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Abstract—Identifying fear-related nightmares in children is
particularly challenging, as young children often struggle to
articulate their experiences or recall dream content. These
nightmares, however, can severely disrupt sleep, hinder academic
performance, and heighten psychological vulnerability, under-
scoring the need foraccurate and early prediction for effective
intervention. This study explores various ML approaches, in-
cluding LR, DT, SVM, KNN, NB, and LightGBM, to develop a
robust predictive framework. The dataset undergoes comprehen-
sive preprocessing, incorporating categorical encoding, numerical
feature scaling, insufficient data handling, and the SMOTE to
mitigate class imbalance. Each model is systematically trained
and key performance indicators such as precision, recall, and
F1 score were used for evaluation, with confusion matrices
providing further insight into classification performance. Among
the models evaluated, Light-GBM demonstrated the highest
predictive performance, achieving an accuracy of 99.77%, a
precision of 100 %, a recall of 99.53%, and an F1 score of 99.77 %,
surpassing all other approaches. In this research, LightGBM
is introduced as the proposed model, demonstrating superior
predictive capability compared to alternative approaches and
underscoring its effectiveness in predicting fear-related night-
mares with high reliability. The study advances ongoing research
efforts focused on machine learning applications in psychological
assessment, offering a data-driven approach to early detection
and facilitating timely mental health interventions.

Index Terms—Fear-related nightmares in children, Early de-
tection, Machine learning, LightGBM, SMOTE, Mental health
assessment.

I. INTRODUCTION

Nightmares are disturbing dreams that evoke intense fear
or anxiety, often causing awakenings and disrupting over-
all sleep quality. Characteristically, they are intense images
with powerful emotions, sometimes affecting well-being and
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even mental health in general [1]. The focus on children’s
nightmares is important. Research indicates that children
experiencing frequent nightmares are at an increased risk
for emotional and behavioral issues, including hyperactiv-
ity, attention deficits, and diminished academic performance.
These recurrent distressing dreams can also lead to insomnia
symptoms, such as difficulties in initiating and maintaining
sleep [2]. Sleep-related difficulties, including delayed sleep
onset, frequent night awakenings, sleepwalking, nightmares,
and enuresis,were prevalent among primary school children
and were associated with poor academic performance. Sup-
pose a child’s nighttime fears begin to interfere with the
quality and quantity of their sleep or are accompanied by
comorbid sleep or psychiatric disorders. In that case, these
fears may have deleterious effects on the child’s physical and
mental health, academic performance, impulse control, risk-
taking behavior, and social functioning [3]. A cross-sectional
study involved 27 primary schools in Hannover, Germany,
highlighting the significant impact of sleep disturbances on
children’s daytime functioning and academic success [4]. A
study involving more than 6,000 primary school children found
that those who frequently experienced nightmares faced an
increased risk of developing insomnia, hyperactivity, mood
disturbances, and lower academic performance [5]. Addition-
ally, a study by researchers from the University of Tulsa
also suggests that nightmare intervention among children can
improve their school performance and emotional well-being
[6]. These findings strongly affirm the urgent need for proac-
tive identification and intervention in sleep disturbances, given
their potential far-reaching consequences on students’ mental
health and academic performance. The early identification of
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nightmare-prone children may help prevent adverse outcomes
like academic challenges and psychosocial maladjustments
[7]. It can be challenging to determine if a child experiences
frequent nightmares, especially when the child is too young
to verbalize their anxieties or struggles to recall the dream’s
content [8]. Research suggests that approximately 70% of
young children experience nightmares occasionally, with the
frequency peaking around the age of ten [9]. Children aged 7
to 9 identified scary dreams as one of their top three sources
of intense anxiety and concern [10].

Our study utilizes multiple ML models to predict fear-
related nightmares in children based on behavioral and psy-
chological data.Preprocessing of the dataset involves managing
missing values, encoding categorical variables, and scaling
numerical features. Six ML models, including LR, DT, Light-
GBM, SVM, KNN, and NB, are trained and evaluated. Model
performance is evaluated through accuracy, precision, recall,
F1-score, confusion matrices, and ROC curves, resulting in
a comprehensive comparison across classifiers. Among the
models investigated, LightGBM is proposed as the predic-
tive model due to its superior performance across evaluation
metrics. This selection highlights its effectiveness in handling
complex feature interactions and imbalanced data.

The key contributions of this study are as follows:

1) This study pioneers the use of traditional machine learn-
ing models to predict fear-related nightmares in children,
a task not yet addressed in state-of-the-art research.

