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Abstract

IMPORTANCE Although longitudinal studies have reported associations between early life factors
(ie, in-utero/perinatal/infancy) and long-term suicidal behavior, they have concentrated on 1or few
selected factors, and established associations, but did not investigate if early-life factors predict
suicidal behavior.

OBJECTIVE To identify and evaluate the ability of early-life factors to predict suicide attempt in
adolescents and young adults from the general population.

DESIGN, SETTING, AND PARTICIPANTS This prognostic study used data from the Québec
Longitudinal Study of Child Development, a population-based longitudinal study from Québec
province, Canada. Participants were followed-up from birth to age 20 years. Random forest
classification algorithms were developed to predict suicide attempt. To avoid overfitting, prediction
performance indices were assessed across 50 randomly split subsamples, and then the mean was
calculated. Data were analyzed from November 2019 to June 2020.

EXPOSURES Factors considered in the analysis included 150 variables, spanning virtually all early
life domains, including pregnancy and birth information; child, parents, and neighborhood
characteristics; parenting and family functioning; parents’ mental health; and child temperament, as
assessed by mothers, fathers, and hospital birth records.

MAIN OUTCOMES AND MEASURES The main outcome was self-reported suicide attempt by age
20 years.

RESULTS Among 1623 included youths aged 20 years, 845 (52.1%) were female and 778 (47.9%)
were male. Models show moderate prediction performance. The areas under the curve for the
prediction of suicide attempt were 0.72 (95% Cl, 0.71-0.73) for females and 0.62 (95% Cl,
0.60-0.62) for males. The models showed low sensitivity (females, 0.50; males, 0.32), moderate
positive predictive values (females, 0.60; males, 0.62), and good specificity (females, 0.76; males,
0.82) and negative predicted values (females, 0.75; males, 0.71). The most important factors

contributing to the prediction included socioeconomic and demographic characteristics of the family

(eg, mother and father education and age, socioeconomic status, neighborhood characteristics),

parents’ psychological state (specifically parents’ antisocial behaviors) and parenting practices. Birth-

related variables also contributed to the prediction of suicidal behavior (eg, prematurity). Sex

differences were also identified, with family-related socioeconomic and demographic characteristics

being the top factors for females and parents’ antisocial behavior being the top factor for males.

CONCLUSIONS AND RELEVANCE These findings suggest that early life factors contributed

modestly to the prediction of suicidal behavior in adolescence and young adulthood. Although these

(continued)
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utility in the long-term prediction of
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Abstract (continued)

factors may inform the understanding of the etiological processes of suicide, their utility in the long-
term prediction of suicide attempt was limited.

JAMA Network Open. 2021;4(3):e211450. doi:10.1001/jamanetworkopen.2021.1450

Introduction

Suicide is an important public health concern and the second leading cause of death among
individuals aged 15 to 29 years."? A history of suicide attempt is a main factor of completed suicide.
Therefore, early identification of youth at risk for suicide attempt is critical to prevent suicide and to
reduce negative health, social, and economic consequences.>* A number of studies have reported
that proximal risk factors, such as bullying victimization,® school performance,® and cannabis and
alcohol use,”® are important factors for adolescent suicidal behavior. However, there is increasing
evidence suggesting that early life characteristics and exposures may have long-lasting influences on
the risk of suicidal behavior. In line with the developmental origins of health and disease
hypothesis,>'° several epidemiological studies''? reported associations of a range of early life factors
with suicidal behavior in the lifespan.®™ These include socioeconomic factors (eg, family
socioeconomic disadvantage, low parental education, low maternal age, and single parenthood at
childbirth),'*® exposure to substance in pregnancy (eg, maternal smoking),' poor fetal growth (eg,
low birth weight and fetal adversities),'*'>2° exposure to postnatal maternal depression®' and poor
parent-child interactions during infancy.?2>3 For example, a study using the Christchurch Health and
Development Study reported that children of teenage mothers were 2-fold more likely to attempt
suicide in adolescence compared with children of older mothers.'® In another study using the Québec
Longitudinal Study of Child Development and the Avon Longitudinal Study of Parents and Children,
exposure to fetal adversities was associated with higher risk of attempting suicide by age 21years.” A
meta-analysis showed that low birth weight was associated with higher risk of suicidal ideation,
suicide attempt, and suicide mortality in the lifespan.'®

However, owing to methodological limits of the statistical models used in prior studies (mainly
regression models), only a small number of risk factors have been jointly evaluated. This contrasts
with the current understanding of the etiological processes of mental disorders, argued to involve
hundreds of endogenous and exogenous factors in dynamic and constant interaction across complex
partially embedded networks.?*2° Additionally, although studies have identified several associations
between a range of early risk factors and suicide attempt later in life, it is unclear to what extent these
factors contribute to the prediction of suicide attempt. A statistical association quantifies the relation
between 2 observed variables, whereas a predictive model identifies the most parsimonious number
of variables enabling a good prediction of new observations.?° It is important to note that, even
when associations are longitudinal (ie, there is temporal precedence of the exposure on the
outcome) and strong (eg, have a large effect size), they do not inform on whether a given factor (or
set of factors) is useful to predict a new observation.?”

Although many studies have established associations of some early life risk factors with suicide
attempt, we are unaware of studies investigating the predictive value of such risk factors and
simultaneously considering a large number of potential factors. This is a limitation, because
improving early prevention of suicide attempt relies on the capacity to accurately identify individuals
more likely to attempt suicide later in life. This limitation is not only theoretical. In a 2017
meta-analysis?® analyzing all the risk factors identified to be associated with suicidal thoughts and
behaviors in the last 50 years, none was found to reliably predict a future suicide attempt better
than chance.

Machine learning is a promising approach to optimize the prediction of future outcomes.?° As
most mental health disorders can be framed as classification problems (ie, distinguishing between
individuals who are affected or symptomatic vs those who are not affected or asymptomatic, or
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between individuals who attempted suicide or did not), machine learning techniques have recently
attracted the attention of mental health researchers with emerging fields of research, such as
computational psychiatry.2° Machine learning techniques allow researchers to simultaneously
consider hundreds of potential factors and determine, without prior assumptions, the most effective
and parsimonious algorithm to predict a new observation.

Using data from a large 20-year population-based longitudinal study, the aim of this study was
to test the extent to which we could predict suicidal attempt during adolescence and young
adulthood using a large number of early life factors assessed with parental reports and hospital
records. Findings could provide important information on the predictive ability of early life factors to
identify individuals who will attempt suicide 2 decades later, complementing the available evidence
from association studies.

