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ABSTRACT

Background: Excessive discounting of future rewards [delay discounting (DD)] may be a transdiagnostic process
and treatment target underlying behavioral health outcomes, including trauma, depression, anxiety, and prob-
lematic substance use. However, multiple health behaviors and barriers are also related to these outcomes,
including social media usage, adverse childhood experiences (ACEs), sleep quality, healthcare access, housing
status, and exercise. To extend research examining DD as transdiagnostic process, we recruited a large, heter-
ogenous sample to examine the association between DD, problematic substance use, and mental health outcomes
while controlling for certain health behaviors and health barriers.

Method: In a cross-sectional online survey of 3992 US residents, we administered validated measures of PTSD,
depression, anxiety, and problematic alcohol, stimulant, and opioid use. Using linear or ordinal logistic models,
scores for each outcome were regressed onto DD while controlling for demographics, health behaviors, and
health barriers.

Results: Including only DD and demographics, DD was associated with each outcome at low effect sizes (f2 =
.013, OR range = 1.08-1.16). Except for opioid ASSIST scores, these relationships held when controlling for
social media usage, sleep, housing status, healthcare access, ACEs, physical exercise, and demographic variables
(f? = .002, OR range = 1.03-1.12), increasing confidence that DD concurrently and directly relates to four of
these five clinical outcomes.

Discussion: These findings support the conceptualization of DD as a transdiagnostic process underlying certain
psychopathologies and suggest targeting DD in co-occurring substance use disorder and/or mental health
treatments may result in clinically significant outcomes.

1. Introduction

with the degree of engaging in other health-related behaviors (e.g.,
reduced sleep duration causing increased caloric consumption; Calvin

Health has been defined as “the ability to adapt and self-manage in
the face of social, physical, and emotional challenges” (Huber et al.,
2011, p. 1). Many everyday behaviors increase the risks of adverse
health outcomes (e.g., substance use; Gandini et al., 2008; Pelucchi
et al., 2008, 2011). By contrast, other behavioral patterns may protect
against adverse health outcomes while promoting healthy physical and
mental functioning (e.g., sleep quality, exercise; Hoevenaar-Blom et al.,
2011; Pearce et al., 2022). Other behaviors (e.g., social media use) are
known to affect health outcomes, but not in a clear direction (negative,
neutral, or positive; Berryman et al., 2018; Schulte and Hser, 2013).
Moreover, engaging in certain health-related behaviors is closely linked
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Drivers of health-promoting and demoting behaviors result from
interactions between psychological factors, behavior-environment con-
tingencies, and the health-related behaviors themselves (Higgins et al.,
2021; Kim-Spoon et al., 2019; Leventhal et al., 2019). However, there is
growing evidence of shared processes that undergird co-occurring con-
ditions, emphasizing the need for transdiagnostic research and inter-
vention development (Dalgleish et al., 2020; Fusar-Poli et al., 2019).
Delay discounting (DD), the tendency to devalue a reward as a function
of delay to receipt (Odum, 2011a), has been proposed as one such
transdiagnostic process contributing to multiple health behaviors,
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including substance use, physical activity engagement, and social media
use (LeComte et al., 2020; Moody, Franck, & Bickel, 2016; Pancani et al.,
2023). DD reflects a propensity to choose smaller sooner rewards over
larger later rewards, which is associated with reduced access to net
reinforcement over time and contributes to maladaptive health decision-
making in multiple health domains (Moody, Franck, & Bickel, 2016).
For example, overvaluation of immediate drug-related reinforcement (e.
g., euphoria) at the expense of increased risk of negative future health
outcomes is associated with persistent and elevated substance use
consistent with conceptualizations of a “loss of control.” Similarly, re-
lationships between excessive DD and elevated anxiety, depression, and
post-traumatic stress disorder symptoms (PTSD; Amlung et al., 2019)
may be driven by avoidance of aversive stimuli derived at the expense of
pursuing adaptive reinforcement in daily life or due to hopelessness
about the future which drives devaluation of future rewards(Olin et al.,
2022; Pulcu et al., 2014). Together with findings indicating that DD is
both reliable over time within individuals and malleable in response to
contextual factors or interventions (such as behavioral therapies), these
findings suggest DD may be a core, malleable, and transdiagnostic
treatment target (Miller et al., 2023; Odum, 2011b; Reyes-Huerta et al.,
2023; Rung et al., 2019; Sofis et al., 2017; Strickland et al., 2023; Sze
et al., 2017).

