SSM - Population Health 25 (2024) 101624

&
Contents lists available at ScienceDirect

SSM - Population Health

journal homepage: www.elsevier.com/locate/ssmph

ELSEVIER

When money and mental health problems pile up: The reciprocal
relationship between income and psychological distress

Oscar Jiménez-Solomon “™ ", Garfinkel Irwin?, Wall Melanie ““, Wimer Christopher *

2 Center on Poverty and Social Policy, School of Social Work, Columbia University, 1255 Amsterdam Avenue, New York, NY, 10027, USA

Y New York State Center of Excellence for Cultural Competence, New York State Psychiatric Institute, Columbia University Irving Medical Center, 1051 Riverside Drive,
Unit 69, New York, NY, 10032, USA

¢ Department of Psychiatry, Columbia University, 1051 Riverside Drive, Unit 48, New York, NY, 10032, USA

d Department of Biostatistics, Mailman School of Public Health, Columbia University, 722 West 168th Street, R207, New York, NY, 10032, USA

ABSTRACT

Background: Longitudinal studies suggest that socioeconomic status (SES) and mental health have a bidirectional relationship such that SES declines lead to a
deterioration of mental health (social causation), while worsening mental health leads to SES declines (social drift). However, the dynamic relationship between
income and psychological distress has not been sufficiently studied.

Methods: We use cross-lagged panel models with unit fixed effects (FE-CLPM) and data from a five-wave representative panel (n = 3103) of working-age (18-64) New
York City adults. Yearly measures include individual earnings, family income (income-to-needs), and psychological distress. We also examine effects by age, gender,
education, and racial/ethnic identification.

Results: We find significant bidirectional effects between earnings and distress. Increases in past-year individual earnings decrease past-month psychological distress
(social causation effect [SCE], standardized p= —0.07) and increases in psychological distress reduce next-year individual earnings (social drift effect [SDE], p= —0.03).
Family income and distress only have a unidirectional relationship from past-year family income to distress (SCE, = -.03). Strongest evidence of bidirectional effects
between earnings and distress is for prime working-age individuals (SCE, f= —0.1; SDE, p= —0.03), those with less than bachelor’s degrees (SCE, f= —0.08; SDE, p=
—0.05), and Hispanics (SCE, p= —0.06; SDE, = —0.08). We also find evidence of reciprocal effects between family income and distress for women (SCE, p= —0.03;
SDE, p= —0.05), and Hispanics (SDE, = —0.04; SDE, = —0.08).

Conclusions: Individual earnings, which are labor market indicators, may be stronger social determinants of mental health than family income. However, important
differences in social causation and social drift effects exist across groups by age, education, gender, and racial/ethnic identities. Future research should examine the
types of policies that may buffer the mental health impact of negative income shocks and the declines in income associated with worsening mental health, especially
among the most vulnerable.

1. Introduction and psychiatric epidemiology (Mossakowski, 2014, pp. 2154-2160).
Two theories have offered competing explanations for the association

The association between socioeconomic status (SES) and mental between SES and mental health.

health has been well-documented by decades of sociological and
epidemiological research (Dohrenwend & Dohrenwend, 1969; Reiss,
2013). Individuals who are worse off in society are more likely to
experience poor mental health than those who are better off. For
example, those with lower income, less wealth, and living in material
deprivation are at a higher risk of experiencing psychological distress,
depression, anxiety, and other psychiatric conditions compared to those
better off in society (Kiely, Leach, Olesen, & Butterworth, 2015; Spivak,
Cullen, Eaton, Rodriguez, & Mojtabai, 2019).

Despite the overwhelming evidence linking SES to mental health, the
direction of causality has been a long-standing debate in social sciences
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The first theory is social causation, which posits that low SES causes
mental health to deteriorate over time (Hudson, 2005). Low SES would
worsen mental health by exposing individuals to low income, material
hardship (Heflin & Iceland, 2009; Kiely et al., 2015), such as housing
(Bentley, Baker, & Mason, 2012; Hudson, 2005) and food insecurity
(Elgar et al., 2021), and over-indebtedness (Fitch, Hamilton, Bassett, &
Davey, 2011), which in turn would trigger a stress process (Aneshensel,
2009) and an erosion of protective psychological factors (e.g., personal
agency, self-esteem, hope) to cope with life stressors (Frankham,
Richardson, & Maguire, 2020; Jiménez-Solomon et al., 2022).

