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Abstract
In this paper, we present the U.S. Mental Health Dashboard, an R Shiny web application that facilitates exploratory

data analysis of U.S. mental health data collected through national surveys. Mental health affects almost every aspect of
people’s lives including their social relationships, substance use, academic success, professional productivity, and physical
wellness. Even so, mental illnesses are often perceived as less legitimate or serious than physical diseases, and as a result
of this stigmatization, many people suffer in silence without access to proper treatment. To address the lack of accessible
healthcare information related to mental illness, the U.S. Mental Health Dashboard presents dynamic visualizations,
tables, and choropleth maps of the prevalence and geographic distribution of key mental health metrics based on data
from the National Survey on Drug Use and Health (NSDUH) and Behavioral Risk Factor Surveillance System (BRFSS).
National and state-level estimates are provided for the civilian, non-institutionalized adult population of the United
States as well as within relevant demographic subpopulations. By demonstrating the pervasiveness of mental illness and
stark health inequities between demographic groups, this application aims to raise mental health awareness and reduce
self-blame and stigmatization, especially for individuals that may inherently be at high risk. The U.S. Mental Health
Dashboard has a wide variety of potential use cases: to illustrate to individuals suffering from mental illness and those
in close proximity to them that they are not alone, identify subpopulations with the biggest need for mental health care,
and help epidemiologists planning studies identify the target population for specific mental illness symptoms.
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1. INTRODUCTION
It is fairly commonplace for people to go to the doctor

or confide in their friends and family when they are feeling
physically unwell. However, mental illnesses are much less
likely to be discussed or treated. According to the Mental
Health Million Project [12], 45% of individuals with clinical-
level mental health challenges in the United States do not
seek professional help. Stigma and lack of affordable treat-
ment options are major obstacles that preclude people from
discussing and seeking treatment for mental illness [6].

Existing web applications that visualize healthcare data
rely on only one survey or are focused on physical illnesses
such as cancer and heart disease [2]. Other more compre-
hensive platforms aimed towards mental health are cumber-
some to navigate or answer a small set of specific questions,
instead of providing a more high-level view of the mental
health landscape [11, 2, 10]. However, there is currently no
easy-to-navigate, broad-scale data visualization web appli-
cation for those who want to learn more about the preva-
lence and health disparities associated with common symp-
toms of mental illness. However, such an app would be useful
in a wide range of scenarios: for example, it could help peo-
ple suffering from mental illness and those who care for them
know they are not alone, as well as providing an overview of
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the scale and distribution of mental illness for public health
practitioners and epidemiologists.

To address this gap, we present the U.S. Mental Health
Dashboard, an interactive web application for exploratory
data analysis that aggregates mental health statistics from
two national surveys. We use data from national surveys run
by the Department of Health and Human Services (DHHS)
[13] and Centers for Disease Control and Prevention (CDC)
[3] to visualize various mental health illnesses and key men-
tal health metrics for adults across the United States. The
databases are integrated into an interactive web app that
allows users to select response variables of interest, produce
dynamic visualizations, tables, and choropleths for response
variables of interest, and compare results across different
subpopulations.

2. METHODS
2.1 Contributing Datasets
2.1.1 National Survey on Drug Use and Health (2020)

The National Survey on Drug Use and Health (NSDUH)
is a national study run by the DHHS that collects informa-
tion on several health-related issues including tobacco, alco-
hol, drug use, and mental health in the United States. The
population of interest is the civilian, non-institutionalized
population aged 12 or older at the time of the survey, i.e.,
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excluding active military personnel, people living in institu-
tional group quarters, and homeless individuals. Our analy-
sis only uses data on adults ages 18 and older from the 2020
survey (27,170 observations).

Participants are selected for the survey using an indepen-
dent, multistage area probability sample within each state
and the District of Columbia. Because geographic identifiers
such as state are not included in the 2020 public use file, it
is only possible to make national estimates. The weights in
this file are approximately the inverse probability of selec-
tion for each record.

