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Abstract
Suicide has become the second-leading cause of death among adolescents in the U.S. since the 
COVID-19 pandemic, with 9% of high schoolers having attempted suicide. This study used 
machine learning to identify the most predictive risk factors for suicide attempts among 
American high schoolers from 2021 data, and also to understand if one machine learning model 
could be better than another. The Center for Disease Control and Prevention (CDC) conducted 
the 2021 Youth Risk Behavior Survey (YRBS) and received 17,232 survey responses. Using the 
survey results, this study compared three machine learning models (LightGBM, Logistic 
Regression and Random Forest) for their accuracy in predicting suicide attempts, and identified 
the top risk factors. The most accurate predictive model methodology was LightGBM, based on 
the Area Under the Curve (AUC) value, Area Under the Precision-Recall Curve (AUPRC) value,
Accuracy, and the Kolmogorov-Smirnov (K-S) statistic. The leading predictors identified by the 
LightGBM model included excess body fat, sleep disturbances, Sars-CoV2 infection, 
consumption of alcohol, and physical inactivity among others. Identifying these risk factors 
enables the development of targeted prevention strategies, which include increasing physical 
activity and maintaining routine sleeping habits. Interventions should also incorporate strategies 
in promoting the mental wellness of adolescents. The results underscore the value of machine 
learning in predicting suicide attempts based on risk behaviors among high schoolers. 

Keywords
Youth suicide, Risk factors, Predictors, Machine Learning, LightGBM, Random Forest, 
Hyperparameter tuning, Logistic Regression, Adolescents, Youth Risk Behavior Survey

1Corresponding author: Lillian Wang, Adlai E. Stevenson High School, 1 Stevenson Dr, 
Lincolnshire, IL 60069, USA. lwang25@students.d125.org      
2Max Liu, Adlai E. Stevenson High School, 1 Stevenson Dr, Lincolnshire, IL 60069, USA. 
mliu25@students.d125.org      

Journal of High School Science, 8(3), 2024                                                                              341

mailto:mliu25@students.d125.org
mailto:lwang25@students.d125.org


Original article

Introduction
Mental health issues have become increasingly
prevalent  worldwide,  especially  among
teenagers. Approximately 5 million adolescents
between the ages of 12 and 17 in the United
States  have  experienced  at  least  one  major
depressive episode,  constituting  20.1% of  the
adolescent  population  (1).  Consequently,
suicide has become the second-leading cause of
death among adolescents in the U.S., with 9%
of high schoolers having attempted suicide (2).

Previous  studies  of  suicide  attempts  for  high
schoolers identified many behavioral  patterns,
along  with  psychological  and  environmental
factors. The purpose of this paper is to apply
machine  learning  to  identify  the  risk  factors
that  are  most  predictive  of  suicide  attempts
among American high schoolers, compare and
select  the  most  predictive  machine  learning
model,  and  identify  prevention  strategies  to
reduce the overall rate of suicide attempts. The
purpose of  the study is  not  to build  a model
accurate  for  future  datasets.  Rather,  it  is  to
understand  if  one  machine  learning  model
could be better than another.

Literature review 
Suicidal attempts among high schoolers can be
influenced by numerous risk factors, including
substance abuse, social isolation, traumatic life
events, psychosocial stressors, cultural factors,
etc.  (3).  Sleep  patterns,  physical  activity  and
perceptions  of  school  safety,  including
experiences  of  bullying  and  the  presence  of
weapons and drugs on campus, are evidenced
as  risk  factors  by  a  national  study  involving
adolescents  (4).  Early  sexual  activity  has  a
positive correlation with adverse mental health
outcomes, such as increased suicidal thoughts.

This  type  of  activity  can  lead  to  feelings  of
sexual  guilt,  concerns  about  early  pregnancy,
and  the  risk  of  experiencing  violent
victimization (5,6). For male adolescents, their
sexual  orientation  directly  correlates  with
suicide attempts, regardless of other variables.
However,  in  female  adolescents,  the
relationship  between  sexual  orientation  and
suicidal  inclinations  may be affected by drug
consumption,  as  well  as  encounters  with
violence and victimization (7).

