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ABSTRACT

Anxiety and depression are two of the most pressing mental health issues, particularly among young adults.
Given the success of neural networks for predictive modeling, we developed novel neural network models for
classifying anxiety and depression using Substance Abuse and Mental Health Services Administration’s Mental
Health Client- Level Data (SAMHSA MH-CLD) on 382,174 young adults (15 to 24 years old). The SAMHSA
MH-CLD included mental health and general background data collected in 2020 for individuals reporting to
state-accredited hospital service centers across the United States. The neural networks were trained on 10%
randomized k-folds of the dataset and tested on the remaining 90% for each fold. We found that neural network
models predicted anxiety and depression with high accuracy (91.5% to 94.2% accuracy, 8.4% to 3.1% loss),
outperforming conventional statistical models. Additionally, for all tested variable sets, our neural network
model outperformed expectations for the average therapist consultation (46% to 50% accuracy), as reported
previously. For the optimal neural network model with the highest accuracy, the variables most correlated with
anxiety and depression were age, education, gender, race, employment, marital status, and stressor events, not
accounting for redundant and minimally correlated variables. The effectiveness of our neural network model
indicates that it can be implemented alongside therapists in clinical environments to improve psychiatric diag-
nosis among young adults.

Introduction

Despite the proliferation of efforts targeted at improving individuals’ well-being, mental health has become an
increasingly challenging issue in the United States, particularly among teenagers and young adults. In 2019,
more than a third of high school students experienced persistent feelings of sadness or hopelessness (Centers
for Disease Control and Prevention [CDC], 2021). Furthermore, these numbers increased significantly during
the COVID-19 pandemic, as 37% of high school students reported having poor mental health, and 44% reported
that they dealt with feelings of sadness or hopelessness nearly every day for at least two consecutive weeks
(Schaeffer, 2022). These concerning figures coupled with the stigma surrounding the utilization of mental health
services among young adults makes it difficult to provide them with timely intervention for psychiatric disor-
ders (Vernooij-Dassen et al., 2005). To address this issue, a variety of methods have been proposed to proac-
tively identify mental health cases. The traditional approach for diagnosing psychiatric disorders is telemedi-
cine, often leading to sessions with skilled psychologists. While useful, these sessions tend to be limited by
their in-person nature and obstructed by financial barriers (Rowan et al., 2014). Moreover, even psychologists
are only able to accurately diagnose 46% of anxiety and 50% of depressive disorders (Al-Huthail, 2008). On
the other hand, novel advances in statistical regression and machine learning models, particularly neural net-
works, can be used to quickly discern anxiety and depression, two of the most common mental health illnesses
in the youth population. Neural network approaches have been successfully implemented for predictive mod-
eling tasks in healthcare (Davenport & Kalakota, 2019). In this study, we developed neural network models
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implemented on a large dataset to predict anxiety and depression outcomes in the U.S. young adult population.
We also compared the results of our neural network model against baseline logistic regression models for cross-
testing accuracy and loss.

Literature Review

Overall, poor mental health among youth has increased by 40% since nation-wide tracking was launched in
2009 (CDC, 2021). Subpar mental well-being is associated with lifestyle disruptions, as disorders like anxiety
and depression can prevent the continuation of day-to-day activities (Schaeffer, 2022). Additionally, the CDC
determined that approximately 1 in 6 youth reported to plan suicide, a significant increase from previous figures,
further representative of the worsening of mental health in the last decade (CDC, 2021).

However, even with the rising prevalence of mental health disorders, the majority of online interven-
tions are based on telemedicine, which is often too generalized for effective implementation (Wu et al., 2021).
In addition, telemedicine frequently leads to sessions with psychologists. These therapy sessions can be hin-
dered by the stigma surrounding in-person discussion about mental health as well as financial cost, as the price
for one session can exceed 200 dollars (Barron, 2023; Sava et al., 2009).

As aresult, many individuals displaying single risk factors for anxiety and depression remain undiag-
nosed (Ebert, 2017). To improve proactive diagnosis for psychiatric disorders, predictive algorithms, powered
by statistics and machine learning tools, can be implemented for early identification of mental health flags.
Such approaches have been used successfully for predictive modeling and diagnosis tasks in other areas of
healthcare, including early diagnosis of Alzheimer’s disease, classification of congestive heart failure, and skin
cancer prediction (Miotto et al., 2017).