The response variables of interest from this survey in-
clude level of psychological distress over the past 30 days,
worst psychological distress over the past 30 days, predicted
probability of serious mental health illness, and mental ill-
ness category as well as indicators for the past month of seri-
ous psychological distress, serious suicidal thoughts, suicidal
plans, suicide attempt, lifetime major depressive episode,
and major depressive episode in last year. Available de-
mographic and social characteristics include gender, educa-
tional status, marital status, age, race, employment status,
income, and poverty level.

Due to the COVID-19 pandemic, Quarter 4 of 2020 was
the first time that the NSDUH utilized web-based interview-
ing. However, a concerningly high number of adults provided
usable information on their substance use but did not com-
plete the mental health or later questions (i.e., “break-offs”).
The DHHS created additional analysis weights to analyze
the unimputed outcomes starting from the mental health
and subsequent sections of the questionnaire to account for
respondents who broke off the interview before completing
these sections. Unfortunately, the public use file does not
contain these “break-off analysis weights,” so estimates from
2020 should not be compared longitudinally to other years
of survey data.

2.1.2 BRFSS: Behavioral Risk Factor Surveillance System
(2021)

The Behavioral Risk Factor Surveillance System
(BRFSS) is a nationwide system run by the CDC of health-
related telephone surveys that provide state-level informa-
tion about health-related risk behaviors, chronic health con-
ditions, and the use of preventive services among U.S. resi-
dents. The population of interest is the noninstitutionalized
adult population (18 years or older) residing in private res-
idences or college housing in the United States or partic-
ipating areas who have a working cellular telephone. Par-
ticipants are selected through an overlapping, dual-frame
landline and cell phone sample. The BRFSS samples high
and medium-density strata to obtain a probability sample
of all households with telephones. State health departments
may directly collect data from their state residents, or they
may use a contractor. Person-level analysis weights involve
two components: design-based weights and weight adjust-
ment factors. Design weights reflect probabilities of selec-
tion at the sample stage. Weight adjustments are performed

using the generalized exponential model (GEM) developed
by Folsom and Singh [7], which calibrated the design-based
weights to reduce non-response bias, poststratify to known
population control totals, and control for extreme weights
when necessary.

The response variables of interest from this survey include
an indicator for whether individuals were ever told they had
a depressive disorder and a self-assessment of general health.
Relevant demographic and social variables include health
insurance status, age, education, and income.

2.2 R Packages Used
2.2.1 survey

The main package we used to specify complex survey de-
signs and produce unbiased summary statistics was survey:
Analysis of Complex Survey Samples [9], written by Thomas
Lumley. This package creates svydesign objects that ensure
that the design information cannot be separated or used
with the wrong data.

The fundamental concept that underlies design-based in-
ference is that an individual sampled with sampling prob-
ability πi represents 1

πi
individuals in the population. 1

πi
is

referred to as the sampling weight. All of the analyses run
with this package use the Horvitz-Thompson estimator to
estimate the population total [8]. For a sample of size n, the
Horvitz-Thompson estimator T̂X for the population total of
X is

T̂X =

n∑

i=1

1

πi
Xi =

n∑

i=1

X̂i. (2.1)

The variance estimate is

̂var[T̂X ] =
∑

i,j

XiXj

πij
− Xi

πi

Xj

πj
, (2.2)

which can also be written as

̂var[T̂X ] =
N − n

N
xN2x

var[X]

n
, (2.3)

for a population of size N . The svymean() function used to
produce mean estimates in the app is estimated by dividing
the estimated total by the population size N . The variance
estimate is estimated by dividing the variance estimate for
the total by N2. The Horvitz-Thompson estimator of the
population size is

n∑

i=1

1

πi
. (2.4)

For estimates in a subpopulation, the survey package
handles the computational details of domain estimation and
sets the sampling weights to 0 for observations outside of the
subpopulation.
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Figure 1: National Dashboard Visualization: Showing distribution of psychological distress within the past month stratified
by employment status based on NSDUH survey.

2.2.2 ggsurvey

The visualizations on the National tab are implemented
with the package, ggsurvey [1] that simplifies ggplot2 func-
tions for svydesign objects. The package’s functions call “gg-
plot2” to make bar charts, histograms, boxplots, and hex-
plots of survey objects to accurately represent the weighted
sample distributions.