Despite evidence for the role of DD as a transdiagnostic indicator of
problematic substance use and mental health symptoms, the existing
evidence for this assertion is not without criticism (Bailey, Romeu, &
Finn, 2021, 2023; cf. Stein et al., 2022). One limitation is that health
behaviors and determinants of health known to increase or decrease
risks for problematic substance use and adverse mental health outcomes
are omitted from most studies exploring how DD relates to addiction and
mental health outcomes. For example, adverse childhood experiences
(Mersky et al., 2013), lack of healthcare access (Han et al., 2017;
Knickman et al., 2016), houselessness (Dawson-Rose et al., 2020), poor
sleep quality (Geoffroy et al., 2020), excessive social media use (Ber-
ryman et al., 2018), and infrequent physical activity (Ashdown-Franks
et al.,, 2020) are each associated with increased risk of problematic
substance use and elevated mental health symptomology, but no studies
to our knowledge have examined the relationship between DD and
either addiction or mental health outcomes while controlling for more
than two of these health factors. Furthermore, homogenous sample
recruitment (e.g., college students, individuals with substance use dis-
order) commonly used restrict variability observed in covariates and
may fail to fully capture the independent contributions of DD. Moreover,
relatively few studies have explored how DD relates to problematic
alcohol, opioid, and stimulant use, despite the fact that alcohol use
disorder (AUD) remains the most common substance use disorder in the
U.S. and problematic opioid and stimulant use are overwhelmingly the
largest contributors to preventable overdose deaths (O’Donnell, 2020;
Tucker et al., 2020). Thus, more research (including large, heteroge-
neous samples and validated measures addressing a wide range of health
behaviors, factors, and clinically significant addiction outcomes) is
warranted to more rigorously test for the potential role of DD as a
transdiagnostic process.

Therefore, in the current online survey study, we examined the
relationship between DD and both problematic substance use (alcohol,
opioids, stimulants) and mental health symptoms (anxiety, depression,
PTSD) while controlling for diverse health-related behaviors and health
outcomes. Our goal was to test the relationship between DD and health
outcomes known to relate to DD (i.e., substance use disorders, anxiety,
depression, post-traumatic stress disorder (PTSD); (Bryan & Bryan,
2021; Exum, Sutton, Bellitti, Yi, & Fazzino, 2023; Ho, Dang, Odum,
DeHart, & Weiss, 2023; Moody, Franck, Hatz, et al., 2016; Olin et al.,
2022; Stein & Madden, 2013) while controlling for the effects of other
health-related behaviors and barriers that may be related to these health
outcomes, allowing for more rigorous examination of the trans-
diagnostic, predictive utility of DD.
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2. Method
2.1. Participants

U.S. residents (n = 8208) from all 50 states were recruited in 2023
(June-July) using Cint’s Survey Marketplace, which integrates hundreds
of research panels containing access to at least 22 million U.S. residents,
to complete a Qualtrics survey. The sample was demographically and
geographically congruent with the general US population. Of those
8208, 1053 participants were excluded for missing a one-item attention
check or a computer bot check. A further 2737 participants stopped
responding partway through the survey; of the remaining 4418 partic-
ipants who finished the survey, 426 did not provide complete answers to
all variables included in the present analysis, leaving a final sample of
3992.

2.2. Procedure

Participants provided informed consent and the study was approved
by the AHP IRB (protocol #7420.1). The survey included measures
pertaining to health-related behaviors, barriers limiting one’s ability to
engage in health-related behaviors, DD, problematic substance use,
mental health, and demographic information (e.g., age, education,
family income, race, gender). We describe measures relevant to this
report below; the complete survey is provided in the supplemental
materials.

