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Abstract
Objective: Recent studies show emotional and behavioral problems in toddler hood affecting later stages of development. However, the 
predictive factors for psychiatric disorders were not studied with machine learning methods. We aimed to examine the predictors of 
outcome with machine learning methods, which are novel computational methods including statistical estimation, information theories, and 
mathematical learning automatically discovering useful patterns in large amounts of data.
Method: The study group comprised 116 children (mean age: 27.4±4.4 months) who are evaluated between 2006-2007 years in a clinical 
setting. Emotional and behavioral problems were assessed by the Brief Infant-Toddler Social Emotional Assessment and Child Behavior 
Checklist/2-3.Child psychiatry residents made follow-up evaluations with telephone calls in 2018. We tested the performance of machine 
learning algorithms (Decision tree, Support Vector Machine, Random Forest, Naive Bayes, Logistic Regression) on our data, including the 
254 items in the baseline forms to predict psychiatric disorders in adolescence period.
Results: 26.7% (n: 31) of the cases had diagnosed with a psychiatric disorder in adolescence period. In machine learning methods Random 
Forest outperforms other models, which had reached an accuracy of 85.2%, AUC: 0.79. Our model showed BITSEA item 20, 13, and 
CBCL total external problems scores filled by mother at the age of 12-36 months are the most potent factors for a psychiatric disorder in 
adolescence.
Conclusion: We found very early behavioral and emotional problems with sociodemographic data predicted outcome significantly accurately. 
In the future, the machine learning models may reveal several others are more important in terms of prognostic information and also 
planning treatment of toddlers.
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INTRODUCTION

The first three years of life are the most rapid and 
complicated stage of development. The development 
of psychiatric disorders in infancy leads to multi-
dimensional processes affecting later stages of 
development. The period of early childhood is defined 
as infancy and toddlerhood and is stated to be the 

“critical period” in almost every psychiatric concept. It 
is thought that the vast majority of mental disorders 
are continued through to adulthood from childhood 
with various routines (1). The relationship of behavioral 
problems in infancy and the psychiatric problems that 
can develop from these problems at later stages has 
been researched in very few follow-up studies. The 
first studies to include the period of early childhood 
consisted of short-term follow-up, and it was shown 
that behavioral problems in infancy continued into 
early childhood (2-5). Long-term studies have shown 
that internalizing and externalizing problems in infancy 
could be related to behavioral problems in adolescence 
and various functional impairments (6, 7).

Machine learning methods such as classification 
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trees, support vector machines, ensemble methods, 
deep learning are state-of-art computational methods 
discovering useful patterns in vast amounts of data. 
These methods include mathematical learning, 
information theories, and statistical estimation and 
have the advantage of accurate prediction, forecasting, 
and interpretation within non-experimental data sets 
(8). Recent studies in psychiatry are showed these 
methods been successfully used for predictive risk 
modeling for preventing child maltreatment (9), in 
diagnostics of Autism Spectrum Disorder (10), predictive 
analysis for comorbid substance use in Attention 
Deficit and Hyperactivity Disorder (11), and suicide 
prediction in Schizophrenia (12). In our previous study 
(13), we demonstrated machine learning methods 
could uncover predictive factors in clinical settings and 
successfully predict the outcome for autism spectrum 
disorders.

It can be assumed that identification, diagnosis and 
treatment of precursors of mental disorders at as 
early a stage as possible will have a positive effect on 
an individual’s mental health in the long-term (14). 
Psychiatric evaluation in infancy and interventions to 
identify risky behavioral problems are of importance. 
Furthermore, social, emotional, and behavioral 
problems seen in adolescence could be symptoms 
of possible psychiatric disorders. This study aimed to 
investigate predictive factors of psychiatric disorders in 
adolescence, were psychiatrically evaluated at the age 
of 1-3 years.