Methods

Participants

Participants for this prognostic study came from the Québec Longitudinal Study of Child
Development (QLSCD), a representative longitudinal population-based cohort. The protocol of the
QLSCD was approved by the Institut de la Statistique du Québec, the institute that conducted the
study, and the St-Justine Hospital Research Center ethics committees. Written informed consent was
obtained from all participants. This study follows the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) reporting guideline for prediction
model development.

The QLSCD initially included 2120 singletons born in Québec, Canada in 1997 or 1998, selected
from the Québec Birth Registry using a stratified random procedure. Children were regularly
assessed from ages 5 months to 20 years.>' Owing to attrition, this study included 1623 participants
(77.6% of the initial cohort) with at least 1 assessment of suicide attempt between ages 13 and 20
years (Table 1).

Assessment of Suicidal Attempt

At ages 13, 15, 17, and 20 years, adolescents who answered positively to the question “In the past 12
months, did you ever seriously think of attempting suicide?” were then asked “In the past 12 months,
how many times did you attempt suicide?” (dichotomized as O vs =1).3” At age 20 years, lifetime
suicide attempt was additionally assessed with the questions "In your lifetime, have you ever been to
the emergency room (ER) because you tried to kill yourself?" and “In your lifetime, have you ever
been hospitalized after trying to kill yourself?" Questionnaires were provided in French or English
depending on respondent preference. Participants responding yes to any question were considered
as having attempted suicide.383°

Assessment of Early Life Factors

We used a broad range of potential factors reported by parents when the child was aged 5 months,
together with factors extracted from hospital birth records. These potential factors are presented in
the eTable in the Supplement. We assessed 150 variables encompassing sociodemographic factors
as well as child, family, parental, and neighborhood characteristics. Perinatal child characteristics
included birth weight, prematurity, Apgar score, and neonatal hospitalization. Parenting and family
functioning characteristics included positive maternal interactions, assessed with 5 items from the
Parent Practices Scale,3> evaluating positive interactions between the mother and the child; family
socioeconomic status, assessed with an aggregate of 5 items regarding parental educational level,
parental occupation, and annual gross income; and family functioning, assessed with 7 items (eg, do
not get along well together) from the McMaster Family assessment>* administered to the mother.
Parental characteristics included parental age at childbirth, immigration status, and employment.
Parental mental health and behavior included anxiety, depression (measured using a short version of
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Table 1. Characteristics of the Participants Included in the Study Sample®

No. (%)
Total Females Males
Characteristic (N = 1623) (n = 845) (n=778) P value®
Low birth weight (<2500 g) 49 (3.0) 25 (3.0) 24 (3.1) .53
Perceived difficult temperament, mean (SD)©
Mother 2.7 (1.6) 2.7 (1.6) 2.7(1.6)
Missing 7(0.4) 4(0.5) 3(0.4) 70
Father 2.9(1.5) 2.8(1.5) 2.9(1.5)
Missing 244 (15.0) 120 (14.2) 124 (15.9) 23
Positive interactions, mean (SD)¢ 9.0(1.1) 9.0(1.1) 9.0(1.0)
Missing 2(0.1) 1(0.1) 1(0.1) 48
Family socioeconomic status, mean (SD)® 0.1(1.0) 0.1(1.0) 0(1.0)
Missing 6 (0.4) 3(0.4) 3(0.4) 30
Age at birth, mean (SD), y
Mother 29.4(5.2) 29.5(5.1) 29.3(5.2)
Missing 1(0.1) 0 1(0.1) 2
Father 32.3(5.5) 32.1(5.4) 32.4(5.6)
Missing 116 (7.1) 57 (6.7) 59 (7.6) 40
Family functioning score, mean (SD)* 1.7 (1.4) 1.7 (1.4) 1.7 (1.5)
Missing 11(0.7) 8(0.9) 3(0.4) ot
Nonintact family (single or blended) 327 (20.1) 176 (2.8) 151 (19.4)
Missing 3(0.2) 2(0.2) 1(0.1) >3
Maternal smoking during pregnancy 401 (24.7) 218 (25.8) 183 (23.5)
Missing 9(0.6) 5(0.6) 4(0.5) 30
Maternal mental health
Depression, mean (SD)? 1.4(1.3) 1.3(1.3) 1.4(1.4)
Missing value 6 (0.4) 2(0.2) 4(0.5) 37
Antisociality in adolescence score, mean (SD)¢ 0.8 (0.9) 0.8 (0.9) 0.9(1.0)
Missing 52(3.20) 24 (2.8) 28(3.6) 36
Paternal mental health
Depression, mean (SD)¢ 1.0 (0.9) 1.0 (0.9) 1.0(0.9)
Missing value 228 (14.0) 114 (13.5) 114 (14.7) 22
Antisociality in adolescence score, mean (SD)" 0.7 (0.9) 0.6 (0.9) 0.7 (0.9)
Missing 233 (14.4) 113 (13.4) 120 (15.4) 07

@ Variables were measured when the child was aged 5 months. Data were compiled from the final master file of the Québec
Longitudinal Study of Child Development (1998-2018), Gouvernement du Québec, Institut de la Statistique du Québec.

b Comparison of sex-specific samples; P values are based on a X test of independence for categorical variables and on a
Wilcoxon test for continuous variables.

© Assessed with 7 items (eg, “How easy or difficult is it for you to calm or soothe your baby when he/she is upset?”) from
the Infant Characteristics Questionnaire,>? administrated to both parents. Scores range from O to 10, with higher scores
indicating more difficult temperament.

d Assessed with 5 items from the Parent Practices Scale,3* evaluating positive interactions between the mother and the
child. Scores ranges from O to 10, with higher scores indicating high positive interactions.

€ Assessed with an aggregate of 5 items regarding parental educational level, parental occupation, and annual gross
income (range, -3 to 3, centered at O, with higher scores indicating higher socioeconomic status).

f Assessed with 7 items (eg, do not get along well together) from McMaster Family assessment administered to the mother
(Ontario Child Health Study: Reliability and Validity of the General Functioning Subscale of the McMaster Family
Assessment Device®*). Scores range from O to 10, with higher scores indicating lower family functioning.

€ Assessed using a short version of the Centre for Epidemiological Study Depression Scale.3> Scores range from O to 10,
with higher scores indicating higher depressive symptoms.