The second theory is social drift, which proposes that an individual’s
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worsening mental health causes their SES to drift downward (Johnson,
Cohen, Dohrenwend, Link, & Brook, 1999; Muntaner, Eaton, Miech, &
O’Campo, 2004). This can occur due to loss of employment and income
(Ridley, Rao, Schilbach, & Patel, 2020), loss of productivity (e.g.,
reduced number of days worked) (Mall et al., 2015), employment stigma
and discrimination (Sharac, McCrone, Clement, & Thornicroft, 2010),
and increased healthcare expenses (Jin, Zhu, & He, 2020). For children
and adolescents, emotional and behavioral problems would predict
lower educational attainment in young adulthood (Johnson et al.,
1999).

Over the past decade, longitudinal studies have increasingly found
evidence that the relationship between SES and mental health is bidi-
rectional, suggesting that both social causation and social drift theories
have merit (Mossakowski, 2014, pp. 2154-2160). For example, studies
have identified bidirectional relationships between consumption
poverty and depression (Jin et al., 2020), financial difficulties and
psychological distress (Gorgievski, Bakker, Schaufeli, van der Veen, &
Giesen, 2010), individual and household assets with depression (Lund &
Cois, 2018), difficulty meeting unexpected expenses and psychological
distress (Darin-Mattsson, Andel, Celeste, & Kareholt, 2018), wealth and
depression (Ahrenfeldt & Moller, 2021), food insecurity and psycho-
logical distress (Kim-Mozeleski, Poudel, & Tsoh, 2021), and financial
hardship and psychological distress (O’Donnell, Stuart, & O’Donnell,
2020). Collectively, this empirical evidence supports an emerging the-
ory postulating that the relationship between SES and mental health is
intrinsically reciprocal. Low SES and ill mental health would create a
cycle of cumulative disadvantage leading to increasing mental health
deterioration and socioeconomic decline over time (Anakwenze &
Zuberi, 2013; Mossakowski, 2014, pp. 2154-2160).

Despite the growing number of studies indicating that the relation-
ship between SES and mental health is reciprocal, the existing literature
has several substantive gaps and methodological limitations.

1.1. Substantive gaps in the literature

Studies examining the relationship between SES and health have
employed a diverse range of SES indicators, often leading to different
conclusions. Most notably, studies using labor market indicators (e.g.,
wages, employment) provide support for both social causation and so-
cial drift dynamics, while those using non-labor indicators (e.g.,
household income, education) provide evidence in support of social
causation effects only (Kroger, Pakpahan, & Hoffmann, 2015). Illness is
likely to affect labor productivity, employability, and career advance-
ment, (Mall et al., 2015), but its effect on non-labor market outcomes is
less pronounced. Earnings from other family members, other sources of
income, and cash transfers in response to decreases in earnings may
serve as buffers to individual earnings losses (Ng & Tan, 2021). Adult
educational outcomes may not be as affected by health changes since for
most people education is completed by early adulthood (Kroger et al.,
2015).

Nevertheless, the dynamic relationships between labor and non-
labor market indicators, respectively, and mental health have not been
sufficiently studied, leaving a significant substantive gap in the research
about the social determinants of mental health.

Another limitation in the research about SES and mental health is its
insufficient attention to potential inequities. Previous studies in this area
have not sufficiently examined differences in the magnitude and direc-
tion of social causation and social drift effects across subpopulation.
Studies often estimate “average effects,” failing to investigate how ef-
fects vary across subgroups defined by age, gender, racial/ethnic iden-
tification, and other important sources of stratification (Kim-Mozeleski
et al., 2021; O’Donnell et al., 2020). This is an important gap in the
research because the relationship between SES and mental health is
likely to differ among these subgroups, as discussed below.

