their relatively lower vari-
able importance. A possible alternative explanation is that 
our sample was relatively homogenous in terms of religion 
and SES.

Several personality traits emerged as particularly import-
ant proximal predictors. According to a recent review on per-
sonality and emotion regulation (in adults), personality is a 
broad framework for describing psychological capacities, of 
which emotion regulation is one (Hughes et al., 2020). This 
view is certainly supported by our findings, and yet research 
on adolescents does not routinely assess the role of personal-
ity alongside factors of particular interest in our discipline, 
such as parenting practices, peer relationships, and problem 
behavior (Van Lissa, 2021). This is certainly a promising area 
for future research.

Another relevant insight for theory formation is that re-
sults were somewhat consistent with one of the few theories 
specific to (adolescent) emotion regulation development: 
the tripartite model, which focuses on the family context 
(Morris et al., 2007). In particular, child characteristics and 
aspects of the emotional family climate ranked highly (e.g., 
autonomy support and interparental conflict). Parent– child 
conflict resolution also ranked highly, but is not explicitly 
mentioned in the tripartite model. Perhaps the definition of 
the emotional family climate could be expanded to include 
it. Counter to this theory, however, parent characteristics 
(e.g., parental emotion regulation) ranked low in impor-
tance. Parenting practices also ranked relatively low, and 
negative practices ranked higher than positive ones. This 
finding is consistent with recent studies that, using innova-
tive methods to study processes within families, have found 
limited evidence for effects of specific parenting practices on 
emotional development in adolescence (Mastrotheodoros 
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et al., 2020; Van Lissa et al., 2019) and childhood (Van Lissa 
& Keizer, 2020). We must thus consider the possibility that 
specific child- rearing behaviors might be less influential 
than once was thought, at least in adolescence. To ensure 
adaptive emotion regulation development, it might be more 
important that parents avoid negative parenting practices 
and engage adolescents in constructive communication in 
conflict situations.

Given recent interest in fathers' role in child development 
(Van Lissa & Keizer, 2020), it is worth examining whether 
differences exist between the importance of predictors 
pertaining to mothers versus fathers. Some scholars have 
lamented the lack of research attention to fathers, and the 
equation of parenting with “mothering” (Pleck, 2004). Our 
results showed no systematic differences between mothers 
and fathers. Anecdotally, however, out of all constructs that 
were measured separately for mothers and fathers, con-
structive conflict resolution with fathers was the highest- 
ranking parent- related construct, and paternal power was 
the highest- ranking parenting practice. These observa-
tions validate the notion that fathers matter. Also note that 
two historically gendered constructs, support and socio- 
economic status, were both ranked approximately equally 
for mothers and fathers. Prior research has found support 
to be more important in mother– adolescent relationships 
(Van Lissa et al., 2019), and family socio- economic status is 
often defined by reference to the father (Pleck, 2004). Our 
results highlight the importance of considering both parents 
as equally relevant in future empirical research and theory 
development.

A finding that challenges contemporary discourse is that 
certain phenomena often conceptualized as “problem be-
haviors” had very low predictive importance— for example, 
substance use (cf. Wills et al., 2017), bullying, and time spent 
with delinquent peers. Even the highest ranked problem be-
havior, drug use, had no distinguishable marginal effect, see 
Figure 5. This suggests that drug use derives its high impor-
tance from interactions with other predictors. It might be 
the case, for example, that for some youth, drug use contrib-
utes to self- exploration and social relationships, whereas for 
others, it may be a form of escapism, self- medication, or even 
self- harm (see Nelemans et al., 2016). This is merely one po-
tential explanation; further research is required to identify 
what interactions are at play. These results imply that what 
are commonly thought of as risk factors might not be deci-
sive in adolescents' emotion regulation development. As we 
found little evidence of straightforward negative effects, fu-
ture theory should strive to provide a more nuanced account 
of their potential role in emotion regulation development.

A final consideration relevant for future theory develop-
ment is to what extent research interest corresponds to the 
empirical importance of phenomena relevant for adoles-
cents' emotion regulation. A prior text mining systematic 
review comprehensively mapped the phenomena studied in 
this field (Van Lissa, 2021). It showed that parenting prac-
tices, substance use, and bullying were among the phenom-
ena most studied in research on emotion regulation. These 

phenomena all ranked relatively low in empirical impor-
tance in the present study. Conversely, phenomena found to 
be important in the present study, such as personality and 
other individual differences, parental autonomy support, 
and conflict- related behavior, are less prevalent in existing 
literature. Of course, this study provides only a single esti-
mate of variable importance, and replications of the present 
findings are required. Nonetheless, this is an important re-
minder that the salience of a construct is not the same as its 
empirical importance. As many theorists base their work on 
literature reviews and expert opinion, focal topics in the lit-
erature are likely to garner undue theoretical weight. Taking 
the empirical importance of phenomena into account may 
help guide future theory development in this area.