METHODS

Participants and Study Design: The children included 
in the study (n:462) were those who had been evaluated 
by psychiatry residents in an outpatient clinic at the 
age of 1-4 years in 2006-2007 years for an assessment 
validity study (15). Child Behavior Check List (CBCL) 
had been filled by mothers and the Brief Infant-Toddler 
Social and Emotional Assessment (BITSEA) scale by 
mothers and fathers. Child psychiatry residents made 
follow-up evaluations with telephone calls in 2018. Of 
the 139 caregivers who could be contacted, 116 agreed 
to participate in the study.

The Brief Infant-Toddler Social and Emotional 
Assessment (BITSEA): This scale was developed for 
the scanning of psychosocial development problems 
and the severity of psychiatric symptoms in children 
aged 1-3 years (16). The scale consists of a total of 42 
items, 31 evaluating psychiatric problems (PP) and 11, 

psychosocial development (PD). Each item is scored 
from 3 options (0: not true/occasionally; 1: partly true/
sometimes; 2: extremely true/often). Higher PP points 
indicate a higher level of psychiatric problems, and 
higher PD points indicate a better level of psychosocial 
development. Validity and reliability studies of the 
BITSEA were made by Karabekiroğlu et al.(15).

Child Behavior Checklist for Ages 2-3 (CBCL/2-3): 
This scale, which is in widespread use throughout the 
world, scores the behavioral and emotional problems 
of the child as an internalizing problem score, an 
externalizing problem score and the total score. It has 
sub-scales of anxiety/depression, somatic complaints, 
social internalizing, sleep problems, aggression, and 
attention problems (17). The CBCL/2-3 was translated 
and confirmed for Turkish populations by Erol et 
al.(18).

Telephone interview: Telephone interview done by 
child psychiatry residents with primary caregivers in 
the 2018 year. The primary caregivers responded to the 
follow-up questionnaire items related to the history of 
traumatic events, prior medical diseases, family conflict, 
school attendance, hospital/school reports, confirmed a 
psychiatric diagnosis by psychiatry specialist, and actual 
treatment.

Data Analysis: All the data were evaluated 
using SPSS 21.0 statistics software. The T-test was 
applied to the BITSEA and CBCL/2-3 sub-scale points 
evaluated with a normal distribution. ROC analysis 
was applied to determine the relationship between 
the scale points and receiving a psychiatric diagnosis. 
The area under the curve (AUC) values for the ROC 
analysis were accepted as 0.90-1.00: very good; 0.80-
0.89:good; 0.70-0.79: moderate; 0.51-0.69: poor; 0 – 
0.59 insignificant.

Machine learning methods: We used Rapid Miner 
Studio Educational (19) software for modeling. The 
data had been pre-processed in two steps. First step, 
data had been cleaned by using imputation for missing 
values. If more than %30 of data missing column-wise 
delete had used. For CBCL and BITSEA points, the last-
observation-carried-forward method had used and, 
other missing values imputed by using the k-nearest 
neighborhood method: second step, the principal 
component analysis used for dimension reduction. 
Scale points converted into discrete classification in 
order to apply classification algorithms. Variables 
that had more than 60% correlation, did not use for 
outcome overfitting.
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Performance of machine learning algorithms tested on 
our data using 288 items as prediction class. Ten-fold 
cross-validation used for train and test sets, where the 
data split is repeated ten times with 90% training to a 
10% test set by changing the test set each time. At the 
end of the test process success and error rates calculated 
by the average of each repetition.

After performance testing with cross-validation, machine 
learning classifiers used for prediction models. All 
subsets and means acquired by this process calculated 
for Receiver Operation Characteristic (ROC) curves and 
Area Under Curve (AUC) had been calculated. In order 
to avert overfitting problems, algorithms changed with 
their primary settings and minor tuning for constant 
default values. After performance testing, the machine 
learning algorithm with the highest AUC had been 
chosen for results (Table 1).