2.3. Measures

Health-related behaviors. This category included the following
measures: sleep quality via the Pittsburgh Insomnia Rating Scale 20-item
version (PIRS-20; Moul et al., 2007), hours spent per day during a typical
week using social media, problematic substance use, and exercise
frequency.

The PIRS-20 assesses sleep quality during the previous week (Cron-
bach’s a = 0.93). Summed responses are used to create an overall sleep
quality score (0-60), wherein higher values denote worse sleep quality.
Participants reported their daily time usage of social media in a typical
week by selecting either “less than 30 min,” “between 30 mins to 1 h,”
“1-2 h,” “3-5 h,” “6-8 h,” “9-12 h,” or “more than 12 h.” We recoded
responses to create four levels: one hour or less, 1-2 h, 3-5 h, and six or
more hours. The Alcohol, Smoking, and Substance Involvement
Screening Test — Lite (ASSIST-Lite; Ali et al., 2013) was used to assess
problematic alcohol (Cronbach’s a = 0.72; scores ranged from O to 4
with moderate risk cutoff > 2), non-prescribed opioid (Cronbach’s a =
0.91; scores ranged from 0 to 3 with moderate risk cutoff > 1), and non-
prescribed stimulant use (Cronbach’s @ = 0.90; scores ranged from 0 to 3
with moderate risk cutoff > 1). To measure exercise frequency, partic-
ipants reported their frequency of any form of exercise; three levels of
response options were scored: 1) “never,” “less than once a year,” and
“several times per year” were recoded as “irregular exercise”; 2) “several
times per month” and “once per week” were recoded as “semi-regular
exercise”; 3) “several times per week” and “daily” were recoded as
“regular exercise.”.

Barriers to health-related behaviors. Barriers to health behaviors
included ease of healthcare access, adverse childhood experiences
(Felitti et al., 1998), and housing status (i.e., sleep location).

For healthcare access, participants reported how difficult it was for
them to access healthcare services when needed. We recoded responses
to create three levels: 1) “very difficult,” “difficult,” and “somewhat
difficult” were recoded to “difficult”; 2) “somewhat easy,” “easy,” and
“very easy” were recoded to “easy”; 3) “I did not access healthcare
services within the past 12 months” was not recoded. To measure
adverse childhood experiences, we used the 10-item Adverse Childhood
Experiences (ACEs) questionnaire (Cronbach’s a = 0.83; Wingenfeld
et al., 2011). We added the number of questions answered affirmatively
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to create a summed ACE score (0-10). To measure housing status, par-
ticipants reported where they slept last night; response options were “in
an emergency shelter, safe haven, or transitional housing project”; “in a
facility (including hospital, jail, prison, juvenile detention facility, long-
term care facility, or nursing home™; “in a place not meant for human
habitation (including in a car, unsheltered on the street or under a
bridge, etc.”; “in housing you shared with others, but did not own™; “in a
house or apartment you own or rent”; and “in a house or apartment or
other safe housing that a friend or family owns or rents.” We recoded
responses to create two levels: the first three levels listed above were
recoded as “transient, non-stable conditions,” and the final three were
recoded as “stable living conditions.”.

Delay Discounting. We used the five-trial adjusting-delay task;
participants indicated preferences between $50 now or $100 after a
series of delays (Koffarnus & Bickel, 2014). As an attention check for
participants who chose either the larger later or smaller sooner option
across all trials, we presented an additional trial asking participants to
indicate their preference between $100 now or $100 in 25 years or $0
now or $100 in one day, respectively. Participants who indicated either
$100 in 25 years or $0 now when the alternative option was more ad-
vantageous were excluded from analysis (n = 60; Koffarnus, Rzeszutek,
& Kaplan, 2021). Natural log transformed k values (In[k]) for all other
participants were included in subsequent analyses.

2.4. Mental health

This category included measuring symptoms related to PTSD,
depression, and generalized anxiety.

PTSD was assessed using the Short Post-Traumatic Stress Disorder
Rating Interview (SPRINT; Cronbach’s @ = 0.94; cutoff score = 14;
Connor & Davidson, 2001), depression using the Patient Health
Questionnaire-2 (PHQ-2; Cronbach’s @ = 0.88; cutoff score = 3; Kroenke
et al., 2003), and anxiety using the Generalized Anxiety Disorder-2 scale
(GAD-2; Cronbach’s a = 0.88; cutoff score = 3; Kroenke et al., 2007).