" Assessed with binary questions on 5 different conduct problems based on the DSM-IV criteria for conduct disorder and
antisocial personality disorder.3® Scores range from O to 5, with higher scores indicating more antisocial behaviors.
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the Centre for Epidemiological Study Depression Scale®®), and antisocial behavior (assessed with
binary questions on 5 different conduct problems based on the DSM-IV criteria for conduct disorder
and antisocial personality disorder®). Child temperament was assessed with 7 items (eg, "How easy
or difficult is it for you to calm or soothe your baby when he/she is upset?”) from the Infant
Characteristics Questionnaire,? administrated to both parents.

Statistical Analysis

Random Forest Approach

We used a random forest algorithm, a nonparametric ensemble machine learning method that aims
to find the most accurate combination of variables to predict a new observation.“© Random forests
are well adapted to mental health prediction; first, they can be applied to classification or regression
prediction, and often mental health issues can be framed as classification problem; second,
categorical and continuous variables can be used jointly as predictors; third, they have been
demonstrated to be a performant and reliable machine learning method.*"*2 Random forests result
from the aggregation of a set of decision trees, created with recursive bootstraps of the initial
sample.** For each decision tree, two-thirds of the sample was used to create the prediction
algorithm, while the remaining one-third was used to test the performance of the algorithm,
measured by the prediction error (called out-of-bag error) and to calculate the importance of the
variables in the prediction (eAppendix in the Supplement). Decision trees proceed from a parent
node to a child node, according to the optimal split value of the variable obtained according to the
principle of maximum homogeneity for the outcome in each node. Derived trees are then aggregated
to obtain the final prediction model. The synthetic minority over-sampling technique algorithm was
used to avoid bias due to controls outnumbering cases.** Previous studies reported that combining
random forests and the synthetic minority over-sampling technique improve the prediction
performances.*>*® The R statistical software version 4.0.2 (R Project for Statistical Computing)
missForest algorithm was used to impute missing data in the factors (eAppendix in the
Supplement).*’ To perform the analysis, we randomly split our original data set into training (80% of
the total cohort) and testing (20% of the total cohort) samples. The training samples were used to
compute the predictive algorithms for the outcome.*® Preliminary analyses were conducted with sex
as a factor in the models, but considering the important sex differences in suicide attempt, this
variable overshadowed all other variables in terms of prediction and precluded us from investigating
sex differences. Therefore, we conducted separate analyses for males and females. Analyses were
performed in R statistical software with the randomForest and caret packages.

Evaluating Model Performance

Model performance (ie, the accuracy of the model in predicting new cases) was evaluated using
out-of-bag error, defined as the prediction error obtained in the out-of-bag set using the identified
factors (values ranged from 0%, indicating that all the individuals are correctly classified, to 100%,
indicating that none of the individuals are correctly classified); area under the receiver operating

characteristic curve (AUC),*°

representing the predicted true-positive rate against the false-positive
rate, which measures the accuracy of the prediction and ranges from 0.5, indicating prediction by
chance, to 1, indicating perfect prediction; sensitivity, representing the proportion of actual cases
that the model predicted to be cases, and specificity, representing the proportion of actual noncases
that the model predicted as noncases; and positive predictive value (PPV), defined as the proportion
of actual cases among those that the model predicted would be cases, and negative predictive value
(NPV), defined as the proportion of actual noncases among those that the model predicted would be
noncases. To obtain unbiased prediction performances, we first created the prediction algorithms in
the training sample, containing 80% of the observations, and then tested its performance in the
testing sample, containing the remaining 20% of observations. To prevent our prediction
performances to be underestimated or overestimated owing to a particular random split of the
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sample, we randomly generated 50 training and testing samples, repeated the analyses 50 times,

and reported the mean values of the predictive performances’ indices.

All statistical tests were 2-tailed, and the level of statistical significance was P < .05. Data were

analyzed from November 2019 to June 2020.

Results

Atotal of 1623 participants were included in the sample, and 91 of 845 females (10.8%) and 43 of 778
(5.5%) of males reported a suicide attempt in adolescence. The random forest model predicting
suicide attempt among females, obtained with the training sample, had an out-of-bag error of 12.7%,
suggesting that only a small proportion of females were misclassified by the algorithm using the
selected set of variables. When applied to the testing sample, this classification algorithm achieved a
sensitivity of 0.50 and a specificity of 0.76. This suggests that the algorithm correctly identified as
cases 50% of youths who attempted suicide and correctly predicted 76% of youths would not
attempt suicide. The PPV was 0.60, suggesting that 60% of the individuals that the model identified
as cases were actually cases. Similarly, the NPV was 0.75 indicating that 75% of youths that the model
predicted would not attempt suicide were correctly identified. The AUC was 0.72 (95% Cl, 0.71-0.73),
reflecting a moderately good discrimination (ie, 44% better than chance) (Figure 1). Performance
metrics are presented in Table 2. Variables’ importance, measured by mean decrease in accuracy of
the prediction, showed that the top 10 early life factors of suicide attempt in females were
socioeconomic status, father age, mother highest level of education, positive interactions,

Figure 1. Area Under the Receiver Operating Curve of the Predictive Models of Lifetime Suicide Attempt

E Females Males
1.0 1.0
0.8 0.8
> 0.6 > 0.6
= =
7 0.4 0.4
0.2 0.2
Suicide attempt (AUC=0.7) Suicide attempt (AUC=0.6)
0+ . . . . : 0+ . . . . :
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
Specificity Specificity
Table 2. Discrimination Performances for the Best Prediction Models®
%
Measure Females Males
Out-of-bag error 12.7 9.3
Area under the curve (95% Cl) 0.72 (0.71-0.73) 0.62 (0.60-0.62)
Sensibility 0.50 0.32
Specificity 0.76 0.82
Predictive value @ Data were compiled from the final master file of the
Positive 0.60 0.62 Québec Longitudinal Study of Child Development
= (1998-2018), Gouvernement du Québec, Institut de
Negative 0.75 0.71 L .
la Statistique du Québec.
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gestational age, adolescent mother antisocial score, mother perceived coercive parenting, father
highest level of education, adulthood father antisocial score, and Apgar score at 1 minute (Figure 2).

Similar to the model for females, the final prediction algorithm for males found only a small rate
of misclassification (out-of-bag error of 9.3%) (Table 2). However, the overall prediction performance
of this algorithm was lower than that for females, with a prediction 24% better than chance (AUC,
0.62; 95% Cl, 0.60-0.62) (Figure 1). Sensitivity was also lower in the model predicting suicide
attempt among males (0.32). However, the specificity (0.82), PPV (0.62), and NPV (0.71) for males
were similar to the results in the model for females. The 10 top factors were adulthood mother
antisocial score, adolescent father antisocial score, mother perceived warmth and affection,
adulthood father antisocial score, family size, adolescent mother antisocial score, mother highest
level of education, mother depression, mother perceived marital support, and gestational age

(Figure 2).

