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SUMMARY

Every year, around 800,000 people die by suicide
worldwide, and it is the second leading cause of
death for individuals aged 15-24 years. The National
Survey on Drug Use and Health (NSDUH) is conducted
annually to ask the general United States population
aged 12 years and older questions about mental
health, substance use, and suicidal thoughts. Some
of the factors the survey considers are substance
use, including need for treatment and disorders, and
mental health topics, including major depressive
episodes, suicidal ideation and attempts, and
mental illness. In our research, we sought to identify
associations between suicidal ideation and relevant
variables, such as sleep quality, hopelessness, and
anxious behavior, by analyzing survey responses
from the 2020 NSDUH. Due to the density of the
survey and no obvious direct relationship between
any variables with suicidal ideation, through our
research we aimed to clearly find and display any
association. We hypothesized that frequent anxious
thoughts and behavior (such as fidgeting and
restlessness), feelings of sadness, and/or low sleep
quality would be the factors most predictive of having
suicidal thoughts. Using a random forest classifier,
we found that sleep problems were highly predictive
of suicidal ideation. Professionals and clinicians
should keep these findings in mind when developing
suicide prevention efforts, such as identifying and
supporting people potentially at risk, intervening to
improve sleep quality, and teaching coping skills.

INTRODUCTION

Suicide rates increase dramatically in the United States
each year, especially for young people aged 15-24 years,
for whom suicide has become the second leading cause of
death (1, 2). Every year, around 800,000 people die by suicide
worldwide, but far more attempt to take their own lives. It
was estimated in 2017 that around 20 million people attempt
suicide each year, and this rate is expected to continue rising
(3).

Every suicide death involves many personal and social
factors. The study of which factors affect suicide occurrence is
of great importance because understanding the contributors
to suicidal ideation could help direct intervention efforts.
There is a range of individual and social factors relating to
suicidal ideation, such as sex, age, geographic region, and
sociopolitical setting (4). For different sexes, people of certain

ages tend to attempt suicide more than others, so there
seems to be an association between sex and age as well (5).
Studies on college students show that depression and mental
illnesses are key factors in suicidal thoughts and plans (STPs)
6, 7).

The goal of our research was to address the scientific
question of which aspects are most predictive of suicidal
ideation through focusing on direct relationships amongst
factors, such as analyzing inadequate sleep quality directly
with suicidal thoughts, using complex predictive machine
learning algorithms. We hypothesized that frequent anxious
thoughts and behavior (such as fidgeting and restlessness),
feelings of sadness, and/or low sleep quality would be highly
predictive of having suicidal thoughts. To answer our research
question, we analyzed data from the 2020 National Survey on
Drug Use and Health (NSDUH) (8). The Substance Abuse and
Mental Health Services Administration (SAMHSA) conducts
an annual nationwide survey of the general population aged 12
and older to ask questions about mental health and substance
use. The purpose of the data the SAMHSA collects is to lead
public health efforts to promote mental health and prevent
substance misuse. The analysis we conducted is different
from SAMHSA because we directly looked at relationships
amongst specific factors, whereas the SAMHSA is looking
for overall trends (8). Using machine learning methods, we
identified how well various factors predicted suicidal ideation.
We found that having trouble sleeping was the most predictive
of suicidal ideation compared to all the other factors that we
studied. These findings could advance future studies that
are directly studying sleep and suicidal ideation and could
potentially aid many clinicians to hone in their treatments of
mental illness with a focus in sleep.

RESULTS

To determine the impact of different factors on suicidal
ideation, we used a random forest classifier. A random forest
classifier is a commonly used machine learning algorithm
that makes predictions by merging the decisions of many
decision-making trees. While a random forest is a machine
learning algorithm used for both regression and classification
tasks, a random forest classifier specifically implements
the random forest algorithm for classification tasks (9). In
addition, random forest classifiers successfully generate
Relative Importance Values (RIVs), which indicate the relative
frequency and dominance values of the species and refer to
the statistical significance of factors in the data in terms of
their effects on the generated model (10). An RIV can have
a value from 0 to 1 with 0 being no impact and 1 being the
summation of the impact of all factors. That is, a value of 1
indicates that a factor accounts for 100% of the total of all
factors.
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Figure 1. The Relative Importance Value (RIV) of the 13 selected factors in predicting suicidal ideation. We used a random forest
classifier to assess the predictive power of 13 individual factors on suicidal ideation. The x-axis represents the 13 selected factors, and the
y-axis represents the relative importance of each factor. The bars represent the relative importance of each respective factor with suicidal

ideation, ranging from O (no impact) to 1 (high impact).