Table 1. Results of the cross-validation method for each 
machine learning classifiers’ metrics

Classifier AUC Accuracy 
(%)

Sensitivity 
(%)

Specificity 
(%)

Random Forest 0.79 85.2 60.1 96.0
Support Vector Machine 0.77 82.4 53.3 96.0
Desicion Tree 0.74 75.2 26.2 91.3
Naive Bayes 0.71 72.3 40.0 84.0
Logistic Regression 0.61 71.3 26.0 91.0

Ethics committee approval and budget: Approval for 
the study was granted by the Clinical Research Ethics 
Committee of Ondokuz University, no: 1397-1542, dated 
04.04.2018). The authors reported no potential conflict 
of interest, and no fundings to declare.

RESULTS

The study included a total of 116 children, comprising 65 
(56%) males and 51 (44%) females, who were aged mean 
27.4±7.7 months (range, 13-42 months)at the time of 
the first evaluation. The mothers were aged mean 28.7 ± 
5.4 years, and the fathers, mean 31.5 ± 5.5 years. At ten 
years after the first evaluation, 40.5% of the children had 
presented at a psychiatric unit, of which 9.5% were in 
the previous six months. Of the total sample, 35 (30.2%) 
children had a confirmed psychiatric diagnosis, and 
13.8% were currently receiving psychopharmacological 
treatment. The sociodemographic characteristics of the 
sample are shown in Table 2.

Table 2. Sociodemographic and clinical characteristics at first 
assessment and telephone interview of the study group

Study parameter Mean ± SD (n:116)
Age at first 
assesment(months)

27.4 ± 7.7

Gender 56.0 % Male
Birth weight (gr) 3316.1±687.2
Developmental Cornerstones

(months)

Walking 11.9±8.1
First word 13.2± 11.1
Two words 24.9±13.3

Mother age at birth (years) 28.7±5.4
Father age at birth (years) 31.5±5.5
Mother education (years) 11.0±2.7
Father education (years) 12.5±2.1

CBCL points at the first 
evaluation

Anxiety-depression 5.1±2.6

Social-internalizing 
problems

3.2± 3.2

Sleep problems 4.3±3.1

Somatic problems 3.2± 2.6

Aggressive behaviors 13.4±7.0

Attention problems 3.5±1.8

Total internalizing 
problems

8.3±4.9

Total externalizing 
problems

17.0±8.0

BITSEA points at the first 
evaluation

Maternal problem 
total points

17.8 ±7.9

Maternal competence 
total points

15.4 ±4.1

Paternal problem total 
points

17.5 ±7.4

Paternal competence 
total points

14.7 ±4.0

Reported psychiatric 
diagnoses at adolescent 
period

ADHD (n:15) 12.9%
Anxiety Disorder (n:8) 6.8%
ASD (n:4) 3.4%
Learning Disorder 
(n:2)

1.7%

Mental Retardation 
(n:2)

1.7%

Under psychiatric treatment 
at adolescent period

%13.8 (n:16)

Abbreviations: ADHD: Attention Deficit and Hyperactivity Disorder, 

ASD: Autism Spectrum Disorder

We chose an automatically optimized random forest 
method for the highest AUC (0.79) and accuracy (85.2%). 
Random forests are a machine learning method that 
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operates by constructing a multitude of decision trees at 
training time and outputting the class that is the mode of 
the classes (classification) of each tree (20). Weights for the 
random forest method had shown to the interpretation of 
clinical significance the model in Figure 1.

Figure 1. Weights of each data for Random Forest classifier 
(AUC: 0.79, Accuracy: 85.2)

DISCUSSION

We aimed to analyze several sociodemographic, clinical 
factors, scale items about predicting psychiatric disorders 
in adolescence. We compared 288 items of predictive 
factors in116 children with a psychiatric disorder (n: 31) 
at the adolescence period. We used the random forest, 
support vector machine, decision tree, logistic regression 
and Naive Bayes methods for predicting the outcome, 
then we choose random forest method, as it has the 
highest accuracy and AUC belong this method. Random 
forests are a combination of tree predictors; each tree 
in the random forest creates a class prediction, and 
the class with the most accuracy becomes the model’s 
prediction. A large number of relatively uncorrelated 
trees operating as a one master model, that outperform 
any of the individual models. Our best model showed as 
random forest (table 1), different items acted in different 
weights in this model.