2.5. Data analysis

We used multiple regression to predict scores on validated measures
of mental health or health-related behaviors (SPRINT, PHQ-2, GAD-2,
and ASSIST scores). We first modeled each outcome variable using only
DD and demographic variables (age, income, gender, race, ethnicity,
and education). In a hierarchical fashion, we then modeled each
outcome variable by adding predictors related to health behaviors and
health barriers (ACEs score, exercise frequency, time spent on social
media, access to healthcare, and housing status) to the original variable
set. We used linear regression to model PTSD scores via SPRINT and
ordinal logistic regression to model ordinal variables (depression via
PHQ-2; anxiety via GAD-2; and alcohol, stimulants, and opioid sub-
stance use via ASSIST).

Analyses were performed using R V.4.3.1 (R Core Team, 2022). The
following packages were used: tidyverse, beezdiscounting, gtsummary,
summarytools, sensemakr, sjPlot, and MASS (Cinelli et al., 2020; Comtois,
2022; Kaplan, 2023; Liidecke et al., 2023; Sjoberg et al., 2021; Wickham
et al., 2019; Venables & Ripley, 2002). Data and code to recreate these
analyses are located here: https://osf.io/835gc/.

3. Results

Demographic characteristics included in analyses are depicted in
Table 1. A third of participants met criteria for moderate or high-risk
alcohol (n = 1465; 33.2 %), whereas only 10.4 % and 7.2 % met
criteria for stimulants (n = 459) and opioid use (n = 319). Similarly, a
little less than 30 % of the sample scored above the cutoff level for PTSD
(n = 1306; 29.5 %), PHQ-2 (n = 1203; 27.2 %), and GAD-2 (n = 1315;
29.8 %).

The results of the models including only DD and demographics as
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Table 1
Demographics of participants included in analyses.
Characteristic N = 3992
Age 41 (29, 59)
Race
American Indian, Native American, or Alaskan Native 53 (1.3 %)
Asian 150 (3.8 %)

Black or African American
More Than One Race

584 (15 %)
135 (3.4 %)

Native Hawaiian or other Pacific Islander 14 (0.4 %)

Other 151 (3.8 %)

White 2905 (73 %)
Gender

Female 2688 (67 %)

Male 1211 (30 %)

Other 93 (2.3 %)
Education

High school or less
Trade school, some college, or Associate’s degree
Bachelor’s degree or more

1248 (31 %)
1456 (36 %)
1288 (32 %)

Ethnicity
Not Hispanic or Latino
Hispanic or Latino

3529 (88 %)
463 (12 %)

Family Income

15k or less 731 (18 %)
25k—45k 1389 (35 %)
55k—65k 700 (18 %)
75k—95k 511 (13 %)

125k or more
IMedian (IQR); n (%)

661 (17 %)

predictors, and figures summarizing the distributions of each dependent
and independent variables, are available in the supplemental materials.

PTSD. The multiple linear regression predicting PTSD scores as a
function of all independent variables explained a statistically significant
and substantial proportion of variance (R2 = 0.54, F(27, 3964) = 173.4,
p < .001, adj. R? = 0.54); the full model is depicted in Table 2. DD
remained a significant predictor of PTSD scores after controlling for all
covariates, although the effect size was small % = .002).

Depression, Anxiety, and Substance Use. The ordinal logistic re-
gressions predicting PHQ-2, GAD-2, and ASSIST scores each accounted
for a significant amount of variance in the outcomes compared to null
models: y2 (27) = 1934.83, p < .001; ¥2 (27) = 1929.7, p < .001; %2
(27) = 559.86, p < .001; ¥2 (27) = 601.12, p < .001; and y2 (27) =
589.63, p < .001, respectively. Besides opioid ASSIST scores, DD
remained a significant predictor of five out of six ordinal outcomes,
although the effect sizes were small (ORs; 1.03-1.12). The full ordinal
logistic models are depicted in Table 3.