A key step that is necessary for ensuring the reliability of predictive models for mental health diagnosis
is the analysis of the effect of varied factors on model output. There are a number of known factors that impact
mental health, such as acculturation, race, gender, age, socioeconomic standing, and past stressor events.

There are a substantial number of individuals each year who change living and, accordingly, commu-
nity situations, tending to lead to poor mental health outcomes (Koneru et al., 2007). Beyond the impact of
acculturation, race plays a large role in determining mental health. For example, it is known that African Amer-
ican students more commonly deal with deteriorated mental health than other races (CDC, 2021).

For gender, previous research has shown that women, particularly those in worse socioeconomic stand-
ing, experience a greater frequency of events negatively impacting mental health (Afifi, 2007). Looking at
socioeconomic status in isolation, decreased income and poor housing have a statistically significant effect on
individual and community mental health (Evans et al., 2003). Education has also been shown to be associated
with mental health, as those with higher levels of education tend to experience less stressor episodes and better
mental health (Araya, 2003).

Pairing demographic background with socioeconomic status, past studies demonstrate that poor, mi-
nority individuals experience a significantly higher number of stressful life events (Businelle et al., 2013). As
determined by Businelle ef al., the number of life stressors was the principal mediator of the relationship be-
tween mental health and demographic data. Furthermore, demographics have been found to account for 24%
of the variance in participants’ psychological help seeking attitudes, exacerbating the relatively low psycholog-
ical help-seeking openness scores of unmarried Americans, many being young adults (Mackenzie et al., 2006).

Therefore, in this study, we implemented neural network and logistic regression models that accounted
for various demographic and socioeconomic factors, in addition to mental health stressor events for predicting
anxiety and depression among young adults.
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The original data was anonymized survey responses of 6.9 million participants in state hospital service centers
and was collected in 2020 as part of the Substance Abuse and Mental Health Services Administration’s Mental
Health Client-Level Data (SAMHSA MH-CLD). The data was cleaned and summarized in the Jupyter Note-
books environment using the pandas library. The cleaned data analyzed in this study included 382,174 young
adults, aged 15 to 24, of which 26.5% had anxiety and 35.7% had depression. Table 1 shows the categorical
distribution of the variables most correlated with anxiety and depression outcomes in the dataset.

Table 1. Categorical Distributions for Most Correlated Input Variables in Cleaned Data

Category/ Category | Category | Category | Category | Category | Category | Category | Category | Category | Category
Variable 1 2 3 4 5 6 7 8 9 10
Age 15-17 18-20 21-24
Years Years Years
(45.85%) | (29.06%) | (25.09%)
Education 6" to 8 | 9o 11™ | 12" Grade | College or | Special
Grade Grade or General | Above Education
(19.97%) | (44.30%) | Education | (5.65%) (0.52%)
(29.56%)
Race American Asian Black or Native White | Other Race
Indian/ (2.35%) African |Hawaiian or| (46.34%) | or Missing
Alaska American Pacific (30.66%)
Native (16.45%) | Islander
(3.90%) (0.30%)
Gender Male Female
47.73%) | (52.27%)
Mental Trauma | Delirium | Conduct Bipolar |Opposition| Pervasive |Personality | Schizophre | Alcohol or None
Health and or Disorder | Disorder | al Defiant |Developme| Disorders [nia or Other| Substance | (39.53%)
Diagnosis 1 Stressor | Dementia | (2.20%) (6.78%) | Disorder ntal (0.35%) | Psychotic Use
Related (9.97%) (2.20%) | Disorder Disorder | Disorder
Disorder (2.85%) (7.86%) | (10.62%)
(17.90%)
Mental Trauma | Delirium | Conduct Bipolar |Opposition| Pervasive |Personality [ Schizophre [ Alcohol or None
Health and or Disorder | Disorder | al Defiant [Developme| Disorders [nia or Other| Substance | (89.02%)
Diagnosis 2 Stressor | Dementia | (0.88%) (0.94%) Disorder ntal (0.32%) | Psychotic Use
Related (3.35%) (1.02%) | Disorder Disorder | Disorder
Disorder (0.79%) (0.90%) (0.24%)
(2.57%)
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Mental Trauma | Delirium | Conduct Bipolar |Opposition| Pervasive |Personality [ Schizophre | Alcohol or| None
Health and or Disorder | Disorder | al Defiant |Developme| Disorders [nia or Other| Substance | (97.91%)
Diagnosis 3 Stressor | Dementia | (0.20%) (0.16%) | Disorder ntal (0.15%) | Psychotic Use
Related (0.49%) (0.30%) | Disorder Disorder | Disorder
Disorder (0.19%) (0.036%) | (0.24%)
(0.40%)
Marital Never Now Separated | Divorced
Status Married Married (0.15%) (0.15%)
(98.91%) | (0.79%)
Employment Full- Part-  |Undifferent| Unemploye| Notin
Time Time iated d (18.34%)| Labor
(8.54%) (7.40%) [Employmen Force
t (1.44%) (64.27%)