2) It uniquely incorporates multifactorial data (sleep pat-
terns, parental observations, and life changes) to create
a context-sensitive prediction model.

3) Our proposed model achieved a high level of accuracy in
predicting nightmares, thereby contributing to improved
mental health assessments.

II. PROBLEM STATEMENT

Identifying frequent nightmares in children is not always
an easy task, especially when they are too young to articulate
their fears or have difficulty recalling the details of their
dreams. Young children may struggle to find the words to
describe their experiences or feel too frightened or confused
to share what they remember. In some cases, they may wake
up distressed without being able to explain why. This can make
it challenging to determine whether a child’s disrupted sleep is
due to a bad dream or another underlying issue. Many parents
may fail to detect frequent nightmares in children or may not
identify them in time due to various factors, such as the child’s
inability to express their fears or the parent’s limited awareness
of sleep issues. This is where machine learning (ML) can play
a transformative role. Machine learning has been applied to
mental health diagnosis for decades, with increasing advance-
ments in recent years. While many studies have focused on
diagnosing anxiety, depression, and sleep disorders, the issue
of fear-related nightmares in children remains underexplored.
This study aims to address that gap by developing machine
learning models to predict and detect nightmares, potentially

improving early intervention and mental health support for
children.

III. LITERATURE REVIEW

The integration of machine learning (ML) in mental health
diagnosis dates back to the 1980s. One of the early systems,
DTREE, employed decision tree techniques to diagnose mental
health conditions based on DSM-IV Axis I disorders [11].
Similarly, INTERNIST/AUTOSCID was developed to conduct
structured clinical interviews for diagnosing DSM-IV Axis II
personality disorders [12]. In recent years, ML has gained
prominence in diagnosing various mental health conditions,
particularly among college students. A systematic literature
review conducted between 2011 and 2024, based on PRISMA
guidelines, selected 30 relevant studies to evaluate the appli-
cation of deep learning models in diagnosing mental health
disorders. Prominent algorithms, such as Convolutional Neural
Networks (CNN), Random Forest (RF), Support Vector Ma-
chines (SVM), Deep Neural Networks, and Extreme Learning
Machines (ELM), were found to show significant potential in
detecting mental health conditions, with CNN, RF, and SVM
achieving promising accuracy [13].

In predicting anxiety and depression, various ML techniques
have been explored. For instance, Qasrawi et al. assessed
the performance of SVM and RF models, which showed
the highest accuracy rates for depression (SVM: 92.5%, RF:
76.4%) and anxiety (SVM: 92.4%, RF: 78.6%) prediction
[14]. Another study demonstrated the successful detection of
depression in children using RF, XGBoost, and Decision Tree,
with RF achieving 95% accuracy and 99% precision [15].
Even though many studies explored psychology in the domain
of child psychology, nightmares as a specific issue were
not addressed. Sleep disorder detection research has largely
focused on conditions like sleep apnea and insomnia, with
Al advancements enhancing automated detection accuracy
[16]. Despite these advancements, the issue of nightmares in
children has been largely overlooked in ML-based studies.

Although sleep disorder detection research has focused on
conditions such as sleep apnea and insomnia, the use of ML for
detecting nightmares, particularly fear-related ones, remains
underexplored. Nightmares, especially fear-based ones, may
signify psychological distress, trauma, or anxiety, and early
detection could provide valuable insights into a child’s emo-
tional state [17]. No existing ML models are dedicated to
predicting nightmares, emphasizing a significant gap in the
research. Current observational tools like polysomnography
lack predictive automation [18]. Our research addresses this
critical gap by focusing on the prediction and detection of
fear-related nightmares in children using ML. While prior
studies have demonstrated the effectiveness of CNN, RF, and
SVM in diagnosing anxiety, depression, and sleep disorders,
none have explored nightmare detection in children. Our study
emphasizes that early detection is crucial for understanding
underlying psychological distress, offering predictive automa-
tion that overcomes the limitations of current observational
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tools, such as polysomnography. This novel approach could
significantly improve mental health interventions for children.

IV. PROPOSED METHODOLOGY

In order to construct an effective and dependable ML
model for the prediction of fear-related nightmares in children,
this study introduces a novel methodology that incorporates
advanced ML techniques. The prediction of nightmares is a
crucial task, as it offers early indicators of a child’s mental
and emotional well-being, potentially aiding in the detection of
underlying psychological distress, such as trauma or anxiety.
The proposed methodology is outlined in the following key
steps:

A. Dataset Description

This dataset investigates the nightmares experienced by
children aged 4 to 10 and their potential psychological effects,
particularly in school settings. It includes features such as
age, gender, nightmare frequency and content, sleep patterns,
recent life changes, and parental observations. The primary
target variable is “Psychological Problems at School,” which
measures the extent of school-related psychological issues.
Derived variables such as “Has Recent Life Changes,” “Ir-
regular Sleep Pattern,” and “Fear-Related Nightmare” are also
included to explore additional patterns. It contains psycholog-
ical and behavioral features that are indicative of nightmare
patterns. It was sourced from Kaggle, contributed by Atif
Masih under the ”Kids Nightmare Patterns and Psychological
Impact” repository [19].