4. Discussion

The present study extends findings from previous cross-sectional
studies showing that excessive DD is associated with elevated risks for
mental health symptoms and clinically problematic substance use. We
show that DD significantly predicted problematic substance use
(alcohol, non-prescribed opioids, non-prescribed stimulants) even when
accounting for the influence of diverse health behaviors and factors
known to covary with DD, problematic substance use, and mental health
symptomology. Consistent with previous cross-sectional studies, the
effect sizes associated with DD and both problematic substance use and
mental health outcomes found here were small (Dwyer et al., 2024;
Levitt et al., 2023), which suggests that DD is unlikely to fully account
for the presence or symptomology of these health conditions (Bailey
et al.,, 2021). However, DD remained a significant predictor of
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Table 2

Multiple Linear Regression Predicting SPRINT Scores.

SPRINT score

Predictors Estimates CI P 72
(Intercept) 0.82 —0.30t01.95 0.153 0.001
ACE Score 0.89 0.82-0.97 <0.001  0.144
Exercise
Irregular Reference
Semi-regular -0.11 —0.60-0.38 0.653 0.000
Regular —0.29 —0.75-0.16 0.204 0.000
Age —0.02 —0.04 to <0.001 0.004
—-0.01
Income
15k or less Reference
25k—45k —0.94 —1.48 to 0.001 0.003
-0.41
55k—65k —0.83 —1.46 to 0.009 0.002
-0.21
75k—95k -1.11 —1.80 to 0.002 0.002
—0.42
125k or more —0.88 —1.57 to 0.011 0.002
-0.20
Lnk 0.11 0.03-0.18 0.006 0.002
Social Media Use
1 h or less Reference
1-2h 0.17 —0.33-0.66 0.510 0.000
3-5h 0.46 —0.07-0.98 0.087 0.001
6 or more hours 1.63 1.07-2.20 <0.001 0.008
Healthcare Access
None in past year Reference
Difficult 1.65 0.89-2.40 <0.001 0.005
Easy 0.04 -0.63t00.70  0.917 0.000
Race
White Reference
American Indian, Native -0.82 —2.41t00.77 0.311 0.000
American, or Alaskan Native
Asian -1.39 —2.36 to 0.005 0.002
—0.43
Black or African American —0.39 —0.93t00.15  0.157 0.001
Native Hawaiian or other 0.52 —2.55t0 3.59 0.738 0.000
Pacific Islander
More Than One Race —0.03 —1.05t0 0.99 0.956 0.000
Other -0.15 -1.17t00.87  0.772 0.000
Ethnicity
Not Hispanic or Latino Reference
Hispanic or Latino —0.06 —0.68t00.56  0.848 0.000
Gender
Female Reference
Male 0.39 —0.01t0 0.80 0.055 0.001
Other 0.70 —0.53t01.92  0.263 0.000
Education
High school or less Reference
Trade school, some college, or -0.19 —0.64100.27 0.415 0.000
Associate’s degree
Bachelor’s degree or more 0.65 0.14-1.16 0.012 0.002
PIRS-20 0.35 0.33-0.37 <0.001  0.385
Sleep Location
Stable living conditions Reference
Transient, non-stable 3.94 3.22-4.66 <0.001 0.029
conditions
Observations 3992
R? / R? adjusted 0.542 / 0.538
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problematic alcohol and stimulant use, and anxiety, depression, and
PTSD symptoms when controlling for health barriers (i.e., early child-
hood adversity, limited healthcare access), pro-health behaviors (i.e.,
physical exercise, sleep quality), and other non-substance related be-
haviors. Together, these findings provide additional evidence that DD
functions as a transdiagnostic indicator of problematic substance use
and mental health symptoms.