2.2.3 R shiny

The interactive app is implemented using the shiny pack-
age [4] and it is deployed on shinyapps.io in its own protected
environment with SSL-encrypted access.

3. RESULTS

The U.S. Mental Health Dashboard, found at https://
50lulw-isabel-arvelo.shinyapps.io/USMHD/, has two major
tabs: the National tab with national-level estimates from the
NSDUH survey, and the State tab with state-level estimates
from the BRFSS survey. Each tab includes a visualization
of the response variable of interest as well as a table view to
examine specific estimates with more precision.

3.1 Major Functions in Shiny App
3.1.1 National Level Boxplot, Bar Chart, and Histogram

We begin by visualizing national-level statistics from the
NSDUH data set through boxplots and histograms for con-
tinuous response variables and bar charts for categorical re-
sponses. The visualizations pipe the current input values
into the ggsurvey functions to dynamically render the his-
togram and box plots in response to the user’s selected input
values. With the log transform Y radio button, the plots re-
main in the original scale for interpretability, but the breaks
in the y-axis for the boxplot and the x-axis for the histogram
are spaced according to the log scale. This allows the user to
analyze and compare the centers and spreads of the skewed
distributions with greater precision.

Figure 1 shows the distribution of psychological distress
within the past month without the log transformation.

3.1.2 National Level Summary Table

The table of national-level summaries appears on the
National tab and includes data on the estimated pop-
ulation mean standard error, and confidence intervals
for the population distributions represented in the visu-
alizations. Logistically, we first find the estimated sur-
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Figure 2: National Dashboard Table: Showing distribution of mental illness category stratified by marital status based on
NSDUH survey.

vey mean, standard error, and confidence interval for
the response using the Horvitz-Thompson estimators (see
Equations (2.1) and (2.2)) as calculated in the survey
package. The total number of individuals represented
in the estimated population for each subgroup is cal-
culated using Equation (2.4), i.e., adding the sampling
weights of the individuals in the survey that fit into each
category. Formatted data table objects may be sorted
by any of the columns, allowing users to order esti-
mates.

Figure 2 shows the table view of the national distribution
of the categorical mental illness variable by gender.

3.1.3 State-Level Choropleths
The state-level choropleths visually represent the geo-

graphic distribution of response variables of interest in the
BRFSS across levels of social factors. In order to increase the
speed at which the outputs are rendered, we preprocessed
the BRFSS survey object to produce lists of tibbles that
represent the distribution of the General Health and De-
pressive Diagnosis variables across health insurance status,
education, age, and race (only for General Health). These
tibbles are then merged with a simplified shapefile from the
tigris [14] package that has data on the primary governmen-
tal divisions of the 50 states in the United States, as well
as the District of Columbia, Puerto Rico, American Samoa,
the Commonwealth of the Northern Mariana Islands, Guam,
and the U.S. Virgin Islands.

Figure 3 shows the geographic distribution of depressive
disorder prevalence by health insurance status.

After the variables are specified, a function is applied
over the corresponding tibble to render a choropleth with
leaflet [5], a JavaScript library used to build web mapping
applications. Each state on the leaflet has hover text includ-
ing the state name, estimated mean of the selected response
variable, and estimated standard error.

3.1.4 Table of State-Level Summaries

The state table organizes the data visualized in the choro-
pleths into rows that represent the estimated mean of the
selected response variable for each state across the different
levels of the selected demographic variable (in columns). We
combined the reactive list of tibbles produced by the input
calls by variable name using a binary function and then
spread the rows by the demographic variable to show the
state-level mean estimates for the response variables for all
states across all levels of the demographic variable.

Figure 4 shows the table view of the state-level esti-
mates of the prevalence of depressive diagnoses as well as
the marginal distribution by health insurance status.