B. Data Preprocessing

Effective data preprocessing is essential for ensuring ac-
curate predictions in ML models. The preprocessing steps
applied to the dataset are detailed below:

1) Handling Missing Values: Missing values in the dataset
were addressed effectively to preserve information in-
tegrity and prevent data loss. For numerical features, the
missing values in the Age and Psychological Problems at
School Problems at School columns were imputed using
the median. For categorical features, missing values
in Gender, Nightmare Frequency, Nightmare Content,
Sleep Patterns, Recent Life Changes, Sleep Environment,
and Parental Observations were imputed using the mode
of each respective column. This approach ensured that
the dataset remained complete and reliable for analy-
sis [20].

Encoding Categorical Features: Categorical features
were transformed into a numerical format using Label
Encoder, which assigns unique integer labels to each
category in columns like Gender, Nightmare Frequency,
Nightmare Content, and other similar features. This
conversion allows models to process the categorical data
effectively.

Feature Scaling: To standardize the numerical features,
StandardScaler was used. This scaler transforms the Age
and Psychological Problems at School columns to have
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Fig. 1. Proposed Framework Architecture.

a mean of O and a standard deviation of 1. Scaling
ensures that all features are on the same scale, which is
particularly beneficial for algorithms sensitive to feature
magnitude, such as Support Vector Machines (SVM).
Class Imbalance Handling: The target variable, Fear-
Related Nightmare, exhibited class imbalance. To ad-
dress this, the Synthetic Minority Over-sampling Tech-
nique (SMOTE) was applied. SMOTE generates syn-
thetic samples for the minority class, ensuring a balanced
dataset that prevents biased model predictions [21].
Feature and Target Variable Definition: The feature
set (X) included all columns except the target variable
Fear-Related Nightmare, while the target variable (y)
contained labels indicating the presence or absence of
fear-related nightmares.

Data Splitting: The pre-processed data was split into
training and testing sets using an 80:20 ratio. Stratified
Sampling ensured that the distribution of the target
variable remained consistent across both sets.

Authorized licensed use limited to: Pabna University of Science & Technology. Downloaded on May 03,2026 at 13:58:01 UTC from IEEE Xplore. Restrictions apply.



C. Proposed Framework

The model development framework in this code involves
training multiple ML models to predict fear-related
nightmares. A variety of models are employed, including
LR, DT, LightGBM, SVM, KNN, and Naive Bayes.
We initialized each model with specific hyperparameters
to enhance performance. LightGBM, another ensemble
learning model, is instantiated with the default param-
eters but is equipped with random state=42 to ensure
reproducibility of results. The SVM is configured with
probability=True, which enables the model to compute
probability estimates for each class, a necessary step for
generating ROC curves and calculating the Area Under
the Curve (AUC). KNN is set with seven neighbors
(n neighbors), which specifies the number of nearest
data points considered when making a classification
decision. This choice balances the trade-off between
model sensitivity to noise and classification accuracy.
Lastly, Naive Bayes uses the default configuration of
the GaussianNB class, assuming a normal distribution
for the continuous features. Once the models are trained,
they are evaluated using accuracy, precision, recall, and
F1 scores to assess overall prediction quality and class-
specific performance. Confusion matrices are generated
to provide a breakdown of true positives, true negatives,
false positives, and false negatives, highlighting potential
misclassifications and areas for model improvement.
Additionally, ROC curves are plotted for all models,
with the True Positive Rate (TPR) and False Positive
Rate (FPR) calculated across different thresholds. The
AUC is computed for each model to quantify its dis-
criminatory power, and all ROC curves are visualized
in a single graph to facilitate comprehensive model
comparison. This detailed evaluation framework has led
us to identify the most suitable model for predicting
fear-related nightmares.

V. RESULTS AND DISCUSSION

Table 1 compares the effectiveness of six machine learn-
ing algorithms in predicting fear-related nightmares.
LR has modest performance (60.77% accuracy, 60.85%
precision, 60.36% recall, and 60.60% F1-score). DT
performs well, achieving 94.01% accuracy, 89.36% pre-
cision, 99.88% recall, and 94.35% F1-score. Light-GBM
surpasses all models, achieving 99.77% accuracy, 100%
precision, 99.53% recall, and 99.77% F1-score.