Age. Research suggests that the relationship between SES and mental
health changes over the life course. Different dimensions of SES and
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mental health seem to interact over the life course creating reciprocal
dynamics and cumulative disadvantage. Low SES in early life heightens
exposure to stress with the potential of causing epigenetic changes that
increase the vulnerability to experiencing extreme psychological pain,
depression, and other forms of psychological distress (Mann & Rizk,
2020). Emotional disturbances and disruptive behaviors in childhood
and depression in adolescence lead to lower educational attainment in
young adulthood (Clayborne, Varin, & Colman, 2019), while lower
education and material hardship in the household in young adulthood
increase the risk for depression, anxiety, and other forms of psycho-
logical distress in middle-age (McKee-Ryan, Song, Wanberg, & Kinicki,
2005). Mental health deterioration in early middle-age seems to cause
further SES declines through unemployment, loss of productivity, and
increased expenditures (Jin et al., 2020), and a cascade of mental health,
physical health and economic decline later in life (Kivimaki et al., 2020).
Hence, different social causation and social drift mechanisms are likely
to play varying roles over the life course.

Gender. Compared to men, women report significantly higher levels
of psychological distress, depression, and anxiety (Viertio et al., 2021).
Moreover, the interaction between SES and gender increase risk of
depression (Muntaner et al., 2004), such that women have higher
prevalence of depression given the same level of household income
(Assari, 2017). However, the relationship between gender, SES, and
mental health is complex. Although low SES women may face more
stressors than men, the mechanisms affecting women and men are likely
to differ (Viertio et al., 2021). For instance, social relationships may
have a stronger protective effect for women (Elliott, 2001). Also, men
continue to face strong gender expectations to be the family breadwin-
ners during their working years (Townsend, 2002), which may explain
the strong effect of income trajectories on the mental health of
middle-age men (Frech & Damaske, 2019).

Education. Research has consistently shown that higher levels of
education are associated with higher income and better mental health.
The causal effect of education on earnings has been long understood
(Card, 1999). For instance, higher education has been found to have
persistent positive effects on earnings over the life course (Tamborini,
Kim, Sakamoto, & Sakamoto, 2015). Conversely, research has also found
a causal effect of family income on educational attainment (Blanden &
Gregg, 2004). Research has also long documented the relationship be-
tween education and mental health. For instance, recent research finds
that each additional year of education significantly decreases the like-
lihood of depression and anxiety over two decades (Kondirolli & Sunder,
2022). Similarly, a recent large-scale study finds that lower educational
attainment causally increases the risk for major depression, generalized
anxiety disorders, ADHD and PTSD, and a reverse causal effect for
ADHD, suggesting that mental health problems in childhood and young
adulthood can also impact educational attainment (Demange,
Boomsma, van Bergen, & Nivard, 2023).

Race/ethnicity. The relationship between race/ethnicity, SES, and
mental health is complex and multifaceted. Despite being between two
and three times more likely to live in poverty and less likely to have a
bachelor’s degree or higher education than non-Hispanic Whites, some
studies find that Blacks and Hispanics have a lower prevalence of
depression than non-Hispanic Whites, while others report higher (Wil-
liams, Mohammed, Leavell, & Collins, 2010). The difference seems to
depend on whether studies adjust for SES indicators and other factors
that may be in the causal pathway (Ettman, Cohen, Abdalla, & Galea,
2020). For example, after controlling for income, homeownership, and
education, Blacks and Hispanics have significantly lower odds of
depression than non-Hispanic Whites (Williams et al., 2010). These
findings suggest that SES indicators are not confounders of the rela-
tionship between race/ethnicity and mental health but key mediators
instead. Racism, discrimination, and other structural inequities affecting
Blacks, Hispanics and other minoritized groups, are likely to affect
mental health through inequities in income, employment, and educa-
tional opportunities.
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Consequently, it is essential that research about the relationships
between SES indicators and mental health examine potential differences
in the magnitude and direction of effects among age, gender, education,
and racial/ethnic groups.