Discussion

To our knowledge, this population-based prognostic study is the first to examine the value of early
life factors for the prediction of suicide attempt in adolescents and young adults in a representative
birth cohort. Using a random forest algorithm, a performant machine learning technique, we created
classification algorithms predicting suicide attempt from information (ie, 150 potential factors)
assessed within the first 5 months of life by both parents, as well as from medical information
extracted from hospital birth records. Although the specificity and NPV were acceptable, the AUC,
sensitivity, and PPV of the final models suggested a moderate prediction accuracy. More explicitly,
this indicates that child, parent, family, and neighborhood characteristics assessed within the first 5
months of life were able to correctly identify 76% to 82% of youths as individuals who would not
attempt suicide; that among the overall youth predicted as individuals who would not attempt

Figure 2. Relative Importance of the 30 Top Factors Identified by the Algorithm Predicting Suicide Attempt

E] Females

Socioeconomic status

Father age

Mother highest level of education
Positive interactions 4

Gestational age -

Adolescent mother antisocial score
Mother perceived coercive parenting 4
Father highest level of education
Adulthood father antisocial score 4
APGAR score (1 min)

Father perceived overprotection 4
Mother highest diploma -

Mother age -

Mother perceived parental impact -
Alcohol consumption during pregnancy -
Family primary source of income
Mother perceived self-efficacy -

Father perceived coercive parenting -
Mother perceived warmth and affection
APGAR score (5 min)

Neighborhood perceived as dangerous
Father highest diploma+

Family size

Neonatal risk score 4

Father depression -

Mother perceived difficult temperament 4
Father perceived awareness of child qualities 4
Induction of labor

Period of relationship before birthq
Stimulation of the child

0

0.005 0.010 0.015 0.020 0.025
Mean decrease in accuracy

Neighborhood perceived with low social problems -

Males

Adulthood mother antisocial score -
Adolescent father antisocial score -
Mother perceived warmth and affectionq .
Adulthood father antisocial score 4 o
Family size °
Adolescent mother antisocial score o
Mother highest level of education - .
Mother depression 4 .
Mother perceived marital support 4 .
Gestational age 4
Duration of labor
Baby time in hospital -
Positive interactions 4
Mother years after high school attendance -
Mother perceived difficult temperament
Child verbalization 4

Father perceived coercive parenting -

Father perceived self-efficacy q

Baby length

Alcohol consumption during pregnancy 4
Stimulation of the child 4

Mother perceived self-efficacy -

Father years after high school attendance
Mother highest diploma -

Mother perceived parental impact 4

Neonatal risk score -

Mother age -

Mother number of abortions

Frequency of alcohol consumption in pregnancy -
0 0.005 0.010 0.015 0.020 0.025

Mean decrease in accuracy

The relative importance of the early life factors considered in the random forest model is measured by the decrease in the prediction accuracy of the model (ie, mean decrease in

accuracy, x-axis) when the variables' values are randomly shifted in the model.
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suicide, 71% to 75% actually would not attempt suicide; that the global prediction of youth suicide
attempt was 24% to 44% better than chance; that 32% to 50% of the youths who attempt suicide
were correctly identified by the algorithms using information available at age 5 months; and that
60% to 62% of youths identified as individuals who would attempt suicide would actually attempt
suicide in adolescence or young adulthood.

Performance of the Models

The comparison of the performances of our models with those in previous studies is limited by the
lack of machine learning studies investigating the ability of early life factors to predict suicide attempt
using population samples. However, and not surprisingly, the performance of our models using distal
factors was lower compared with studies considering proximal factors.>®°! Indeed, the algorithms
we developed showed moderate prediction performances, as indicated by the area under the curve
and the sensitivity. However, the specificity, NPV, and PPV of the model were acceptable, indicating
that among 10 individuals that the algorithm predicted would attempt suicide, at least 6 did actually
attempt suicide 2 decades later. In comparison, using proximal factors, clinical samples, and
administrative data, previous studies showed AUC values higher than 0.9 for the prediction of suicide
attempt in adolescents (vs general hospital controls).>° Different factors may explain these relatively
modest performances. First, as in most population-based samples, the number of individuals not
reporting a suicide attempt outnumbered those reporting a suicide attempt, which is a challenge for
prediction, as the algorithm focuses on the larger group and tends to predicts everyone as
nonsuicidal.*® Although we accounted for this imbalance by applying oversampling techniques,
prediction of complex behaviors in the general population remains more difficult than in case-control
studies.>2 Second, our analyses considered factors measured during a very specific time window (ie,
perinatal and first months of life), and despite the recognized importance of distal factors associated
with suicide attempt, events experienced by age 5 months are insufficient on their own to fully
predict outcomes 20 years later. This is illustrated by the sensitivity values: they suggest that, while
some individuals are identifiable as at high risk for suicide attempt since early in life, for most
individuals, experiences in later stages of life may have a larger influence on suicide risk. This is in line
with studies suggesting that factors occurring in middle childhood, such as maltreatment, are
important elements in the pathway to suicide,>® and studies that highlighted the important role of
proximal adolescent factors, such as exposure to bullying victimization, early puberty, and substance
use.>>* It is also important to note that predictions were globally better for females than for males.
This may be owing to the higher proportion of females in our sample, which provided the algorithm
with more individuals to learn from.

Figure 3. Relative Importance of the 30 Top Factors Identified by the Algorithm Predicting Suicide Attempt
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Identified Factors
Despite the low performances of the prediction models, the main identified factors corroborate
findings from previous association studies. The main categories of factors identified include
socioeconomic and demographic characteristics of the family (eg, mother and father education and
age, socioeconomic status, neighborhood characteristics), parents’ psychological state (specifically
parents' antisocial behaviors), and parenting practices. However, some birth-related variables also
contributed to the prediction of suicidal behavior (eg, prematurity). These findings add to the
existing body of knowledge by showing that early life socioeconomic characteristics and exposure to
parental mental and behavioral problems, which have been identified in previous correlational
studies as main factors of suicide-related outcomes, are emphasized in predictive models even if
their ability to identify youth at risk for suicide attempt is limited.>>->°

We identified some common factors for males and females, including parents’ demographic and
psychological characteristics (eg, level of education, age at birth, antisocial behavior scores and
depression), parenting practices, and perceived neighborhood safety (Figure 3). However, we also
found substantial sex differences. Overall, for females, family-related socioeconomic and
demographic characteristics (eg, socioeconomic status or family size, maternal and paternal level of
education, and age at childbirth) were identified as top factors, while for males, parents' antisocial
behavior and parenting characteristics were identified as top factors.