Previous  studies  of  suicide  attempts  for  high
schoolers have reported substance abuse (e.g.,
cigarette  smoking,  using  vapor  products,  and
illegal drug abuse) as one of the most common
risk  factors.  Furthermore,  in  2019,  48.7% of
high school students who reported alcohol use
additionally  reported  themselves  previously
considering  committing  suicide  (8).  Early  or
frequent  alcohol  consumption  is  linked  to
youth  suicidal  behaviors  (9).  Social
connections  (e.g.,  family  closeness  and
connection to friends) also affect vulnerability
to  suicide  attempts,  due  to  feeling  dislocated
from their  safe  spaces  (10).   Recent  research
indicates  that  homeless  youth are  particularly
vulnerable to severe suicidal thoughts (11). A
recent analysis of literature found that mental
health declined in tandem with increased social
distancing  measures  during  the  COVID-19
pandemic quarantine (12).

A parallel investigation into YRBS using 2019
data found that individuals classified as obese
had  1.65  times  higher  odds  of  attempting
suicide compared to those who were classified
as non-obese (13).  Multiple  research findings
indicated  that  exercising  exhibited  a  positive
effect  on  alleviating  depressive  symptoms
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among  individuals,  significantly  reducing  the
frequency of suicide attempts (14). 

Past literature provided insights into adolescent
suicide  risk  factors,  but  ranking  the  most
predictive  factors  requires  a  quantitative
analysis.  By  applying  multiple  machine
learning methodologies, we aimed to select the
most predictive machine learning model, rank
predictive factors, and propose effective early
prevention strategies for high schooler suicide
ideators.

Methods
Study data
The  Study  data  for  machine  learning  was
extracted from the 2021 Youth Risk Behavior
Survey  (YRBS)  (15).   YRBS  was  collected

from  a  nationally  representative  sample  of
17,232 American students in grades 9 through
12,  from 209  systematically  selected,  public,
Catholic,  and other  private  schools  in  the  50
States  and  the  District  of  Columbia.  The
overall  response  rate  (school  response  rate  ×
student response rate) was 57.5% (8).  Most of
the 2021 survey questions have demonstrated a
high degree of test-retest reliability (16). 

Data processing and data reduction
Our  literature  review  indicated  that  twelve
themes of high school suicide risk factors were
relevant for this study as outlined in Figure 1.
The  2021  YRBS  contained  99  survey
questions,  many  of  which  were  highly
correlated  and  not  suitable  for  regression
modeling. 

Figure 1. Twelve themes for high schoolers’ suicide factors

These 99 survey questions were reduced to 12
questions, each corresponding to one of twelve
risk  factor  themes.  A  pairwise  Pearson
correlation  test  was  used  to  identify  highly
correlated  questions  among  the  12  themes.
Based on the high correlation we eliminated 2
variables, leaving 10 variables representing 10
themes.  The  details  of  this  process  are

explained in  Step 3 in  the Machine Learning
Procedure Section.

These 99 survey questions were reduced to 12
questions,  one  question  per  theme.  For  each
theme,  we  used  Linear  Regression  to  find
which  of  the  theme  questions  exhibited  the
highest slope with respect to suicide attempts.
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This identified the question in the theme that
best  predicted  suicide  attempts.  For  example,
Theme  5,  Sexual  Behavior  Theme,  had  7
questions (Q57-Q63) from the survey. Figure 2
presents  the  correlation  matrix  from  the  7
questions. Several variables, such as Q57 and

Q61, for example, were highly correlated with
a Pearson correlation  coefficient  of  0.90.  We
conducted  linear  regressions  between each of
these 7 variables  and the target variable.  The
results  of  7  linear  regressions  are  shown  in
Figure 3.