1.2. Methodological limitations in the literature

Studies examining the relationship between SES and mental health
often rely on research designs with limited ability to estimate causal
effects. Some studies fail to examine simultaneously social causation and
social drift effects. Other studies account for ‘reverse causation’ but do
not control for unobserved differences between individuals. For
example, some studies provide estimates of causal effects by controlling
for unobserved differences though experimental or quasi-experimental
designs, but do not simultaneously test both directions of causality
(McGuire, Kaiser, & Bach-Mortensen, 2022; Ridley et al., 2020). Con-
ventional cross-lagged panel models (CLPMs) estimate reciprocal effects
between SES and mental health simultaneously (Gorgievski et al., 2010;
Kim-Mozeleski et al., 2021), but they do not control for unobserved
differences among individuals. This limitation is crucial since changes in
SES and mental health may be driven by unobserved characteristics
among individuals (e.g., genetics, psychological traits). To address this
limitation in the research examining social causation and social drift
hypotheses, Kroger and colleagues recommend that: (1) studies estimate
both directions of causality in simultaneous equations; and (2) utilize
statistical methods that control for unobserved differences between in-
dividuals that are stable over time (Kroger et al., 2015).

1.3. The present study

This study contributes to the literature on the dynamic relationships
between SES and mental health by addressing substantive and meth-
odological gaps in existent research. Substantively, this study examines
the longitudinal relationship between income and mental health utiliz-
ing labor market and non-labor income measures likely to have different
dynamic relationships with mental health outcomes: individual earnings
and family income. To address another important substantive gap in the
literature, this study examines differences in the effects between income
and mental health across groups defined by age, gender, level of edu-
cation, and racial/ethnic identity.

Methodologically, this study leverages novel structural equation
modeling statistical techniques that integrate CLPMs with unit fixed
effects and effectively address two important threats to casual inference
by: (1) simultaneously estimating social causation and social drift effects,
thus controlling for reverse causation; and (2) estimating effects based
only on within-person changes, thereby controlling for stable differences
among individuals (Allison, Williams, & Moral-Benito, 2017; Leszczen-
sky & Wolbring, 2019).

To our knowledge, this is the first study to examine the longitudinal
dynamics between individual-level measures of income and mental
health using a CLPM with fixed effects. One recent study has examined
effects between financial hardship and psychological distress using a
CLPM with random intercepts (O’Donnell et al., 2020), which also es-
timates effects based on within-person changes, but it does not examine
the role of income. Another study has investigated the reciprocal rela-
tionship between income and subjective wellbeing using a CLPM with
fixed effects. However, it did not focus on a mental health measure per se
and relied on national aggregate data and not individual measures
(Zyphur et al., 2020).

2. Materials and methods
2.1. Data and analytic sample

We utilize panel data from the New York City Longitudinal Study of
Wellbeing (also known as the “Poverty Tracker”). The data come from a
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representative sample of New York City adults surveyed at baseline and
every twelve months about their economic and mental health wellbeing
between 2015 and 2019. Details on the sampling and survey schedule
have been described in detail elsewhere (Collyer et al., 2023). For this
paper, our analytic sample includes working-age adults between 18 and
64 years of age (n = 3103). We utilize data from five waves: baseline (n
= 3103) and follow-up surveys at 12-months (n = 2503), 24-months (n
= 2332), 36-months (n = 2154), and 48-months (n = 2037). We utilize
full information maximum likelihood estimation (FIML) to handle
missing data in our cross-lagged panel models. Within a structural
equation modeling (SEM) framework, FIML allows for the estimation of
effects for cases with data on the dependent variable and at least some
data on predictors. FIML is more efficient than listwise deletion, pair-
wise deletion, and similar response pattern imputation, producing
less-biased estimates and more precise standard errors, yielding the
lowest rates of convergence failures and near-optimal Type 1 error rates
(Enders & Bandalos, 2001; Moral-Benito, 2013). Additionally, FIML
performs well even in the presence of highly persistent processes (e.g.,
“unit roots” or “integrated” processes) (Allison et al., 2017; Moral--
Benito, 2013).