BITSEA item 20, 13 and CBCL total external problems 
scores filled by mother at the age of 12-36 months are 
the most potent factors for a psychiatric disorder in 
adolescence. BITSEA item 20 (can keep his attention on 
something for a long time) and item 13 (when you say 
his/her name, turns and looks at you). Aggression and 
other externalizing symptoms reach their peak between 
ages two and three, but a small minority of children 
continue to show high levels of disruptive behavior 
problems across childhood (21). As in attention and self-

regulatory problems in toddlerhood has bidirectional 
relationship behavioral problems (22) and difficulty with 
emotional self-regulation may predict later social and 
behavioral problems (23). These results are preliminary, 
but this method may help clinicians to identify subgroups 
of patients. Also, this approach may provide different 
treatment strategies to achieve optimal outcomes.

We found that traumatic events reported by parents 
in toddlerhood, such as interpersonal violence and 
maltreatment, affected the outcome. Developmental 
timing of trauma exposure may be important for emotion 
regulation and behavioral problems in adulthood (24). 
Timing of trauma exposure may be critical for emotion 
regulation, which is known to develop rapidly during 
early childhood (25) and through the influence of 
observational learning, modeling, and social referencing 
(26). Distortion in this process in toddlerhood, like 
an early traumatic event, may cause behavioral and 
emotional problems in adolescence.

Sleep problems in toddlerhood also related to a 
psychiatric diagnosis. Early sleep problems may predict 
psychiatric disorders, and there may be an overlap 
between sleep problems and behavioral and emotional 
problems (27).Persistent sleep problems in childhood 
may be an early risk indicator of psychiatric disorders in 
adulthood (28).The biological mechanisms underlying 
these associations have yet to be fully elucidated; 
however, there is growing experimental evidence that 
the relationship between psychiatric disorders and sleep 
includes bi-directional causation (29). We found sleep 
problems have effects on the crucial determinant of 
long-term outcome.

Current research requires further classification of 
toddler’s behavioral and emotional problems for 
the understanding prognosis of clinical disorders. 
Researchers will need more clinical data about toddlers 
to identify this problem. Likewise, the prognosis is 
dependent so many factors, that we need steady and 
efficient measures to help manage treatment options. 
Our research provides preliminary support to the 
machine learning methods as a state-of-art method 
that can assist clinical decision in predicting outcome in 
toddlers. In the future, more machine learning research 
is required to provide advanced levels of prediction 
performance.

Limitations: There are limitations of the machine 
learning methods. The main detriment of these methods 
is overfitting problems. There may many factors affecting 
the outcome of behavioral problems in toddlerhood; 
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overfitting occurs when using small data sets. To avoid 
this problem, we used random forest method and 
also cross-fold validation methods, that unlikely to 
represent overestimation and overfitting. However, 
this problem limits the generalizability of results. We 
used telephone interviews to obtain data about our 
patients, and psychiatric disorders reported by parents 
based on confirmed psychiatry specialist and hospital 
reports, that may be caused overlook of other disorders 
never diagnosed before. Also, we reached 139 of 462 
patients family and 116 (%25.1 of total) had accepted 
to participate in the study. Most patient families cannot 
be reached by their home telephone contact numbers, 
which had been recorded 11 years ago. This may affect 
our results by selection bias, but authors hypothesized, 
most patient families changed their home numbers 
to cell phones, which is more prevalent at this time. 
However, our model predicted successfully 139 patients’ 
psychiatric problems after 11 years and in future these 
models used for selection of patients which needs early 
interventions.
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