Limitations

This study has some limitations. First, owing to attrition, analyses were performed on only 77.6% of
participants from the initial representative sample, which calls for caution in the generalizability of
the findings to the original population. Second, although we considered a wide range of early life
factors, other potentially important factors may have been unmeasured in our cohort, such as
parents' lifetime diagnoses of mental illness and history of suicide attempt. Third, some variables
may be affected by measurement bias. For example, self-reported smoking or alcohol use during
pregnancy may be influenced by desirability bias yielding conservative estimates; however, our
objective was to specifically rely on information obtainable from self-reports by questionnaires or by
interview of a perinatal practitioner more than on objective measures. Fourth, we measured recall
of the past 12 months for suicidal attempt, thus we potentially missed attempts that occurred at ages
14,16, 18, and 19 years, thus underestimating our predictions. This bias might have been partially
addressed by the lifetime questions at age 20 years.

Conclusions

The findings of this prognostic study based on innovative machine learning techniques suggest that
early life factors previously associated with suicide attempt only modestly contributed to its
prediction. Therefore, although those factors may be important in helping us to understand the
developmental origins of suicide, their role in the long-term prediction of suicidal behavior is limited.
Our findings also stress the importance of later phases of development in the pathway to suicide
attempt. Indeed, while youths identified by our algorithm as at risk for suicide attempt in
adolescence or young adulthood from early life factors had indeed attempted suicide in adolescence
or young adulthood, most youths who attempt suicide are not predicted solely based on early life
factors. Although this observation may seem obvious, it stresses the importance of considering
observational findings from association studies, often based on very large samples,*3°ina
nondeterministic way. Future research should additionally consider the predictive values of early life
factors in the contexts of other more proximal risk factors and replicate our findings in other
population-based and clinical samples to improve our understanding about the prediction of suicidal

behavior.

[5 JAMA Network Open. 2021;4(3):€211450. doi:10.1001/jamanetworkopen.2021.1450 March 12,2021 9/13

Downloaded From: https://jamanetwor k.com/ on 04/21/2021



JAMA Network Open | Psychiatry Machine Learning Assessment of Early Life Factors Predicting Suicide Attempt

ARTICLE INFORMATION
Accepted for Publication: January 22, 2021.

Published: March 12, 2021. doi:10.1001/jamanetworkopen.2021.1450

Open Access: This is an open access article distributed under the terms of the CC-BY License. © 2021 Navarro MC
et al. JAMA Network Open.

Corresponding Author: Massimiliano Orri, PhD, Bordeaux Population Health Research Center, University of
Bordeaux, 146 rue Léo Saignat 33076 Bordeaux, France (massimiliano.orri@mail.mcgill.ca).

Author Affiliations: Bordeaux Population Health Research Center, Institut national de la santé et de la recherche
médicale U1219, University of Bordeaux, Bordeaux, France (Navarro, Cété, Orri); School of Criminology, Research
Center of the Montreal Mental Health University Institute, University of Montreal, Montreal, Canada
(Ouellet-Morin); McGill Group for Suicide Studies, Department of Psychiatry, Douglas Mental Health University
Institute, McGill University, Montreal, Canada (Geoffroy, Orri); School of Psychology, University of Laval, Quebec
City, Canada (Boivin); School of Public Health, Physiotherapy and Sports Science, University College Dublin, Dublin,
Ireland (Tremblay); Department of Pediatrics and Psychology, University of Montreal, Montreal, Canada
(Tremblay); Department of Social and Preventive Medicine, University of Montreal, Montreal, Canada (C6té).

Author Contributions: Ms Navarro and Dr Orri had full access to all of the data in the study and take responsibility
for the integrity of the data and the accuracy of the data analysis.

Concept and design: Navarro, Geoffroy, Boivin, Tremblay, Coté, Orri.
Acquisition, analysis, or interpretation of data: All authors.

Drafting of the manuscript: Navarro, Tremblay, Coté, Orri.

Critical revision of the manuscript for important intellectual content: All authors.
Statistical analysis: Navarro.

Obtained funding: Boivin, Tremblay, Coté.

Administrative, technical, or material support: Coté.

Supervision: Ouellet-Morin, Tremblay, C6té, Orri.

Conflict of Interest Disclosures: None reported.

Funding/Support: The Québec Longitudinal Study of Child Development was supported by funding from the
Ministére de la Santé et des Services Sociaux, le Ministére de la Famille, le Ministére de I'Education et de
I'Enseignement supérieur, the Lucie and André Chagnon Foundation, the Institut de recherche Robert-Sauvé en
santé et en sécurité du travail, the Research Centre of the Sainte-Justine University Hospital, the Ministere du
Travail, de 'Emploi et de la Solidarité Sociale and the Institut de la Statistique du Québec. Additional funding was
received from the Fonds de Recherche du Québec-Santé, the Fonds de Recherche du Québec-Société et Culture,
the Social Science and Humanities Research Council of Canada, the Canadian Institutes of Health Research. This
work was supported by the French National Research Agency (project No. ANR-17-CE36-0002-01) and within the
framework of PIA3 (Investment for the Future), (project No. 17-EURE-0019). This work has received funding from
the European Union's Horizon 2020 Research and Innovation Programme under the Marie Sktodowska-Curie
grant agreement (No. 793396).

Role of the Funder/Sponsor: The funders had no role in the design and conduct of the study; collection,
management, analysis, and interpretation of the data; preparation, review, or approval of the manuscript; and
decision to submit the manuscript for publication.