2.2. Measures

Psychological distress. Our mental health measure is the Kessler-6
distress scale (K6), a six-item inventory used as a measure of global
psychological distress based on self-reported symptoms of anxiety and
depression over the prior 30 days (Kessler et al., 2010). With range
values 0-24, higher scores indicate higher levels of distress. Following
other studies, we analyze the K6 as a continuous variable by trans-
forming it into its natural log to account for its skewed distribution
(Tomitaka et al., 2017). We use a continuous, measure of global psy-
chological distress, as opposed to disorder specific measures, to examine
the dynamic relationship between changes in income and population
mental health.

Individual earnings. Respondents who reported at least one month of
work over the past 12 months at each wave were asked to report their
total earnings over the same period. Responses were predominately
given in continuous dollar amounts, however a minority of participants
(e.g., 11% at baseline) preferred to give total earnings categorically (i.e.,
“less than $5,000,” “$5000 to $9,999,” “$10,000 to $14,999,” ... “or,
over $150,000”) or left earnings completely missing (e.g., 5% at base-
line). To harmonize continuous and categorical responses for total
earnings, categorical responses were converted to continuous responses
using multiple imputation leveraging the distribution of the continuous
values for respondents in the same earnings bracket. For respondents
who did not enter a dollar amount or a bracket, we directly imputed a
positive dollar amount for respondents who reported working in the past
12 months. Individuals who reported no paid work were assigned zero
earnings (Collyer et al., 2023). Consistent with prior studies and rec-
ommendations for modeling earnings, we used the within sample
percentile ranks from 1 to 100 based on the individual’s reported or
imputed earnings (Chetty et al., 2016). Hence, our estimates are not
based changes in the dollar amount of earnings per se but changes in the
ranking order of earnings, that is, the relative position of an individual’s
earnings with respect to the earnings of all others in the sample.

Family Income-to-Needs Ratio. We use the Supplemental Poverty
Measure (SPM) Income-to-Needs ratio, as a measure of family income.
This measure is estimated by dividing the family unit’s income over the
prior 12 months by their needs. SPM income is the sum of all sources of
post-tax cash income (e.g., earnings, unemployment, cash government
benefits) plus in-kind government benefits (e.g., food stamps, housing
subsidies) minus nondiscretionary expenses (e.g., medical out-of-pocket
expenses, work expenses). SPM needs refer to the estimated amount a
family of a given household size and location (New York City) needs to
meet their basic needs (e.g., food, clothing, shelter, and utilities), based
on the most recent five years of expenditure data (Fox, 2017). The SPM
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income-to-needs ratio is regarded as a superior measure of poverty,
relative to the Official Poverty Measure, which is based on a set amount
(three times the cost of a basic food diet in 1963) (Congressional
Research Service, 2022). For this analysis, we utilize the natural log of
the income-to-needs ratio (hereafter family income) to reduce asym-
metry in the income distribution.

2.3. Analytic strategy

All models were estimated using Mplus software version 8.7 Mplus.
Mplus provides a powerful and flexible platform to conduct structural
equation modeling with latent variables, and utilizing maximum like-
lihood estimation to handle missing data (Muthén and Muthén
(1998-2017)). Mplus has also been used in testing the most recent in-
novations in cross-lagged panel models with unit effects (Zyphur et al.,
2020).

We employ cross-lagged panel models with unit fixed effects (FE-
CLPM) as our main analytic strategy (Allison et al., 2017; Zyphur et al.,
2020). FE-CLPMs offer several advantages. In conventional CLPMs co-
efficients estimate how much individuals fluctuate with respect to the
group mean for X and Y under the assumption that there are no stable
between-person differences in these variables (Mund & Nestler, 2019).
In FE-CLPMs, cross-lagged coefficients refer to the extent to which a
deviation from a person-specific mean in X (e.g., earnings) is associated
with subsequent deviations from a person-specific mean in Y (e.g.,
psychological distress). Thus, FE-CLPM controls for all time-invariant
confounders observed and unobserved (Leszczensky & Wolbring,
2019). FE-CLPMs provide one additional advantage over other panel
models. FE-CLPMs can help overcome the problem of mis-specified
temporal lags. FE-CLPMs can correctly identify both the contempora-
neous and the lagged effect of X, when both of them are included in the
model (Leszczensky & Wolbring, 2019). This feature will be especially
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helpful in examining the effect on distress of past-year income assessed
contemporaneously and a year prior.