Figure 2. Theme 5 pairwise Pearson correlation results

We  chose  survey  question  q60_scaled  to
represent Theme 5 because the absolute value
of its regression coefficient was the largest as
shown  in  Figure  3.  The  same  process  was
repeated  for  the  9  themes  which  constituted
multiple  questions  in  each  theme.  We  hence

obtained 9 questions to represent the 9 of the
12 themes. Themes 10 and 11 were represented
with  single-question  themes  which  did  not
require correlation or data reduction. Theme 12
combined height and weight to compute BMI
with the following formula shown in Figure 4.

Figure 3. Theme 5 linear regression results
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Figure 4. BMI calculation formula

Model variables
The  model  target  variable  was  created  using
Question 28; “During the past 12 months, how
many times did you actually attempt suicide?”
The  answer  choices  were,  A.  0  times,  B.  1
time, C. 2 or 3 times, D. 4 or 5 times, E. 6 or
more  times.  The  response  “A.  0  times”  to
survey  question  28  was  classified  as  0.  The
respondents who responded with choices  “B”
through  “E”  were  classified  as  1.  The
independent  variables  used  in  the  machine
learning models were the 10 questions selected
from  the  variable  reduction  steps.  The  10
questions  were  determined  in  Step  3  in  the
Machine  Learning  Procedure  Section.  Our
modeling  sample  contained  17,232
observations,  of  which  1,753  were  suicide
attempts, thus our model target rate was 10.2%.

Model methodology
There  are  many  machine  learning  models
available  to  analyze  the  data.  We  aimed  to
balance  interpretability,  robustness,  and
predictive accuracy, ensuring that we captured
both  linear  and  non-linear  patterns  in  our
imbalanced dataset. For example, we needed to
rank  the  feature  importance  in  this  study.
Neural  networks  are  difficult  to  explain  and
interpret,  and do not  explicitly  output  feature
importance. Thus we rejected neural networks
for this study. 
The following three machine learning models
were  chosen  for  further  study:  Logistic

Regression,  Random  Forest,  and  Light
Gradient Boosting Machine (LightGBM). Each
methodology  has  its  own  strengths  and
weaknesses,  making  them  complementary  in
many scenarios.

Logistic Regression is a model usually chosen
for  its  simplicity  and  interpretability  (17).  It
works well when the relationship between the
features  and  the  target  variable  is
approximately  linear.  Logistic  Regression  is
also  computationally  efficient  and provides  a
clear interpretation of the output, which can be
useful  for  understanding  the  influence  of
individual  features.  Random  Forest  is  an
ensemble  learning  method  which  is  powerful
for  capturing  non-linear  relationships  and
feature  interactions  (18).  Random  Forest  is
robust to overfitting due to its use of multiple
decision trees and averaging of their results. It
handles a large number of features well and can
provide  insights  into  feature  importance,
making it a good choice for various data types
and  complexities.  LightGBM  is  a  gradient
boosting  framework which  is  highly  efficient
and  scalable,  making  it  suitable  for  large
datasets and high-dimensional data. LightGBM
excels in handling non-linear relationships and
complex feature interactions (18). It also offers
advantages  in  terms  of  speed  and  memory
usage.  The  gradient  boosting  machine  family
has GBM, LightGBM and XGBoosting. They
are  similar  in  methodology  (19)  and  we
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arbitrarily  chose  LightGBM  due  to  its  faster
runtime. 

The  performance  of  each  machine  learning
methodology  depends  on  factors  such  as  the
type of data, data quality, feature engineering,
model  validation  strategy,  evaluation  metrics,
and  proper  hyperparameter  tuning.  In  our
study,  we  employed  stratified  k-fold  cross-
validation  for  model  validation,  alongside
AUPRC, AUC, and K-S statistic as evaluation
metrics.