REFERENCES
1. Turecki G, Brent DA. Suicide and suicidal behaviour. Lancet. 2016;387(10024):1227-1239. doi:10.1016/S0140-
6736(15)00234-2

2. Hawton K, O'Connor RC. Self-harm in adolescence and future mental health. Lancet. 2012;379(9812):198-199.
doi:10.1016/50140-6736(11)61260-9

3. Clayborne ZM, Varin M, Colman I. Systematic review and meta-analysis: adolescent depression and long-term
psychosocial outcomes. J Am Acad Child Adolesc Psychiatry. 2019;58(1):72-79. doi:10.1016/j.jaac.2018.07.896

4. OrriM, Scardera S, Perret LC, et al. Mental health problems and risk of suicidal ideation and attempts in
adolescents. Pediatrics. 2020;146(1):e20193823. doi:10.1542/peds.2019-3823

5. Perret LC, Orri M, Boivin M, et al. Cybervictimization in adolescence and its association with subsequent suicidal
ideation/attempt beyond face-to-face victimization: a longitudinal population-based study. J Child Psychol
Psychiatry. 2020;61(8):866-874. doi:10.1111/jcpp.13158

[5 JAMA Network Open. 2021;4(3):€211450. doi:10.1001/jamanetworkopen.2021.1450 March 12,2021 10/13

Downloaded From: https://jamanetwor k.com/ on 04/21/2021


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2021.1450&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
https://jamanetwork.com/pages/cc-by-license-permissions/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
mailto:massimiliano.orri@mail.mcgill.ca
https://dx.doi.org/10.1016/S0140-6736(15)00234-2
https://dx.doi.org/10.1016/S0140-6736(15)00234-2
https://dx.doi.org/10.1016/S0140-6736(11)61260-9
https://dx.doi.org/10.1016/j.jaac.2018.07.896
https://dx.doi.org/10.1542/peds.2019-3823
https://dx.doi.org/10.1111/jcpp.13158

JAMA Network Open | Psychiatry Machine Learning Assessment of Early Life Factors Predicting Suicide Attempt

6. Frojd SA, Nissinen ES, Pelkonen MUI, Marttunen MJ, Koivisto A-M, Kaltiala-Heino R. Depression and school
performance in middle adolescent boys and girls. J Adolesc. 2008;31(4):485-498. doi:10.1016/j.adolescence.
2007.08.006

7. Gobbi G, Atkin T, Zytynski T, et al. Association of cannabis use in adolescence and risk of depression, anxiety,
and suicidality in young adulthood: a systematic review and meta-analysis. JAMA Psychiatry. 2019;76(4):426-434.
doi:10.1001/jamapsychiatry.2018.4500

8. Schilling EA, Aseltine RH Jr, Glanovsky JL, James A, Jacobs D. Adolescent alcohol use, suicidal ideation, and
suicide attempts. J Adolesc Health. 2009;44(4):335-341. doi:10.1016/j.jadohealth.2008.08.006

9. O'Donnell KJ, Meaney MJ. Fetal origins of mental health: the developmental origins of health and disease
hypothesis. Am J Psychiatry. 2017;174(4):319-328. doi:10.1176/appi.ajp.2016.16020138

10. Fleming TP, Watkins AJ, Velazquez MA, et al. Origins of lifetime health around the time of conception: causes
and consequences. Lancet. 2018;391(10132):1842-1852. doi:10.1016/S0140-6736(18)30312-X

11. Power C, Elliott J. Cohort profile: 1958 British birth cohort (National Child Development Study). Int J Epidemiol.
2006;35(1):34-41. doi:10.1093/ije/dyi183

12. Fergusson DM, Horwood LJ. The Christchurch Health and Development Study: review of findings on child and
adolescent mental health. Aust N Z J Psychiatry. 2001;35(3):287-296. doi:10.1046/}.1440-1614.2001.00902.x

13. Gunnell D, Lewis G. Studying suicide from the life course perspective: implications for prevention. BrJ
Psychiatry. 2005;187:206-208. doi:10.1192/bjp.187.3.206

14. Geoffroy M-C, Gunnell D, Clark C, Power C. Are early-life antecedents of suicide mortality associated with
psychiatric disorders and suicidal ideation in midlife? Acta Psychiatr Scand. 2018;137(2):116-124. doi:10.1111/
acps.12844

15. Orri M, Russell AE, Mars B, et al. Perinatal adversity profiles and suicide attempt in adolescence and young
adulthood: longitudinal analyses from two 20-year birth cohort studies. Psychol Med. 2020;1-13. doi:10.1017/
S0033291720002974

16. Orri M, Gunnell D, Richard-Devantoy S, et al. In-utero and perinatal influences on suicide risk: a systematic
review and meta-analysis. Lancet Psychiatry. 2019;6(6):477-492. doi:10.1016/52215-0366(19)30077-X

17. Page A, Lewis G, Kidger J, et al. Parental socio-economic position during childhood as a determinant of self-
harm in adolescence. Soc Psychiatry Psychiatr Epidemiol. 2014;49(2):193-203. doi:10.1007/s00127-013-0722-y

18. Fergusson DM, Woodward LJ, Horwood LJ. Risk factors and life processes associated with the onset of suicidal
behaviour during adolescence and early adulthood. Psychol Med. 2000;30(1):23-39. doi:10.1017/
S003329179900135X

19. Geoffroy M-C, Gunnell D, Power C. Prenatal and childhood antecedents of suicide: 50-year follow-up of the
1958 British Birth Cohort study. Psychol Med. 2014;44(6):1245-1256. doi:10.1017/S003329171300189X

20. Lahti M, Eriksson JG, Heinonen K, et al. Late preterm birth, post-term birth, and abnormal fetal growth as risk
factors for severe mental disorders from early to late adulthood. Psychol Med. 2015;45(5):985-999. doi:10.1017/
50033291714001998

21. Ahun MN, Consoli A, Pingault J-B, et al. Maternal depression symptoms and internalising problems in the
offspring: the role of maternal and family factors. Eur Child Adolesc Psychiatry. 2018;27(7):921-932. doi:10.1007/
s00787-017-1096-6

22, Navarro MC, Orri M, Nagin D, et al. Adolescent internalizing symptoms: the importance of multi-informant
assessments in childhood. J Affect Disord. 2020;266:702-709. doi:10.1016/j.jad.2020.01.106

23. Schmid B, Blomeyer D, Buchmann AF, et al. Quality of early mother-child interaction associated with
depressive psychopathology in the offspring: a prospective study from infancy to adulthood. J Psychiatr Res. 2011;
45(10):1387-1394. doi:10.1016/].jpsychires.2011.05.010

24. Uher R, Zwicker A. Etiology in psychiatry: embracing the reality of poly-gene-environmental causation of
mental illness. World Psychiatry. 2017;16(2):121-129. doi:10.1002/wps.20436

25. Turecki G, Brent DA, Gunnell D, et al. Suicide and suicide risk. Nat Rev Dis Primers. 2019;5(1):74. doi:10.1038/
s41572-019-0121-0

26. Shmueli G. To explain or to predict? Statist Sci. 2010;25(3):289-310. doi:10.1214/10-5TS330

27. Bzdok D, Varoquaux G, Steyerberg EW. Prediction, not association, paves the road to precision medicine.
JAMA Psychiatry. 2020. doi:10.1001/jamapsychiatry.2020.2549