SVM performs moderately, with accuracy of 68.42%,
precision of 65.65%, recall of 72.26%, and F1 score of
70.99%. KNN achieved 84.63% accuracy, 78.93% preci-
sion, 94.48% recall, and 86.01% F1-score. Naive Bayes
performs well with an accuracy of 62.03%, precision
of 61.40%, recall of 64.79%, and F1-score of 63.03%.
LightGBM is the highest performance in all metrics.
Fig. 2 visually compares the accuracy of six ma-
chine learning algorithms in predicting fear-related
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TABLE I
PERFORMANCE OF DIFFERENT ML ALGORITHMS

Algorithms | Accuracy | Precision | Recall | Fl-score
LR 60.77% 60.85% 60.36% | 60.60%
DT 94.01% 89.36% 99.88% | 94.35%
LightGBM 99.77% 100% 99.53% | 99.77%
SVM 68.42% 65.65% 72.26% | 70.99%
KNN 84.63% 78.93% 94.48% | 86.01%
Naive Bayes 62.03% 61.40% 64.79% | 63.03%

nightmares. Light- GBM achieves the highest accu-
racy (99.77%), followed by Decision Tree (94.01%)
and KNN (84.63%). SVM (68.42%) and Naive Bayes
(62.03%) show moderate performance, while Logistic
Regression achieves the lowest performance at 60.77%.
This highlights LightGBM’s superior predictive capabil-
ity. Fig. 3 shows the confusion matrix that represents the
performance of our LightGBM model. It shows that out
of 2,573 actual No cases, the model correctly predicted
all of them (true negatives) with O false positives. For
actual Yes cases, the model correctly classified 2,561
instances but misclassified 12 as No (false negatives).
This indicates a highly accurate model with minimal
errors. The ROC curve compares the performance of
multiple ML models in classifying fear-related night-
mares, with their AUC scores reflecting overall pre-
dictive accuracy. LightGBM leads with a perfect AUC
of 1.00, indicating flawless classification. Decision Tree
follows closely with an AUC of 0.99, showcasing highly
effective performance. K-Nearest Neighbors (KNN) has
an AUC of 0.93, demonstrating strong predictive power.
SVM and Naive Bayes show moderate performance with
AUCs of 0.65, indicating a noticeable trade-off between
true positives and false positives. Logistic regression has
a similar AUC of 0.64, indicating modest classification
ability. Overall, LightGBM stands out with a flawless
F1-score of 99.77%, perfect precision, and recall.

Decision Tree also performs well with a 94.01% ac-
curacy and 0.99 AUC. KNN shows strong recall but
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some false positives, while SVM and Naive Bayes
underperform. These results highlight LightGBM as the
most accurate and reliable model for this task. Table 2
highlights the differences between existing work and our
proposed approach for detecting nightmares in children.
Prior studies have largely concentrated on predicting
mental health disorders, including depression and anx-
iety, achieving 92.5% accuracy and 95% using SVM
and RF, respectively. However, neither of these studies
addressed nightmares or their psychological impact. Our
proposed model addresses this gap by detecting fear-
related nightmares in children, a condition often linked
to anxiety, trauma, and sleep disturbances. Using our
proposed LightGBM model, we achieved a significantly
higher accuracy of 99.77%, outperforming all other eval-
uated models. This demonstrates LightGBM’s superior
capability to handle complex, multifactorial data and
its effectiveness in analyzing sleep-related patterns and
psychological conditions in pediatric populations. It also
highlights the potential of our study for early detection
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TABLE Il

COMPARISON OF THE PROPOSED MODEL WITH RELATED WORKS

Ref. | Work Model Accuracy
[14] | Risk factors for child depression | SVM 92.5%
[15] | Child depression detection RF 95%
Our | Our Nightmare detection LightGBM 99.77 %

and timely intervention to improve children’s mental and
emotional well-being.

VI. CONCLUSION AND FUTURE WORK

Our proposed LightGBM model, with an accuracy of
99.77patterns, parental observations, and life changes,
it offers a holistic and context-sensitive approach to
early nightmare detection.Early identification of Chil-
dren prone to nightmares can help mitigate potential
adverse outcomes like academic challenges, social with-
drawal, and psychological distress, ultimately enhancing
mental health interventions. Our model currently uses
a single dataset, limiting its generalizability. Future
Improvements should include using multiple datasets
from diverse sources and integrating real-time data from
wearable trackers
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