Our full model dataset was imbalanced, with a
target  rate  of  10.2%,  compared  to  the  ideal

50% in  balanced  data.  Given  this  imbalance,
stratified  k-fold  cross-validation  was  chosen
because  it  ensured  that  each  fold  maintained
the  same  class  distribution  as  the  original
dataset.  This  approach  is  recommended  for
imbalanced datasets like ours, where the target
rate  is  ~10%.  It  provides  a  more  reliable
evaluation  of  the  model's  performance  by
preserving class balance  across  folds,  leading
to  more  consistent  and  accurate  assessment
compared to  a one-fold train-test  split,  which
sometimes  may  not  adequately  address  the
class  imbalance  (20).  Our  3-fold  cross
validation  was  performed  with  stratification
which kept both the training and test sets at a
similar target rate of 10.2%.

Figure 5. Cross validation training + test fold size

Figure 6. Python code and log to create 3-fold cross validation

Figure  5  shows  the  3-fold  cross  validation
datasets.  In  each  fold,  a  model  is  trained  on

66.7% of data  and evaluated  on the withheld
33.3%.  The  final  evaluation  is  the  average
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performance of all folds. Figure 6 presents the
Python code and log for our LightGBM model
3-fold cross validation. The same process was
used  for  all  the  three  machine  learning
methodologies.

Machine learning procedure
Figure 7 presents the overall project flow chart,
which are introduced below as 8 steps. 

Figure 7. Project flowchart

In STEP 1, Exploratory Data Analysis (EDA)
was performed on the risk behaviors of interest
in  the  survey  data.  This  encompassed  a]
Cleaning up the data (including processing the
missing data, reversing or recoding the scores),
b] Categorizing the risk behaviors into twelve
themes,  c]  Calculating  the  score
sum/mean/percentage  for  each  risk  behavior

variable  based  on  the  risk  factor  themes,  d]
Standardizing the data variables.

Within STEP 2, Figure 8 shows the results of
the  variable  reduction  step  to  select  12
variables  that  best  predicted  suicide  attempts
from the 99 survey questions.  The BMI value
was  calculated  from  4  survey  questions  for
theme 12.
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Figure 8. Risk factor theme questions and associated descriptions

In STEP 3,  we further reduced the 12 theme
variables  to  10  to  eliminate  multicollinearity.
Using 0.55 correlation as the cut-off, we found
two pairs  with  high  correlation,  as  shown in
Figure 9, and decided to remove one variable
from each pair. From between Q54 vs Q87 with
correlation of 0.61, we selected Q54. Between
Q93  vs Q97  with  correlation  of  0.57,  we
selected Q93. The variable we selected showed
a  higher  Pearson  correlation  with  the  target
variable. 

In  STEP  4,  the  following  machine  learning
models were run on the full study population:
Logistic  regression;  Random  Forest  (with
hyperparameter  tuning);  LightGBM  (with
hyperparameter tuning), from which our model

feature importance originated. This method of
modeling the full data and evaluating with k-
folds  has  been  used  successfully by  other
statisticians (21).

In STEP 5, the machine learning models were
run  with  stratified  3-fold  cross  validation
strategies  to  explore  the  varied  effects  of
distinct  risk  behaviors  on  suicidal  attempts
through three methodologies. Stratified Cross-
fold  validation  is  vital  as  it  evaluates  the
model's  generalizability  in  imbalanced  data,
mitigates  overfitting  risks,  and  generates
performance  estimates  across  diverse  data
subsets.  Each  fold  built  a  model  on  a  67%
training split and evaluated on a withheld 33%
test split.
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Figure 9. Pearson correlation among 12 variables from Figure 8