Implications for practice

These findings have several implications for the early iden-
tification of youth at- risk for emotion regulation difficulties. 
The fact that individual- level predictors were most impor-
tant in predicting adolescents' diverging developmental tra-
jectories underscores the utility of adolescent self- reports 
for preliminary risk assessments. Although the focus in 
clinical practice is shifting toward holistic approaches that 
involve the family system, this may not always be feasible. 
For instance, a family member may refuse to cooperate, or 
holistic assessment may be too costly. In such cases, it is use-
ful to know that individual differences— which are already 
routinely assessed— carry substantial informational value. 
Moreover, some of the most important predictors are also 
among the most commonly administered scales (e.g., big five 
personality). Other important predictors were overt behav-
iors, which are easily observed by teachers and parents— for 
example, externalizing problem behavior and conflict fre-
quency and behavior. Future research might thus develop 
and validate risk assessment instruments focusing on these 
constructs.

The method used in the present study also has substantial 
potential for risk assessment instruments, because machine 
learning models maximize predictive performance, whereas 
traditional methods like linear regression maximize perfor-
mance within the study sample. In fact, the trained model 
from the present study can be used to make predictions for 
the emotion regulation development of new adolescents. To 
illustrate the potential for risk assessment, we developed 
ERRATA, an Emotion Regulation Risk Assessment Tool for 
Adolescents (see Figure 8). Users can select values of cate-
gorical predictors, and dial in low to high values on a 5- point 
scale for each continuous predictor, which are mapped to the 
percentiles of the observed data distribution corresponding 
to −2SD, −1SD, the median, +1SD, and +2SD of a standard 
normal distribution. By default, all inputs are set to the 
median and mode values. This means that users can use 
informative input for the most important predictors, while 
keeping other less important predictors constant at the most 
common value. The ERRATA application is open source, 
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and can thus be customized for clinical use. The source code 
is available at https://github.com/cjvan lissa/ shiny_errata; 
users can run the app from a local R instance, or view an on-
line demo using a link in the README file of this repository 
(as long hosting is available).

The present findings also have important implications for 
intervention. However, it is important to consider the cor-
relational nature of the study design. Our findings reveal the 
strength of the association of each predictor with emotion 
regulation development. Intervention can only be effective 
if this association can additionally be assumed to be causal, 
based on theory or experimental research. Based on the vari-
able importance rankings, and prior experimental research, 
two promising candidates for intervention are conflict reso-
lution behavior and (negative) parenting practices.

There is prior evidence for the efficacy of conflict resolu-
tion training in adolescents (Breunlin et al., 2002). The same 
evidence indicates that conflict resolution training caused a 
decrease in externalizing problems (another important pre-
dictor), suggesting potential compounding benefits. Parenting 
practices are another promising target for intervention, as 
indeed they have historically been. Importantly, our results 
suggest that such interventions should focus on promoting 
balanced relatedness and decreasing intrusive, negative, guilt- 
inducing and overbearing parenting practices. By contrast, 
promoting positive parenting practices may have limited po-
tential for impact. With this in mind, it is important to con-
sider that existing parenting training tends to focus primarily 
on positive parenting practices. Although one meta- analysis 
did report large effects of the Triple P- Positive Parenting 

Program on parental outcomes— including some negative par-
enting practices (Fletcher et al., 2011), another meta- analysis 
called these findings into question, citing mixed evidence, a 
lack of adequate blinding, and risk of bias (Wilson et al., 2012). 
Also note that the efficacy of parenting training has been eval-
uated primarily in terms of parents' self- reported outcomes; 
the ultimate benefit for children, in particular for adolescents' 
emotion regulation, is less studied. The relatively higher im-
portance rankings for negative versus positive parenting prac-
tices is in line with the well- established negativity bias, that 
negative stimuli are more psychologically impactful, which 
has also been found in children (Vaish et al., 2008). Future par-
enting interventions might take this into account by devoting 
sufficient attention to the elimination of negative parenting 
practices, and by considering children's outcomes, including 
emotion regulation. Simply put, the present results suggest that 
the best advice for parents might be to support their individ-
uating adolescents' autonomy, refrain from overly invasive or 
negative parenting practices, and model problem solving be-
havior when conflicts arise.