We selected thirteen relevant questions about mental
health from the 2020 NSDUH to use as factors that impact
suicidal ideation in our random forest classifier. We calculated
the RIV of each factor. Sleep Problems were the most
important factor in predicting suicidal ideation with an RIV of
0.63, which means that the impact of sleep covers 63% of the
total impacts of all the factors (Figure 1). The second highest
factor was ‘How often could you not be cheered up in your
worst month?’ (rephrased) with an RIV of 0.045.

In the random forest classifier, training data is used to
train the model, while the testing data is used to evaluate
the correctness of the model calculated from training data. A
learning curve is used to show a model’s performance as the
training set size increases. It is calculated based on accuracy
from training data and from testing data to verify how
reasonable the model is by testing if there is any overfitting.
Overfitting is when a model learns to perform well on the
training data but performs poorly on testing data or new
unseen data. Another important metric is the cross-validation
score, which is the average accuracy score of all the folds
(11). Folds refer to subsets of data that are created by splitting
the original dataset into k smaller subsets of approximately
equal size. The accuracy score reflects the overall accuracy
of the model (12). We generated the model’s learning curve,
which reflects the tradeoff between the training data (2/3 of
all the data) and the testing data (1/3 of all the data) when the
size of the training set changes. Our learning curve showed
that both the training score and cross-validation score are
higher than 90%, with the cross-validation score being
around 94%, proving that our model is relatively accurate;
generally, a higher cross-validation score shows better model
performance (Figure 2) (11, 12). Our findings also show that
with a larger training set size, the accuracy score decreases
gradually with the training score while the cross-validation
score increases until it reaches a training set size of around
15,000.

DISCUSSION
This study employed public-use data from SAMHSA to
study factors that relate to people’s STPs. Our study showed

that sleep problems are highly predictive of STPs. With
regards to our findings about the optimal training set size,
the training score shows how well a model performs on the
training data and is obtained through evaluating the model’s
performance on the data it was trained upon; the cross-
validation score shows how well a model performs on data
it hasn’t seen and is obtained through assessing a model’s
performance on training and validation datasets (11, 12).
These results are consistent with previous studies,
which also found that sleep problems can relate more to
suicidal ideation than psychological problems, such as
depression (13—15). Previous research also revealed that
the high correlation between sleep problems and STPs was
associated with the transmission of serotonin, a hormone that
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Figure 2. The learning curve (including training score curve and
cross-validation score curve) for the suicide prediction model.
A learning curve verifies how reasonable a model is by testing if
there is any overfitting. Our learning curve (plotted as the accuracy
score (y-axis) versus the training set size (x-axis)) shows that both
the training score and cross-validation score are higher than 90%.
The gray shading around the cross-validation score line represents
variability in the model’s performance.
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)affects mood, sleep, and other emotional functions (16—18).
All this research suggests the importance of sleeping well in
suicide prevention.

Our research adds to the existing literature on the
relationship between psychosocial factors and suicidal
ideation, suggesting that improving sleep quality is critical
in preventing suicidal thoughts. Additionally, our research
tackles this specific sleep quality/suicidal ideation relationship
in parallel with other relationships (including anxiety/suicidal
ideation and restlessness/suicidal ideation). Furthermore, our
research doesn't solely focus on sleep, but rather a variety of
factors such as anxiety, restlessness, and sleep. Fortunately,
sleep problems are treatable using cognitive behavioral
therapy methods, and people can even use these treatments
at home. For example, they can restrict their mobile phone
usage, exercise more frequently, and avoid caffeine late in
the day (19-21). We also recognize that some individuals may
need more substantial treatment; however, making attempts
to improve sleep quality is a good first step.