In STEP 6, The best model was chosen based
on each model’s AUC value, AUPRC value, K-
S statistic,  and Accuracy calculated  from the
Confusion Matrix (22). The AUC, or the “Area
under  the  ROC  Curve”  measures  the  area
underneath  the  receiving  operating
characteristic  curve  (ROC).  The  ROC Curve
plots  two  parameters:  True  Positive  rate  and
False Positive rate. The larger the AUC value
the better the target prediction. For that reason,
we compared the AUC value for each model
with  the  best  model  possessing  the  highest
AUC value. The AUPRC stands for the “Area
under  the  Precision  –  Recall  Curve”.  It  is  a

performance  metric  used  to  evaluate  binary
classification  models,  particularly  in  cases
where the class distribution is imbalanced. The
larger  the AUPRC value  the better  the target
prediction.  For  that  reason,  we compared  the
AUPRC value  for  each  model  with  the  best
model  possessing  the  highest  AUPRC value.
The  K-S  statistic;  the  Kolmogorov-Smirnov
statistic;  is  the  maximum  difference  between
the  cumulative  distribution  of  the  predicted
probabilities  for  the  positive  class  and  the
cumulative  distribution  of  the  predicted
probabilities  for  the  negative  class  (23).
Mathematically, it is defined as:

K-S Statistic = maxx|FPR(x) – TPR(x)|
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Where x is a value on the horizontal axis which
represents the fraction of total data population,
FPR(x),  also  known  as  1-Specificity,  is  the
cumulative proportion of the negative class (in
our  study non-suicide-attempts),  TPR(x),  also
known  as  Sensitivity,  is  the  cumulative
proportion of  the  positive  class  (in  our  study

suicide  attempts).  The  K-S  statistic  indicates
the  maximum  separation  between  the  two
distributions.  The  larger  the  K-S  statistic  the
better is the target prediction (Figure 10). For
that reason, we compared the K-S statistic for
each model with the best model possessing the
highest K-S statistic (24).

Figure 10. K-S statistic vs. model predictiveness

Figure 11. K-S curve for Logistic Regression model

The K-S Curve is visual representation of the
K-S statsistic. Our logistic regression model K-
S curve is shown in Figure 11. The Confusion
Matrix  is  a  performance  measurement  for
machine learning and is  useful for measuring
accuracy,  recall,  and  specificity.  Figure  12
shows  a  Confusion  Matrix  for  Binary
Classification.  A False Positive is also called a

Type  I  Error,  where  the  model  predicts  a
positive outcome, when in reality, the outcome
is negative. A False Negative is called a Type
II Error,  where the model predicts  a negative
outcome,  when  in  reality,  the  outcome  is
positive (22). 
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From the Confusion Matrix we computed the
accuracy as shown as Figure 13. The larger the
accuracy  the  better  the  target  prediction.  For

that  reason,  we  compared  accuracy  for  each
model  with  the  best  model  possessing  the
highest accuracy value.

Figure 12. Confusion matrix definition

Figure 13. Statistical model accuracy formula

In STEP 7, The model findings were compared
with the existing literature, which also included
the BMI post-analysis. In STEP 8, a discussion
of  the  study’s  strength  and  weakness  was
presented.

Results
Models  could  not  be  produced  using  all
correlated 99 survey questions 

The following model  logs in Figure 14 show
the results  of sending all  99 survey questions
directly  into machine learning methodologies,
indicating  that  a  valid  model  could  not  be
produced.  To  mitigate  this  problem,  the  99
survey  questions  were  reduced  into  10  risk
factor themes prior to running the regression.

Figure 14. Model log shows models cannot be solved with all 99 raw survey questions
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LightGBM is the most predictive model for the
study population
Three  machine  learning  methodologies  (i.e.
Logistic Regression, LightGBM, and Random
Forest)  were performed separately,  each  with
3-fold  cross-validation  and basic-level  hyper-

parameter  tuning.  Based on the  AUC values,
AUPRC values,  Accuracy,  and  K-S  statistic,
LightGBM  was  selected  as  the  best  model
methodology for this study. Figure 15 presents
the details of the model results.