Our basic FE-CLPM model (Fig. 1) is specified in a structural equa-
tion modeling framework by creating two latent variables 1 ® and n ¢
These latent variables capturing the commonality within each individ-
ual in their X (individual earnings or family income-to-needs) and Y
(psychological distress) values across all timepoints. This commonality
has been referred to as a “random intercept” (Hamaker, Kuiper, &
Grasman, 2015). By including the covariance between these latent fac-
tors, the FE-CLPM controls for stable factors and holds them constant
across observations, effectively operating as what the econometrics
literature refers to as “fixed effects” (Zyphur et al., 2020). Conceptually,
these stable factors refer to time-invariant individual-specific factors
affecting their values of X and Y, such as psychological traits, genetic
predispositions, and time-invariant family or neighborhood stressors
(Mund & Nestler, 2019).

Model specification. Our basic model examines the cross-lagged ef-
fects between one of two income measures (individual earnings or
family income) and psychological distress among working-age adults
(See Table 2). Theory and prior empirical research provide some basis to
hypothesize the temporal lagged effect of income changes on distress. In
recent meta-analyses about the impact of cash transfers on mental
health, most studies document a significant effect of income changes
after 1 to 2 years (McGuire et al., 2022; Ridley et al., 2020). The
stress-process theory and empirical research indicate that financial
strain is a key mediator between income and psychological distress
(Aneshensel, 2009). From this perspective, it would be expected that the
effect of income changes on mental health would not be instantaneous,
and instead develop as patterns of consumption change significantly to
increase or decrease financial strain. Given these conceptual and
empirical considerations, we simultaneously include measures of in-
come at two timepoints as predictors of distress in the model: (a)

Latent variable:
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Fig. 1. This figure depicts the specification of the basic FE-CLPM with unit effects in this study, which controls for individual-specific, time-invariant factors over
time. For simplicity, we only show variables associated with cross-lagged and auto-regressive effects, and not covariates. n ® and n %’ = unit effect (fixed effects for

income and psychiatric distress, respectively); y ® and n »

= unit effect variance; A (x) and A (y) = factor loadings (which are allowed to vary over time, not

constrained); f; ® and By1 O — autoregressive effects; py; ©° and By1 ® — cross-lagged effects; py ©? = contemporaneous effect of x on y.
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Table 1
Sociodemographic characteristics for working-age adult sample (18-64) at
baseline (N = 3103).

Unweighted Unweighted Weighted =~ Weighted
N % N %
Gender
Male 1246 40.15 1437 46.32
Woman 1857 59.85 1665 53.68
Age: mean (SD) 41.83 40.65
(13.52) (13.67)
18-25 501 16.15 563 18.15
26-45 625 20.14 727 23.43
46-55 1335 43.02 1217 39.22
56-64 642 20.69 596 19.20
Race/ethnicity
White non-Hispanic 864 27.84 1009 32.52
Black non-Hispanic 844 27.20 721 23.24
Hispanic 1077 34.71 911 29.37
Asian 144 4.64 375 12.07
Other/multiracial 174 5.61 87 2.80
Immigrant status
Foreign-born 1060 34.16 1394 44.94
U.S. born 2043 65.84 1709 55.06
Education
Less than high school 462 14.89 501 16.15
High school grad or 645 20.79 624 20.10
GED diploma
Some college 731 23.56 821 26.46
Bachelor’s degree or 1265 40.77 1157 37.29
higher
Worked last week 1772 57.68 1948 62.79
Number of months 7.44 (5.09) 8.16 (5.26)
worked in last 12
Employment status (1)
Working full-time 1164 46.73 1623 52.29
Working part-time 374 15.01 388 12.49
On leave, laid off 36 1.45 32 1.05
Looking for work 217 8.71 237 7.63
Unable to work 229 9.19 197 6.35
Keeping house 73 2.93 118 3.80
Going to school 88 3.53 139 4.47
Retired 108 4.34 148 4.78
Other 202 8.11 221 7.13
NYC Borough
Manhattan 750 24.17 715 23.04
Brooklyn 878 28.30 864 27.84
Bronx 700 22.56 603 19.41
Queens 616 19.85 750 24.18
Staten Island 159 5.12 171 5.52
Living with partner 1145 36.90 1407 45.35
Number of 0.69 (1.08) 0.72(1.10)
children: mean
(SD)
0 1914 61.68 1884 60.72
1 584 18.82 571 18.39
2 380 12.25 417 13.44
3 144 4.64 139 4.47
4+ 81 2.61 92 2.98