Methodological implications

Linear statistical models are the default in our field. With 
this in mind, it is noteworthy that most predictors had non-
linear effects: Out of the three values contrasted in the mar-
ginal dependence plots, only the one corresponding to the 
least desirable conditions diverged from the others. An im-
portant methodological implication is that the effects of many 

F I G U R E  8  Screen captures of the ERRATA app.
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developmental influences ought to be modeled nonlinearly. In 
particular, our findings suggest a notion of “good enough” pre-
conditions for the development of mature emotion regulation. 
Most adolescents seem to follow trajectories characterized by 
high emotion regulation— except those with the most disad-
vantage. Although prior research has considered this notion 
of a “good enough” environment (Poon et al., 2017; Van Lissa 
et al., 2017); the consistency of our findings suggests that it may 
be more ubiquitous than previously thought.

It is also noteworthy that some predictors had relatively 
high predictive importance, but almost no marginal effect 
(e.g., father's age, drug use, openness to experience). Such 
predictors likely derive their importance from interactions 
(Van Lissa, 2022a, 2022b). For instance, drug use might be a 
vehicle for social status or self- harm; older fathers might be 
an asset if they are involved in children's lives but a liability if 
they prioritize professional success; openness to experience 
may be an asset if it leads to self- discovery but a liability if it 
leads to risk behavior. The present method is not well- suited 
to identify what specific interactions drive a variable's im-
portance, but these results do suggest potentially fruitful 
areas of future research.

Strengths and limitations

The present study had some unique strengths. Most nota-
bly, it included a much larger number of independent vari-
ables than prior research, which has taken more piecewise 
approaches. The present study thus offers a more holistic 
understanding potential predictors of adolescent emotion 
regulation development. This allows us, for the first time, 
to assess the relative importance of different predictors. 
Another important contribution is that, in contrast to many 
other approaches, the method used in the present study ac-
commodates nonlinear associations and interactions. The 
value of this approach is supported by our results, which 
showed consistent evidence for nonlinear effects, and some 
indications for the existence of interactions. The present 
study answers recent calls for more person- centered research 
that explores heterogeneity in developmental processes. 
Crucially, whereas other approaches have merely explored 
heterogeneity in outcomes (e.g., using latent class analyses), 
the present study explained heterogeneity using a compre-
hensive battery of predictors. This answers the question why 
some adolescents experience more difficulties in emotion 
regulation than others. Note however that, as our dataset de-
scribes naturally occurring development, any causal inter-
pretation of the results must be substantiated by theory or 
corroborated with experimental research. Another contri-
bution is that the results have clear implications for theory, 
assessment, and intervention.

The study also has limitations, most notably that the 
sample was selective, which may limit the generalizability of 
the findings. Specifically, this was a nonrandom, ethnically, 
and socially homogeneous sample from the Netherlands. 
Cultural values, which differ across and within countries, 

have been found to influence people's motivation to regulate 
emotions, as well as the strategies they use and their adap-
tiveness (Ford & Mauss,  2015). In cross- cultural compari-
sons, cultural values in Dutch samples have been found to 
be similar on average to those in large Anglophonic coun-
tries (e.g., the United States, Canada, and Australia; Terlutter 
et al., 2006). Whether our findings also generalize to popu-
lations that emphasize different cultural values remains an 
open question. Relatedly, although the majority of references 
cited in the introduction were (systematic) reviews or theo-
retical articles, all primary sources relied on data from the 
Global North (see Table S4 for the countries of origin of all 
references cited). As geographic and cultural considerations 
were not selection criteria in our literature search, a possible 
explanation for this bias is that prior research in this area 
may have been conducted primarily in the Global North. It 
thus remains to be determined whether these findings gen-
eralize to populations from the Global South.