We can also consider an alternate hypothesis—that
sleep disturbance was most predictive of suicidal ideation
because it may be a symptom of several other psychological
factors. That is, each other factor analyzed may have been
associated with one particular aspect of cognitive distress,
whereas sleep problems may reflect a combination of various
aspects of cognitive distress.

Some strengths of our study are that we used a national
dataset with a sample size of 30,000+ respondents aged 12
years and older. We also used a random forest classifier, a
powerful machine learning tool that is made up of multiple
decision trees, which makes its prediction accuracy higher
compared to individual classification trees. Additionally, it is
able to handle large datasets efficiently with high accuracy
and no overfitting (22). However, a random forest classifier
does have limitations. The algorithms are fast to train but
slow to create predictions once they are trained. Our result
suggests that for future research, we can reduce the training
set size to 15,000. Additionally, the results from the random
forest classifier only indicate which factors are predictive,
not which factors cause suicidal ideation. Of course, given
ethical and moral issues with inducing suicidal ideation, it is
difficult for any researcher to establish a causal relationship
between factors and suicidal thoughts. Another limitation of
our research was that we only looked at a limited number of
factors. In the future, researchers can build on our existing
work by analyzing more data and more factors pertaining to
suicidal ideation.

Additionally, the NSDUH survey asked questions about
substance misuse. However, few participants reported that
they had any issues with substances. Thus, we were unable
to use substance misuse as a factor in our random forest
classifier because it was only relevant to a few participants.

Overall, we found that sleep problems are highly predictive
of STPs. Future researchers can analyze how and why sleep
quality can have such an impact on suicidal ideation, or vice
versa.

MATERIALS AND METHODS
Data Collection

We downloaded public-use raw data from the Substance
Abuse and Mental Health Services Administration (SAMHSA)
to get extensive, nationwide data about mental health (8).

https://doi.org/10.59720/23-999

SAMHSA conducts a survey called the National Survey on
Drug Use and Health Survey (NSDUH) annually to ask the
United States general civilian population aged 12 years and
older questions about mental illness and substance use.
We analyzed survey data from 2020, which received 32,895
responses. The subset of relevant questions that we analyzed
is listed below in “Data Analysis”.

Data Analysis
We used R-Studio version 2022.7.2.576 and R version
4.2.1 to train the random forest classifier using the factors
we selected from the NSDUH survey (Figure 1). Each
relevant question (below) was a factor in the random forest.
Participants could respond to each question on a scale from
1-5: 1 = All the time; 2 = Most of the time; 3 = Some of the
time; 4 = A little of the time; 5 = None of the time. A few
participants chose to leave the question blank (around 2-3%).
The questions we analyzed were:
* During the past 30 days, how often did you feel nervous?
* During the past 30 days, how often did you feel hopeless?
* During the past 30 days, how often did you feel restless
or fidgety?
* During the past 30 days, how often did you feel so sad
or depressed that nothing could cheer you up?
* During the past 30 days, how often did you feel that
everything was an effort?
* During the past 30 days, how often did you feel down
on yourself, no good, or worthless?
* Think of one month in the past 12 months when you
were the most depressed, anxious, or emotionally
stressed. In that month ...
* ... how often did you feel nervous?
* ... how often did you feel hopeless?
+ ... how often did you feel restless or fidgety?
... how often did you feel so sad or depressed
that nothing could cheer you up?
» ... how often did you feel that everything was an
effort?
* ... how often did you feel down on yourself, no
good, or worthless?
* How often do you have sleep problems?

In the random forest classifier, each question was compared
to “any thoughts or plans of suicide” to quantify the predictive
power between each factor and STPs. For the suicide
question, participants could answer either “NO” or “YES.”
“YES” was coded as 1 = Has symptom, and “NO” was coded
as 2 = Does not have symptom. We generated an RIV using
the random forest to calculate the importance of each factor
in predicting STPs. We first split the selected dataset into
two datasets, setting two-thirds of the data as training data
and one-third of the data as test data. Finally, we trained the
random forest classifier and calculated each factor’s RIV. The
training score and cross-validation score were used to get the
accuracy score.
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