(1)N = 2491 (observed 9 months after baseline).

12-month income reported contemporaneously with distress (past-year
earnings or family income); and (b) 12-month income reported a year
before data collection on distress. Including income measures with two
different temporal lags will allow us to examine how immediate and
enduring the effect of income changes may be (Leszczensky & Wolbring,
2019).

Cross-lagged effects are constrained to be the same across all time
periods for parsimony and to ease interpretability (Allison et al., 2017).
However, we do not constrain auto-regressive effects [Bx1 ® and By1 O
to be the same over time and thus allow for these effects to vary and
control for the persistence of impulses (Zyphur et al., 2020). Further-
more, we do not constrain the ‘factor loadings’ of income and psycho-
logical distress measures at each timepoint to their respective latent
variables [A (x) and A (x)]. By doing this, we allow for the possibility that
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unit effects have time-varying effects over time (Zyphur et al., 2020).
This is an important advantage of FE-CLMP over conventional fixed
effects, which must assume time-constant effects and thus do not control
for unmeasured time-invariant variables when their effects change over
time (Allison et al., 2017; Leszczensky & Wolbring, 2019). Allowing
time-varying unit effects has two related advantages. First, by leaving
the factor loadings for the latent variables [A (x) and [A (x)] uncon-
strained, we relax the assumption of mean stationarity (Bun & Sarafidis,
2015). Second, time-varying unit effect effectively introduces an inter-
action between unit effects and time [A; x n;i] that accounts for
unit-specific trends (Zyphur et al., 2020). To test the benefits of this
specification we also ran our main models constraining factor loadings.
Coefficients for constrained models are slightly stronger, but log likeli-
hood ratio chi square tests indicate that unconstrained models have a
superior fit and that introducing time-varying unit effects is more
consistent with the data (See Supplemental Material, Tables A.2.1 and
A.2.2).

All our models control for contemporaneous and lagged values of
two key time-varying factors that can affect both income and mental
health:(1) partnership status (dichotomous variable indicating whether
the individual lives with a spouse or partner), and (2) number of chil-
dren (entered as a continuous variable) (McDonald et al., 2022).

To explore differences across sociodemographic groups, we specified
additional FE-CLPM models by age group (18-25, 26-55, and 56-64),
gender (men, women), educational level (less than a bachelor’s degree,
and bachelor’s degree or higher), and racial/ethnic identification (White
non-Hispanic, Black, and Hispanic). Age sub-groups reflect the age of
individuals reported at baseline (See Tables 3 and 4). We also specified
models with more disaggregated levels of education. Models for those
with less than high school education failed to converge when uncon-
strained unit effects were specified, possibly due to the smaller sample
size (n = 462) and additional parameters. We present models for in-
dividuals with high school diploma and some college education as
Supplementary Material (Table A4).

We estimate confidence intervals via bootstrap method (with 1000
samples) to relax the assumption of normal distribution in our variables
(Efron, 1987). To ease interpretability, we present standardized co-
efficients. We assess the goodness of fit for each model specified by
calculating RMSEA, CFI and TLI estimates. We use typical ranges for
each estimate to determine good fit (RMSEA <0.06, CFI >0.90 and TLI
>0.90) (Hu & Bentler, 1999). All models estimated for our analyses
demonstrated acceptable to excellent fit. Fit statistics are presented at
the bottom of each table.