Another concern related to generalizability is that the 
relative homogeneity of our sample in terms of demo-
graphic factors, like SES and religion, might have contrib-
uted to their lower variable importance. The sample might 
also be somewhat dated— especially considering daily life 
has changed drastically for youth coming of age in a post-
pandemic world. The only way to address these concerns 
is to replicate these findings in other samples. To facil-
itate replications, all analysis code is made available in a 
reproducible archive. Another limitation is that the data 
source was a panel study with mostly questionnaire mea-
sures. All conclusions are conditional on the available data; 
thus, for example, our study cannot speak to the potential 
importance of biological (except pubertal development), 
cognitive, and neurological factors. It is also important 
to consider that, in our efforts to identify important early 
predictors of emotion dysregulation, we relied on predic-
tors at a single timepoint (age 13). This does not account 
for over time change in the relative importance of predic-
tors. Another potential limitation is common method bias. 
Many predictors were assessed using adolescent- reported 
questionnaire measures, which raises the question whether 
individual- level predictors ranked highly due to shared 
method variance. This concern is assuaged somewhat by 
the observation that parent- reported externalizing be-
havior (5) was much more predictive than adolescent self- 
reported externalizing behavior (30). Thus, some predictors 
not susceptible to common method bias were also found to 
explain substantial variance. One final limitation related 
to the data is the relatively small sample size. Machine 
learning benefits from large samples. Although random 
forests are relatively robust to overfitting, larger samples 
will likely yield more generalizable results. Larger samples 
also afford more complicated models. We saw the need, for 
example, to assume homogeneity of residuals within each 
node of the SEM- forest. This assumption is likely violated 
in some nodes; a larger sample would allow us to freely es-
timate residuals. Note, however, that many other assump-
tions are also likely violated in some nodes (e.g., the shape 
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of the growth trajectory). This limitation is inherent to the 
method. Other limitations related to SEM- forests include 
the fact that, unlike in traditional random forests, there is 
no error metric that could be used to calculate fit in a hold- 
out testing sample. By extension, at the time of writing, 
there are not yet methods for cross- validation, model tun-
ing, or evaluating the overall fit of a SEM- forest, as these 
too require an error metric. Note, however, that even with-
out model tuning, random forests tend to achieve compet-
itive performance (Probst et al., 2019). Finally, SEM- forests 
require substantial computational resources, which limits 
the ability to compute different iterations of the model be-
yond default settings, or to exploring marginal effects for 
higher order interactions.

CONCLUSIONS

Empirical research on adolescent emotion regulation de-
velopment has been fragmented, and lacks an overarching 
theoretical framework. The present study took a holistic ap-
proach to identify the most important predictors of emotion 
regulation development using machine learning. Candidate 
predictors were selected based on a prior systematic review of 
6305 relevant papers. The SEM- forest algorithm was applied 
to rank order these predictors by their relative importance 
for explaining heterogeneity in adolescents' developmental 
trajectories, and to probe the nature of their association with 
emotion regulation development. Results indicated that the 
importance of different predictors corresponded somewhat 
with the levels of the bioecological model: Proximal factors 
were more predictive of emotion regulation development 
than distal predictors; individual differences were most pre-
dictive; meso-  and macrosystem factors (e.g., SES, religion) 
were least predictive. The results also suggested that specific 
parenting practices may be less relevant for emotion regula-
tion development than previously thought, and that negative 
parenting practices may be more impactful than positive 
ones. The results have clear implications for early risk as-
sessment: Regularly administered personality inventories, 
and readily observable indicators like externalizing problems 
and conflict behavior were among the most important pre-
dictors, and these are suitable indicators for diagnostic tools. 
The results further suggest that conflict skills training might 
be a promising avenue for adolescent- directed interventions. 
Parenting interventions might benefit more from address-
ing the notion of “good enough” parenting and remedying 
negative and invasive practices than from promoting positive 
parenting practices. The results also provide clear guidance 
for the ongoing effort of theory generation in this field: Such 
theory should focus on proximal processes over distal ones. 
Parenting practices might be less crucial than previously 
thought; the emotional family climate and the way parents 
and adolescents navigate conflict might be more important. 
Moreover, there was no evidence of differences between 
mothers' and fathers' parenting, indicating that both par-
ents should be equally represented in future theory. Finally, 

common perceptions about risk factors should be reassessed: 
delinquency, substance use, and bullying were all relatively 
less important predictors. Even drug use, the highest- ranking 
problem behavior, had no distinguishable marginal effect, 
suggesting that it is problematic for some adolescents but not 
for others. These results illustrate how machine learning can 
provide a holistic view of a research area, complement exist-
ing knowledge, offer alternative perspectives, and guide fu-
ture research, practice, and theory formation.
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