Figure 15. Comparing three model methodologies using 3-fold cross-validation average

Logistic Regression model results
Logistic  Regression,  developed  in  the  early
20th  century,  is  a  statistical  model  used  for
binary  classification  that  predicts  the
probability of a binary outcome based on one
or  more  predictor  variables.  When  all  10
variables  were  input  into  the  Logistic
Regression  model,  two  variables  exhibited

insignificant P-values using 0.05 as the cut-off
(Figure  16)  (25).  Thus,  we  removed  Q15
(Unsafe  school  environment,  etc.)  and  Q60
(Sexual  Behavior),  and  ran  the  logistic
regression  on  the  remaining  8  significant
variables. Figures 17 and 18 show the Logistic
Regression model results on these 8 variables.

Figure 16. Initial Logistic Regression run model coefficients P-Values

Figure 17. Logistic Regression model feature importance
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Figure 18. Logistic Regression model evaluation statistics

LightGBM model results
LightGBM, created by Microsoft in 2016, is a
gradient  boosting  framework  that  uses  tree-
based  learning  algorithms,  designed  for

efficiency  and  speed,  especially  with  large
datasets  (26).  Figures  19  &  20  show  our
LightGBM model results including the model
feature importance.

Figure 19. LightGBM model evaluation statistics

The top five predictors of high school suicide
attempts as returned by the LightGBM model
were high body mass index, sleep disturbances,
COVID  Impact,  alcohol  consumption  at  an
early age and a low level of physical activity.
LightGBM  models  require  hyperparameter
tuning  to  optimize  model  performance  (27).

Hyperparameters  are  parameters  that  control
the  machine  learning  process,  but  are  not
model  independent  variables  (28).  A  pre-set
grid  of  hyperparameter  values  was  input  to
evaluate  the  LightGBM  model's  performance
using cross-validation  for all  combinations  of
hyperparameter  values.  The  hyperparameter
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tuning  that  was  used  for  the  current  stage
LightGBM model involved, a] Max_depth: the
maximum depth  of  each  decision  tree  in  the
gradient-boosting  machine.  The  Best
max_depth returned by the grid search process
was 5. b] Min_child_sample: minimum number

of  data  points  required  to  be  in  a  leaf  node.
Best  Min_child_sample  returned  by  the  grid
search  process  was  7.  c]  N_estimators:  the
number  of  decision  trees  to  be  used  in  the
gradient-boosting  machine.  Best  n_estimators
returned by the grid search process was 100.

Figure 20. LightGBM model feature importance

Random Forest model results
Random Forest, introduced by Leo Breiman in
2001,  is  a  machine  learning  method  that

constructs  multiple  decision  trees  during
training  and  outputs  the  mode  of  their
predictions for classification tasks (29). 

Figure 21. Random Forest model evaluation statistics
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Figure 22. Random Forest feature importance

Figures  21  and  22 show our  Random Forest
model  results  including  the  model  feature
importance.  The  top  five  predictors  of  high
school suicide attempts for the Random Forest
model were high body mass index, less level of
physical  activity,  sleep  disturbances,  alcohol
consumption  at  an  early  age  and  early  age
sexual engagement.

Random  Forest  models  also  require
hyperparameter  tuning  to  optimize  model
performance. All pre-set hyperparameter values
were searched through to evaluate the model's
performance  (30)  for  each  combination  of
hyperparameters.  The  hyperparameters  tuned
during  the  current  stage  study  were,  a]
Max_depth:  the  maximum  depth  of  each
decision  tree  in  the  Random  Forest.  Best
max_depth returned by the grid search process
was  10.  b]  Min_samples_split:  the  minimum
number of samples required to split a tree node.
Best  min_samples_split  returned  by  the  grid
search  process  was  8.  c]  N_estimators:  the
number  of  decision  trees  to  be  used  in  the
Random Forest. Best n_estimators returned by
the grid search process was 300.

Selection of the best model: LightGBM 
The  LightGBM  model  returned  the  highest
AUC value, AUPRC value, accuracy and K-S
statistic,  indicating  that  it  consistently
performed  better  when  compared  to  the
Random  Forest  and  Logistic  Regression
models.