ISSN: 2167-1907

Model Creation and Evaluation

The logistic regression model was set up in Jupyter Notebooks, and neural networks in Google Colab with
Adam optimizers, 10 ReLU activators and a final sigmoid layer. The logistic regression models were trained
on a randomized three k-fold subset of the dataset, while neural networks were trained on 10% k-folds of the
data and evaluated against the remaining 90%, with the tests averaged to obtain the final accuracy and loss
results. For both neural network and logistic regression models, the first variable set, V1, included 38 of 40
available variables in SAMHSA MH-CLD. As we aimed to determine the model with the highest cross-testing
accuracy, we stepwise- removed variables with the least predictive correlation in sets V2 to V5. Overall, all sets
from V1 to V5 included the minimum of the following variables, as suggested by previous literature: race,
gender, education, demographics, and stressor events (Afifi, 2007; Businelle et al., 2013; CDC, 2021; Koneru
et al., 2007). A visual representation of our stepwise-removed variable sets is shown in Figure 1.
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Figure 1. Stepwise-removed Variable Sets, V1 to V5
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Results

We found that neural network models (91.5% to 94.2% accuracy, 8.4% to 3.1% loss) are more accurate in
predicting anxiety and depression than logistic regression models (65.5% to 92.5% accuracy, 50.4% to 7.2%
loss). The graphs representing the cross-testing accuracies for anxiety and depression diagnoses across each
variable set, V1 to V5, are shown in Figures 2 and 3, respectively. Additionally, for all variable sets, both
models outperformed expectations for the average therapist consultation (46% to 50% accuracy), as reported in
previous literature (Al-Huthail, 2008). Although our neural network model performance was optimized with
variable set V3 of 32 variables, the baseline for machine leaning performance exceeded 91%, even with variable
set V5 of only 9 variables, which included race, gender, education, employment, marital status, and stressor
events. In contrast, the accuracy for our logistic regression models worsened significantly, with accuracies as
low as 79.8% for anxiety and 65.5% for depression prediction when overfitting or underfitting with variable set
V1 or V5, respectively.

Logistic Regression v.s. Neural Network Accuracy for Anxiety Diagnosis
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Figure 2. Logistic Regression vs. Neural Network Accuracy for Anxiety Diagnosis Across Variable Set V1 to
V5
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Logistic Regression v.s. Neural Network Accuracy for Depression Diagnosis
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Figure 3. Logistic Regression vs. Neural Network Accuracy for Depression Diagnosis Across Variable Set V1
to V5

Conclusion

We found that neural networks were significantly more precise than logistic regression in all tested cases, con-
firming previous research which found that, unlike logistic regression, the weighting systems of neural networks
can address the negative effects of redundant variables while also avoiding the effects of overfitting (McCaffrey,
2018). For anxiety and depression diagnoses, the evaluation of stepwise-removed variable sets enabled us to
find that our neural network accuracy was optimized with set V3 of a total 32 variables. The effectiveness of
V3 in predicting anxiety and depression indicates that a predictive model must retain specificity for variables
that are highly correlated with mental health outcomes (e.g. demographics, living situation) but should not fit
for inter- correlated (e.g. race, ethnicity) and insignificant (e.g. state of collection) variables. Overall, our opti-
mal neural network model, with high cross-testing accuracy and minimal loss, can be used by therapists in
clinical settings to identify previously misdiagnosed patients and improve overall diagnosis of anxiety and de-
pression.

Future Research

Even with the high cross-testing accuracies of our novel neural network models, additional research is still
needed to analyze the impact of other specialized variables that were not tracked in SAMHSA MH-CLD (e.g.
neighborhood and school location, exact number and temporal variation in stressor event frequency). Also,
moving forward, an important step is the testing of an in-field implementation of the proposed machine learning
approach in clinical environments, which would help us understand the adjustments needed to be made to the
model architecture for more effective use alongside psychologists.
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