The observed effect sizes in the full models were lower than those
found when testing the direct relationships between DD and de-
mographics with each outcome (see supplemental materials Tables 1-2);
however, over half of those in the general population with at least one
substance use disorder meet criteria for concurrent substance use dis-
orders, in addition to meeting criteria for major depressive disorder or
generalized anxiety disorder (GAD) (Center for Behavioral Health Sta-
tistics and Quality, 2023; Lai et al., 2015). The prevalent comorbidity of
these conditions suggests that it may be fruitful for future research to
examine how effectively targeting DD may result in effects across a
range of psychopathologies, potentially leading to clinically significant
cumulative improvements in mental health. Indeed, recent evidence
suggests that higher rates of DD during developmental changes between
childhood and adolescence predict the co-occurrence of several psy-
chiatric disorders even when controlling for socioeconomic variables,
emotional and behavior problems, and cognitive performance (DeRosa
et al., 2024). Additional evidence suggests that DD more strongly pre-
dicts polysubstance use and accounts for more variance in co-occurring
clinical outcomes (polysubstance use, comorbid mental health condi-
tions), specifically in more clinically severe populations compared to
individuals using a single substance (Moody, Franck, Hatz, et al., 2016).
Taken together, these findings suggest that when developing treatments
to target multiple SUDs or mental health disorders, DD may represent a
clinically meaningful target despite the small effect sizes associated with
each outcome given shared variance between DD and both problematic
substance use and mental health outcomes. While there is much to be
explored with respect to clinical relevance, these findings support the
notion of DD as a transdiagnostic process.

Two strengths of this study provide additional evidence supporting
DD as a transdiagnostic indicator. First, the current sample was large,
diverse, and both demographically and geographically congruent with
the U.S. population, which increases our confidence that these findings
may generalize to other settings or populations for which DD might be
used to identify risks of comorbid behavioral health conditions. Second,
younger age, higher ACE scores, worse sleep quality, engaging in six or
more hours of daily social media use, and currently experiencing tran-
sient or non-stable housing conditions significantly predicted each
problematic substance use and mental health outcomes (Dawson-Rose
et al., 2020; Geoffroy et al., 2020; Halladay et al., 2024; Levitt et al.,
2021; Mersky et al., 2013). By replicating the anticipated relationships
with problematic substance use and mental health symptoms found in
previous studies while controlling for these health behaviors and bar-
riers, increased confidence in each of the direct relationships between
DD and these outcomes is obtained.

We note four limitations of this study. First, the cross-sectional
design of this study does not inform the direction of the relationships
between DD and the dependent measures. Second, we did not specify a
priori hypotheses regarding model specification and results; as such, we
did not employ type I error correction, nor did we conduct a power
analysis to ensure adequate power to detect an effect for each predictor
across multiple models. However, our large sample size of n = 3992
heterogeneous participants offset concern that we did not observe sta-
tistically significant effects in several predictors. Third, while we
measured our dependent variables and DD using validated scales, not all
predictors in the models were assessed using validated scales (e.g., ex-
ercise, healthcare access, social media usage). Several of these measures
significantly predicted some of the outcome variables, but future
research should use validated scales. Fourth, myriad barriers to health-
related behaviors or cognitive patterns related to our outcomes of



Table 3

Ordinal Logistic Regressions Predicting PHQ-2, GAD-2, ASSIST — Alcohol, ASSIST - Stimulants, and ASSIST - Opioids Scores.