28. Franklin JC, Ribeiro JD, Fox KR, et al. Risk factors for suicidal thoughts and behaviors: a meta-analysis of 50
years of research. Psychol Bull. 2017;143(2):187-232. doi:10.1037/bul0000084

[5 JAMA Network Open. 2021;4(3):€211450. doi:10.1001/jamanetworkopen.2021.1450 March 12,2021 1/13

Downloaded From: https://jamanetwor k.com/ on 04/21/2021


https://dx.doi.org/10.1016/j.adolescence.2007.08.006
https://dx.doi.org/10.1016/j.adolescence.2007.08.006
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2018.4500&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
https://dx.doi.org/10.1016/j.jadohealth.2008.08.006
https://dx.doi.org/10.1176/appi.ajp.2016.16020138
https://dx.doi.org/10.1016/S0140-6736(18)30312-X
https://dx.doi.org/10.1093/ije/dyi183
https://dx.doi.org/10.1046/j.1440-1614.2001.00902.x
https://dx.doi.org/10.1192/bjp.187.3.206
https://dx.doi.org/10.1111/acps.12844
https://dx.doi.org/10.1111/acps.12844
https://dx.doi.org/10.1017/S0033291720002974
https://dx.doi.org/10.1017/S0033291720002974
https://dx.doi.org/10.1016/S2215-0366(19)30077-X
https://dx.doi.org/10.1007/s00127-013-0722-y
https://dx.doi.org/10.1017/S003329179900135X
https://dx.doi.org/10.1017/S003329179900135X
https://dx.doi.org/10.1017/S003329171300189X
https://dx.doi.org/10.1017/S0033291714001998
https://dx.doi.org/10.1017/S0033291714001998
https://dx.doi.org/10.1007/s00787-017-1096-6
https://dx.doi.org/10.1007/s00787-017-1096-6
https://dx.doi.org/10.1016/j.jad.2020.01.106
https://dx.doi.org/10.1016/j.jpsychires.2011.05.010
https://dx.doi.org/10.1002/wps.20436
https://dx.doi.org/10.1038/s41572-019-0121-0
https://dx.doi.org/10.1038/s41572-019-0121-0
https://dx.doi.org/10.1214/10-STS330
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2020.2549&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
https://dx.doi.org/10.1037/bul0000084

JAMA Network Open | Psychiatry Machine Learning Assessment of Early Life Factors Predicting Suicide Attempt

29. Iniesta R, Stahl D, McGuffin P. Machine learning, statistical learning and the future of biological research in
psychiatry. Psychol Med. 2016;46(12):2455-2465. doi:10.1017/S0033291716001367

30. Dwyer DB, Falkai P, Koutsouleris N. Machine learning approaches for clinical psychology and psychiatry. Annu
Rev Clin Psychol. 2018;14:91-118. doi:10.1146/annurev-clinpsy-032816-045037

31. Orri M, Boivin M, Chen C, et al. Cohort profile: Quebec Longitudinal Study of Child Development (QLSCD). Soc
Psychiatry Psychiatr Epidemiol. 2020. doi:10.1007/s00127-020-01972-z

32. Bates JE, Freeland CAB, Lounsbury ML. Measurement of infant difficultness. Child Dev.1979;50(3):794-803.
doi:10.2307/1128946

33. Strayhorn JM, Weidman CS. A parent practices scale and its relation to parent and child mental health. J Am
Acad Child Adolesc Psychiatry. 1988;27(5):613-618. doi:10.1097/00004583-198809000-00016

34. Byles J, Byrne C, Boyle MH, Offord DR. Ontario Child Health Study: reliability and validity of the general
functioning subscale of the McMaster Family Assessment Device. Fam Process. 1988;27(1):97-104. doi:10.1111/j.
1545-5300.1988.00097.x

35. Lewinsohn PM, Seeley JR, Roberts RE, Allen NB. Center for Epidemiologic Studies Depression Scale (CES-D)
as a screening instrument for depression among community-residing older adults. Psychol Aging. 1997;12(2):
277-287. doi:10.1037/0882-7974.12.2.277

36. Zoccolillo M. Parents' health and social adjustment, part Il: social adjustment. In: Québec Longitudinal Study of
Child Development (QLSCD 1998-2002). Vol 1. Institut de la Statistique du Québec; 2000.

37. Coté SM, Orri M, Brendgen M, et al. Psychometric properties of the Mental Health and Social Inadaptation
Assessment for Adolescents (MIA) in a population-based sample. Int J Methods Psychiatr Res. 2017;26(4). doi:10.
1002/mpr.1566

38. Orri M, Galera C, Turecki G, et al. Pathways of association between childhood irritability and adolescent
suicidality. J Am Acad Child Adolesc Psychiatry. 2019;58(1):99-107.e3. doi:10.1016/j.jaac.2018.06.034

39. Orri M, Galera C, Turecki G, et al. Association of childhood irritability and depressive/anxious mood profiles
with adolescent suicidal ideation and attempts. JAMA Psychiatry. 2018;75(5):465-473. doi:10.1001/
jamapsychiatry.2018.0174

40. Kaur A, Kaur K. An Empirical Study of Robustness and Stability of Machine Learning Classifiers in Software
Defect Prediction. In: EI-Alfy E-SM, Thampi SM, Takagi H, Piramuthu S, Hanne T, eds. Advances in Intelligent
Informatics: Advances in Intelligent Systems and Computing. Springer International Publishing; 2015:383-397. doi:10.
1007/978-3-319-11218-3_35

41. Caruana R, Niculescu-Mizil A. An empirical comparison of supervised learning algorithms. Paper presented at:
23rd International Conference on Machine Learning; June 25-29, 2006; Pittsburgh, PA. Accessed February 8,
2021. doi:10.1145/1143844.1143865

42. Shatte ABR, Hutchinson DM, Teague SJ. Machine learning in mental health: a scoping review of methods and
applications. Psychol Med. 2019;49(9):1426-1448. doi:10.1017/S0033291719000151

43. Breiman L. Random forests. Machine Learning. 2001;45(1):5-32. doi:10.1023/A:1010933404324

44. Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: synthetic minority over-sampling technique. J Artif
Intelligence Res. 2002;16:321-357. doi:10.1613/jair.953

45. Abdoh SF, Rizka MA, Maghraby FA. Cervical cancer diagnosis using random forest classifier with SMOTE and
feature reduction techniques. IEEE Access. 2018;6:59475-59485. doi:10.1109/ACCESS.2018.2874063