BMI was one of the highest ranked risk factors
for predicting suicide attempts.  A high BMI is
usually indicative of high body fat.  BMI was
the top predictor  in  the both  the LightGBM
and  Random  Forest  models.  Following  this
ranking, the following 5-step post-model BMI
statistics analysis was performed (31). 

In Step 1, a histogram of BMI values from the
YRBS survey data was prepared and the BMI
value  ranges  classification  was  retrieved
(Figure 23). In Step 2, the suicide rates for the
two BMI classification groups were calculated
(Figure 24).
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Figure 23. BMI histogram and classification

Figure 24. Suicide attempt rates for BMI classification

In Step 3, a two-sample t-test for proportions
was performed (31). The Null Hypothesis (H0),
was  formulated  as;  ‘There  is  no  significant
difference  in  the  proportions  of  respondents
with  suicide  attempts  between  the  "Normal"
and  "Overweight  +  Obese"  groups’.  The
Alternative  Hypothesis  (H1),  was  formulated
as;  ‘There  is  a  significant  difference  in  the
proportions  of  respondents  with  suicide
attempts  between  the  "Normal"  and
"Overweight + Obese" groups.’

The  Sample  Proportions  (P)  were  calculated
using the variables X1 = # of respondents with
suicide  attempts  in  the  "Normal"  group: 935;
X2 = # of respondents with suicide attempts in
the "Overweight  + Obese" group:  543;  N1 =
Total number of respondents in the "Normal"
group:10,391;  N2  =  Total  number  of
respondents  in  the  "Overweight  +  Obese"
group:  4,505;   P1=X1/N1=935/10391=0.090;
P2=X2/N2=543/4505=0.1205. 

Figure 25. Standard error calculation in t-test
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The standard error, SE was calculated (Figure
25) as was the t-statistic,  as  t = (p1-p2)/SE =
(0.090-0.1205)  /0.0064  =  -0.0305/0.0064  =  -
4.77. In Step 4, The Degrees of Freedom (df),
were  calculated  as, df  =  N1+N2-2  =
10391+4505-2 = 14894. With a t-statistic of -
4.77, and 14,894 degrees of freedom, the two-
tailed p-value was close to 0. Since the p-value
<  0.05,  the  null  hypothesis  was  rejected.  In
Step  5,  we  concluded  that  the  above  two-
sample t-test  found a significant difference in
suicide  attempt  rates  between  high  school
students  categorized  as  "Normal"  (9%)  and
"Overweight  + Obese" (12%),  indicating  that
there  were  significantly  more  attempts  by
students  in  the  overweight  group  to  commit
suicide than those in the normal weight group.

Discussion
Risk factor ranking for suicidal attempts
The top 5 predictor risk factor themes as output
by  the  LightGBM  model  in  order  of  model
performance  were,  a]  Theme  12:  BMI,  body
mass  index  (obesity),  b]  Theme  10:  Sleep
(excess  sleep  hours),  c]  Theme  7:  COVID –
related Impacts (stress, anxiety, depression), d]
Theme 3: Alcohol (early age usage), e] Theme
6: Physical Activity (number of hours)

The  risk  factors  identified  in  the  study  are
consistent  with  the  findings  reported  in  the
literature studies investigating suicide attempts
in  youth.  The  model  indicated  that  high
schoolers  who  are  obese  are  more  likely  to
attempt suicide. This finding is consistent with
the odds of suicide attempts being 1.65 times
higher for high schoolers classified in the obese
category  (13).  The  model  found  that  high
schoolers who have disordered sleep patterns,
especially excess sleep hours are more likely to

attempt suicide. This finding is also consistent
with a national study involving adolescents (4).