PHQ-2 GAD-2 ASSIST — Alcohol ASSIST — Stimulants ASSIST — Opioids
Predictors Odds CI P Odds CI P 0Odds CI P Odds CI P Odds CI P
Ratios Ratios Ratios Ratios Ratios
0l1 2.72 1.86-3.97 <0.001 1.86 1.28-2.71 0.001 2.70 1.86-3.92 <0.001  43.33 19.52-96.16 <0.001 135.13 44.90-406.67 <0.001
1|2 5.85 3.99-8.58 <0.001  4.09 2.80-5.96 <0.001 9.29 6.37-13.54 <0.001 63.11 28.32-140.67  <0.001  202.05 66.76-611.52 <0.001
2|3 19.93 13.48-29.47 <0.001 14.93 10.17-21.92 <0.001 40.17 27.25-59.22 <0.001 121.91 54.12-274.64 <0.001 350.75 114.76-1072.07 <0.001
34 35.63 23.98-52.94 <0.001 27.25 18.47-40.18 <0.001 87.04 58.32-129.91 <0.001
4|5 78.85 52.62-118.17  <0.001  55.97 37.69-83.11 <0.001
56 148.22 97.99-224.21 <0.001 105.29 70.33-157.64  <0.001
ACE Score 1.10 1.08-1.13 <0.001 1.10 1.07-1.12 <0.001 1.09 1.07-1.12 <0.001 1.20 1.15-1.25 <0.001 1.28 1.22-1.34 <0.001
Exercise
Irregular Reference
Semi-regular 0.87 0.75-1.02 0.096 0.87 0.74-1.01 0.074 1.22 1.05-1.43 0.011 0.96 0.72-1.29 0.806 0.91 0.63-1.32 0.620
Regular 0.73 0.63-0.85 <0.001  0.81 0.70-0.94 0.005 1.29 1.11-1.49 0.001 0.97 0.73-1.29 0.826 1.12 0.79-1.59 0.516
Age 0.99 0.98-0.99 <0.001 0.98 0.98-0.99 <0.001 0.99 0.99-1.00 <0.001 0.98 0.97-0.99 <0.001 0.97 0.96-0.98 <0.001
Income
15Kk or less Reference
25k—45k 1.08 0.91-1.29 0.366 1.18 0.99-1.41 0.059 1.68 1.41-2.02 <0.001 131 0.94-1.83 0.117 1.27 0.84-1.95 0.267
55k—65k 0.92 0.75-1.13 0.435 1.16 0.94-1.42 0.164 2.18 1.78-2.68 <0.001 1.18 0.79-1.75 0.425 1.38 0.85-2.25 0.195
75k—95k 0.94 0.75-1.18 0.579 1.01 0.80-1.26 0.954 2.32 1.85-2.90 <0.001 1.05 0.66-1.65 0.835 1.28 0.74-2.19 0.379
125k or more 0.91 0.72-1.14 0.404 1.04 0.83-1.30 0.712 2.68 2.15-3.35 <0.001 1.75 1.16-2.67 0.009 1.97 1.20-3.28 0.008
Ink 1.04 1.01-1.06 0.004 1.03 1.00-1.06 0.024 1.06 1.03-1.09 <0.001  1.12 1.08-1.18 <0.001 1.05 1.00-1.11 0.059
Social Media Use
1 horless Reference
1-2h 1.13 0.96-1.34 0.152 1.28 1.09-1.51 0.003 1.26 1.08-1.47 0.004 1.12 0.79-1.60 0.529 0.75 0.47-1.20 0.236
3-5h 1.28 1.08-1.51 0.005 1.35 1.14-1.59 0.001 1.35 1.15-1.60 <0.001 1.25 0.89-1.77 0.204 1.26 0.83-1.93 0.277
6 or more hours 1.34 1.11-1.62 0.002 1.33 1.11-1.60 0.002 1.60 1.34-1.92 <0.001 1.85 1.32-2.61 <0.001 1.84 1.22-2.81 0.004
Healthcare Access
None in past year Reference
Difficult 1.08 0.84-1.39 0.557 1.17 0.91-1.50 0.213 1.26 0.98-1.62 0.072 1.44 0.88-2.48 0.166 2.37 1.12-5.81 0.037
Easy 0.91 0.72-1.14 0.388 1.02 0.82-1.27 0.877 1.41 1.14-1.76 0.002 1.23 0.77-2.08 0.413 2.43 1.18-5.90 0.028
Race
White Reference
American Indian, Native 1.02 0.60-1.71 0.950 0.73 0.43-1.22 0.227 1.65 1.00-2.73 0.050 1.09 0.42-2.45 0.845 1.09 0.35-2.79 0.866
American, or Alaskan
Native
Asian 0.81 0.59-1.11 0.197 0.59 0.44-0.80 0.001 0.80 0.59-1.09 0.158 0.46 0.20-0.93 0.045 0.51 0.20-1.11 0.116
Black or African 0.83 0.69-0.99 0.034 0.71 0.59-0.84 <0.001 1.27 1.07-1.52 0.006 0.98 0.72-1.32 0.883 1.02 0.71-1.46 0.903
American
Native Hawaiian or 0.82 0.26-2.37 0.715 0.50 0.18-1.34 0.177 0.39 0.12-1.15 0.094 1.20 0.18-4.69 0.815 1.02 0.05-5.56 0.985
other Pacific Islander
More Than One Race 0.91 0.65-1.27 0.582 0.75 0.54-1.03 0.079 0.53 0.37-0.74 <0.001  0.65 0.34-1.16 0.164 0.42 0.17-0.91 0.042
Other 0.83 0.59-1.16 0.282 0.98 0.71-1.35 0.916 0.73 0.52-1.03 0.071 0.56 0.27-1.08 0.101 0.63 0.26-1.35 0.267
Ethnicity
Not Hispanic or Latino Reference