46. Marques YB, de Paiva Oliveira A, Ribeiro Vasconcelos AT, Cerqueira FR. Mirnacle: machine learning with
SMOTE and random forest for improving selectivity in pre-miRNA ab initio prediction. BMC Bioinformatics. 2016;
17(suppl 18):474. doi:10.1186/5s12859-016-1343-8

47. Stekhoven DJ, Biithimann P. MissForest—non-parametric missing value imputation for mixed-type data.
Bioinformatics. 2012;28(1):112-118. doi:10.1093/bioinformatics/btr597

48. Poldrack RA, Huckins G, Varoquaux G. Establishment of best practices for evidence for prediction: a review.
JAMA Psychiatry. 2020;77(5):534-540. doi:10.1001/jamapsychiatry.2019.3671

49. Singh JP, Desmarais SL, Van Dorn RA. Measurement of predictive validity in violence risk assessment studies:
a second-order systematic review. Behav Sci Law. 2013;31(1):55-73. doi:10.1002/bs|.2053

50. Walsh CG, Ribeiro JD, Franklin JC. Predicting suicide attempts in adolescents with longitudinal clinical data and
machine learning. J Child Psychol Psychiatry. 2018;59(12):1261-1270. doi:10.1111/jcpp.12916

51. Walsh CG, Ribeiro JD, Franklin JC. Predicting risk of suicide attempts over time through machine learning. Clin
Psychol Sci. 2017;5(3):457-469. doi:10.1177/2167702617691560

[5 JAMA Network Open. 2021;4(3):€211450. doi:10.1001/jamanetworkopen.2021.1450 March 12,2021 12/13

Downloaded From: https://jamanetwor k.com/ on 04/21/2021


https://dx.doi.org/10.1017/S0033291716001367
https://dx.doi.org/10.1146/annurev-clinpsy-032816-045037
https://dx.doi.org/10.1007/s00127-020-01972-z
https://dx.doi.org/10.2307/1128946
https://dx.doi.org/10.1097/00004583-198809000-00016
https://dx.doi.org/10.1111/j.1545-5300.1988.00097.x
https://dx.doi.org/10.1111/j.1545-5300.1988.00097.x
https://dx.doi.org/10.1037/0882-7974.12.2.277
https://dx.doi.org/10.1002/mpr.1566
https://dx.doi.org/10.1002/mpr.1566
https://dx.doi.org/10.1016/j.jaac.2018.06.034
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2018.0174&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2018.0174&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
https://dx.doi.org/10.1007/978-3-319-11218-3_35
https://dx.doi.org/10.1007/978-3-319-11218-3_35
https://dx.doi.org/10.1145/1143844.1143865
https://dx.doi.org/10.1017/S0033291719000151
https://dx.doi.org/10.1023/A:1010933404324
https://dx.doi.org/10.1613/jair.953
https://dx.doi.org/10.1109/ACCESS.2018.2874063
https://dx.doi.org/10.1186/s12859-016-1343-8
https://dx.doi.org/10.1093/bioinformatics/btr597
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2019.3671&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2021.1450
https://dx.doi.org/10.1002/bsl.2053
https://dx.doi.org/10.1111/jcpp.12916
https://dx.doi.org/10.1177/2167702617691560

JAMA Network Open | Psychiatry Machine Learning Assessment of Early Life Factors Predicting Suicide Attempt

52. van Mens K, de Schepper C, Wijnen B, et al. Predicting future suicidal behaviour in young adults, with different
machine learning techniques: A population-based longitudinal study. J Affect Disord. 2020;271:169-177. doi:10.
1016/j.jad.2020.03.081

53. Brezo J, Paris J, Vitaro F, Hébert M, Tremblay RE, Turecki G. Predicting suicide attempts in young adults with
histories of childhood abuse. Br J Psychiatry. 2008;193(2):134-139. doi:10.1192/bjp.bp.107.037994

54. Roberts E, Fraser A, Gunnell D, Joinson C, Mars B. Timing of menarche and self-harm in adolescence and
adulthood: a population-based cohort study. Psychol Med. 2020;50(12):2010-2018. doi:10.1017/
S0033291719002095

55. Park AL, Fuhrer R, Quesnel-Vallée A. Parents’ education and the risk of major depression in early adulthood.
Soc Psychiatry Psychiatr Epidemiol. 2013;48(11):1829-1839. doi:10.1007/s00127-013-0697-8

56. Solmi F, Colman I, Weeks M, Lewis G, Kirkbride JB. Trajectories of neighborhood cohesion in childhood, and
psychotic and depressive symptoms at age 13 and 18 years. J Am Acad Child Adolesc Psychiatry. 2017;56(7):
570-577. doi:10.1016/j.jaac.2017.04.003

57. Moore PS, Whaley SE, Sigman M. Interactions between mothers and children: impacts of maternal and child
anxiety. J Abnorm Psychol. 2004;113(3):471-476. doi:10.1037/0021-843X.113.3.471

58. Yap MBH, Pilkington PD, Ryan SM, Jorm AF. Parental factors associated with depression and anxiety in young
people: a systematic review and meta-analysis. J Affect Disord. 2014;156:8-23. doi:10.1016/j.jad.2013.11.007

59. Cnattingius S, Svensson T, Granath F, lliadou A. Maternal smoking during pregnancy and risks of suicidal acts
in young offspring. Eur J Epidemiol. 2011;26(6):485-492. doi:10.1007/s10654-011-9556-7

60. Meehl PE. Theory-testing in psychology and physics: a methodological paradox. Philos Sci. 1967;34(2):
103-115. doi:10.1086/288135

SUPPLEMENT.

eAppendix. Details of Statistical Analyses
eTable. Assessment of Early Life Factors
eReferences

[5 JAMA Network Open. 2021;4(3):€211450. doi:10.1001/jamanetworkopen.2021.1450 March 12,2021 13/13

Downloaded From: https://jamanetwor k.com/ on 04/21/2021


https://dx.doi.org/10.1016/j.jad.2020.03.081
https://dx.doi.org/10.1016/j.jad.2020.03.081
https://dx.doi.org/10.1192/bjp.bp.107.037994
https://dx.doi.org/10.1017/S0033291719002095
https://dx.doi.org/10.1017/S0033291719002095
https://dx.doi.org/10.1007/s00127-013-0697-8
https://dx.doi.org/10.1016/j.jaac.2017.04.003
https://dx.doi.org/10.1037/0021-843X.113.3.471
https://dx.doi.org/10.1016/j.jad.2013.11.007
https://dx.doi.org/10.1007/s10654-011-9556-7
https://dx.doi.org/10.1086/288135