4. DISCUSSION
In this paper, we have presented an interactive web app

for exploratory analysis of public data on the prevalence of
mental health disorders and symptoms in the U.S. The men-
tal health crisis adversely affects the quality of life in com-
munities across the United States. The infrastructure and
capacity to support individuals struggling with mental ill-
ness are lacking, especially in minoritized communities with
higher mental health burdens due to systemic unjust policies
and practices. Identifying and visualizing which communi-
ties and marginalized identities have the highest need for
mental health care can help public health professionals allo-
cate resources appropriately and promote solidarity within
those groups.

A web app is a useful tool in this scenario because rais-
ing general mental health awareness requires reaching a wide
audience with varied backgrounds and levels of comfort with
quantitative information. Large national surveys such as the
NSDUH and the BRFSS include a vast quantity of mental
health, social, and demographic data that could be used to
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Figure 3: State-level Choropleth: Showing geographic distribution of depressive diagnosis indicator stratified by health
insurance status based on BRFSS survey.

answer many different questions, but they require complex
survey weighting and analysis approaches that are not ac-
cessible to the general public. Instead of trying to anticipate
what other stakeholders are interested in learning about, the
flexibility of the app allows users to explore specific ques-
tions and focus on response variables or demographic factors
that are relevant to them. Data visualization gives individ-
uals a clear idea of how to make sense of the information by
providing a visual context that makes it easier for audiences
to identify and understand trends and patterns.

One of the main aims of this app is to raise awareness and
reduce the stigma surrounding mental illness. These figures
and visualizations show those suffering that they are not
alone and eliminate feelings of self-blame associated with
something that often feels uncomfortable or shameful to talk
about. By illustrating the pervasiveness of psychological dis-
tress, particularly for minoritized populations, we hope to
encourage those suffering to seek help and find a support
network. Secondly, this app could be among the tools ref-
erenced by public health practitioners and epidemiological
researchers as they design studies or interventions. High-
quality mental health services are unevenly accessible in the
United States. The supply of psychiatric residential facility
beds, inpatient and outpatient services, and mental health

providers is simply not adequate to meet the demand, es-
pecially in communities that need it most. The U.S. Mental
Health Dashboard provides quantification and visualization
of significant differences in prevalence between different pop-
ulations to help public health officials prioritize where and
how they are investing resources.

In the future, the scope of the U.S. Mental Health Dash-
board could be extended by introducing new datasets such
as DHHS Mental Health Client-Level Data as well as the
CDC National Health Interview Survey for a more compre-
hensive and robust representation of the prevalence of men-
tal health disorders in the United States. These would allow
for the estimation of specific diagnoses of people in mental
health treatment facilities and provide more metrics to cap-
ture and triangulate the prevalence of anxiety and depres-
sion. The app could also be expanded to include treatment
options and healthcare coverage available using the National
Mental Health Services Survey and Medicare/Medicaid pay-
ment and access data to identify the greatest need-to-care
gaps so that public health professionals and government offi-
cials can prioritize investing resources in these communities.
To investigate how structural racism manifests in contem-
porary health inequities typically assumed to have primar-
ily biological or cultural causes, we could compare the geo-
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Figure 4: State-level Table: Showing table view of the distribution of depressive diagnosis indicator stratified by health
insurance status based on BRFSS survey.

graphic distribution of mental illness prevalence across dif-
ferent subpopulations to historical geospatial data on redlin-
ing.

5. CONCLUSION
Common misconceptions have caused diseases such as

major depressive disorder to be perceived as an indication
of personal weakness or fault, and deep-rooted stigmati-
zation and lack of accessible treatments deter individuals
from seeking help. However, the ubiquitous feelings of fear
and uncertainty that during and since the COVID-19 pan-
demic left an impression on everyone’s mental well-being.
The shared experiences of isolation and trauma associated
with a global pandemic have promoted a unique form of sol-
idarity that public health professionals can capitalize on to
change how society cares for people suffering from mental
health challenges and disorders. Promoting dialogue about
these issues is an important start, but awareness must be
accompanied by action to turn this opportunity into real
change. By providing usable data to policymakers, health-
care systems, and healthcare providers, we hope to help
guide efforts to improve the mental health and well-being
of people and populations.
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