(continued on next page)
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Table 3 (continued)

PHQ-2 GAD-2 ASSIST — Alcohol ASSIST — Stimulants ASSIST — Opioids
Predictors Odds cI P Odds CI P Odds CI p Odds CI P Odds CI P
Ratios Ratios Ratios Ratios Ratios
Hispanic or Latino 0.91 0.74-1.11 0.332 0.78 0.64-0.95 0.016 1.11 0.91-1.35 0.307 1.11 0.79-1.55 0.541 1.07 0.71-1.58 0.744
Gender
Female Reference
Male 1.05 0.92-1.20 0.456 0.81 0.71-0.92 0.001 1.58 1.39-1.80 <0.001 2.55 2.01-3.23 <0.001 2.85 2.14-3.80 <0.001
Other 0.81 0.54-1.19 0.285 0.62 0.42-0.91 0.016 0.59 0.39-0.88 0.011 0.79 0.35-1.59 0.538 0.75 0.28-1.70 0.525
Education
High school or less Reference
Trade school, some 0.96 0.83-1.12 0.631 1.07 0.92-1.24 0.382 1.16 1.00-1.35 0.045 1.04 0.79-1.38 0.785 0.72 0.51-1.03 0.070
college, or Associate’s
degree
Bachelor’s degree or 1.01 0.85-1.20 0.907 1.22 1.04-1.45 0.017 1.31 1.11-1.54 0.001 1.23 0.89-1.71 0.209 1.21 0.83-1.77 0.326
more
PIRS-20 1.11 1.10-1.11 <0.001  1.10 1.10-1.11 <0.001 1.01 1.01-1.02 <0.001  1.03 1.02-1.04 <0.001  1.03 1.01-1.04 <0.001
Sleep Location
Stable living conditions Reference
Transient, non-stable 1.82 1.46-2.27 <0.001 1.77 1.42-2.20 <0.001 1.87 1.45-2.40 <0.001 4.41 3.28-5.90 <0.001 5.13 3.68-7.14 <0.001
conditions
Observations 3992 3992 3992 3992 3992
R? Nagelkerke 0.398 0.395 0.139 0.239 0.285

Note: 0|1, 1|2, 2|3, etc. indicate the odds of being at least in that category or lower given all other covariates at their reference levels (i.e., intercepts).
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interest were not assessed — we chose to include measures across diverse
health dimensions, including pro-health behaviors (e.g., exercise), non-
substance-related addictive outcomes (e.g., social media), health bar-
riers (e.g., housing status and healthcare access), and supplemental
health outcomes (e.g., sleep quality), while also weighing participant
burden. Future research should include additional measures spanning an
even wider gamut of health-related measures.

The present study extends previous work highlighting the empirical
connectedness between DD and both problematic substance use and
mental health symptoms by accounting for current and previous health-
related behaviors, environmental factors, and health outcomes (Finlay
et al., 2022; Guidi et al., 2021; Leventhal et al., 2019; Martinez et al.,
2022; Suvarna et al., 2020). By measuring diverse factors relevant to
multiple health-related behaviors in a large, heterogenous sample, we
provide additional support for the role of DD as a transdiagnostic process
underlying multiple psychopathologies and health-demoting behaviors.
In summary, our results suggest targeting the transdiagnostic func-
tioning of DD may meaningfully contribute to the understanding of and
treatment success for co-occurring substance use disorders and/or
mental health diagnoses.
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