The  model  further  found  that  poor  mental
health  (stress,  anxiety  and depression)  during
the COVID-19 pandemic was associated with
an  increased  risk  of  suicide  attempts  among
high schoolers. Literature reviews found that a
person’s  mental  health  deteriorated  after  they
engaged  in  social-distancing  during  the
COVID-19  quarantine  (12).  The  model  also
found that high schoolers who used alcohol at
an  early  age  were  more  likely  to  attempt
suicide. The published literature states alcohol
use (9) as a common risk factor for individuals
considering suicide. The model found that high
schoolers who were less physically active were
more likely to attempt suicide. This finding is
consistent  with  a  national  study  involving
adolescents (4).

Further study using machine learning models
The models were run using the full population
and  3-fold  stratified  cross-validation  model
datasets.  Our  model  AUPRC  was  less  than
50%.  A low AUPRC indicates that the model
is having difficulty in identifying true positives
without also including a high number of false
positives.  Future  modeling  attempts  can  be
improved by considering the following (32); a]
Implementing  over-sampling  and  under-
sampling  techniques;  b]  Tuning  the  decision
threshold  to  maximize  the  AUPRC,  and
monitoring  recall,  precision  and  F1  score
model  metrics  (Figure  26);  c]  Creating  new
features  and  applying  additional
transformations  to  existing  features;  d]
Utilizing  transfer  learning,  where  a  model
trained  on  one  task  is  adapted  to  improve
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performance  on  a  related  task  using  a  pre-
trained model.

Figure 26. Calculating recall, precision and F1 value
 
Survey data limitations and assumptions
The responses were most likely influenced by
the following factors, that may have resulted in
inaccuracies.  a]  Cultural/Social  Bias:
Respondents  may  have  answered  based  on
what  they  believe  are  considered  their
social/cultural  norms,  instead  of  expressing
their  true  beliefs  (33).  b]  Nonresponse  Bias:
Respondents may have feared repercussions for
their  answers  and  doubted  the  survey's
anonymity (34), leading them to withhold their
true beliefs. c] Memory Bias (35): Respondents
may have poor memory recall for a variety of
factors,  leading  to  inaccurate  or  inconsistent
responses.  d]  Teenage  Immaturity  (36):  The
respondents are all teenagers which may lead to
inaccurate responses due to their immaturity.

It  was  assumed  that  the  survey  sample
represented a random selection of all American
high  school  students  and  the  survey
conclusions could hence be extrapolated for all
American  high  school  students.  Also,  it  was
assumed  that  respondents  were  given  ample
privacy  to  answer  independently  and did  not
feel  pressured  to  answer  based  on  others’
choices.

Conclusion
This  study  compared  three  machine  learning
models for their accuracy in predicting suicide
attempts,  and  identified  the  top  risk  factors,

which, in turn, suggested mitigation strategies
to  reduce  youth  suicide  attempts.  The
LightGBM  model  outperformed  the  Random
Forest and Logistic Regression models in terms
of  prediction  accuracy.  An  important  finding
was  that  the  models  could  be  rendered
functional  by  first  reducing  the  99  survey
questions  into  10  non-correlated  risk  factor
themes.  Utilizing  stratified  cross-validation
along with AUPRC and AUC metrics provided
an  effective  approach  to  evaluate  the
imbalanced data with a 10.2% target rate. The
top  model  predictors  returned  by  the
LightGBM  model  were  BMI,  sleep,  COVID
related  impacts,  alcohol  early  age  use  and
physical activity.

Corresponding mitigation  strategies  suggested
to  reduce  youth  suicide  attempts  were  to
increase physical activity to improve BMI; to
addressing  alcohol  abuse  through  counseling
and  educational  programs  on  the  risks  of
alcohol; to maintain routine sleeping habits and
to  foster  social  connections  through  more
virtual  and  in-person  school  activities.  The
latter  could  be  addressed  by  school
administrators and mental health professionals
identifying  at-risk  students  earlier  and
providing  support  and  referrals  to  treatment
services,  as  well  as  adding  more  education
classes for promotion of the mental wellness of
adolescents.
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