3. Results
3.1. Sociodemographic characteristics

Table 1 presents sociodemographic characteristics of the weighted
and unweighted sample at baseline. The sample is weighted using data
from the 2014-2016 American Community Survey, to make it repre-
sentative of the 2015 NYC population. Appendix Table A1 summarizes
descriptive statistics for psychological distress, individual earnings, and
family income-to-needs ratio at baseline.

3.2. Cross-lagged effects

Table 2 presents the standardized cross-lagged coefficients for
models with individual earnings and family income. In the first model,
we find that changes in individual earnings received in the past 12
months (past-year earnings) have a small but statistically significant
negative effect on past-month psychological distress. On average, a one
standard deviation decrease in past-year earnings increases recent psy-
chological distress by 0.073 SD (p< .001). The direct effect of 12-month
earnings reported a year prior is not significant (beta= —0.0006, p=
.777). Recent psychological distress also has a small but statistically
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Table 2
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Standardized coefficients for cross-lagged effects between income types and psychological distress among working-age adults 18-64 (n = 3103).

Model for Individual Earnings and Distress

Model for Family Income and Distress

Cross-lagged coefficients [95% p- Cross-lagged p-
CI] value Coefficients [95% CI] value
Psychological distress (t) Psychological distress (t)
<- Past-year individual earnings (t) -.073 [-.101, -.045] *** .000 <- Past-year family income (t) -.033 [-.052,-.013] ** .005
< - Individual earnings reported a year prior (t— 1) -.006 [-.040, .024] 777 < - Family income reported a year prior (t—1) -.017 [-.036, .003] .155
Individual earnings reported a year later (t + 1) Family income reported a year later (t + 1)
<- Psychological distress at t -.030 [-.048, -.013] ** .006 <- Psychological distress at t -.026 [-.054, .004] 147

Model fit statistics

RMSEA .009
TLI .998
CFI .999

Model fit statistics

RMSEA .019
TLI .985
CFI 991

1p<.1 *p<.05; **p<.01; ***p<.001.

Psychological distress (t): Measure of global distress based on symptoms experienced in the past 30 days; Last-year earnings (t): Earnings the individual received in the
last 12 months reported at the same time as their psychological distress measure; Earnings reported a year prior (t-1): 12-month earnings reported a year before their
psychological distress measure, which refers to earnings the individual received approximately 13-24 months prior to their answers about psychological distress.
Earnings reported a year later (t + 1): 12-month earnings the individual reported a year after their psychological distress measure. 95% confidence intervals (CI)

estimated via bootstrap method (reps = 1000).

Table 3
Standardized coefficients for cross-lagged effects between income and psychological distress among working-age adults: Models by age & gender.
18-25 (n = 501) 26-55 (n = 1960) 56-64 (n = 642) Men (n = 1246) Women (n =
1857)
Cross-lagged p- Cross-lagged p- Cross-lagged p- Cross-lagged p- Cross-lagged p-
coefficients [95% value coefficients [95% value coefficients [95% value coefficients [95% value coefficients [95% value
CI] CI] CI] CI] CI]
Psychological distress (t)
<- Last-year earnings ~ -.019 [-.082, .595 -.096 [-.137, .000 -.060 [-.110, .099 -98[-.151,-.028]  .007 -.060 [-.094, .005
® .032] -.057] *** .006] t s -.025] **
<- Earnings reported -.003 [-.058, .936 -.027 [-.069, .286 .020 [-.042, .077] 578 -.025 [-.083, .500 .003 [-.042, .040] 918
a year prior (t-1) .058] .015] .038]
Earnings reported a year later (t + 1)
<- Psychological -.009 [-.090, .850 -.028 [-.052, .049 -.047 [-.090, .007 -.055 [-.040, .057 -.027 [-.048, .040
distress at t .067] -.005] * -.005] ** .003] -.006] *
Model fit statistics
RMSEA .029 .001 .015 .000 .013
TLI .952 1.00 .996 1.00 .996
CFI 972 1.00 .997 1.000 .998
Psychological distress (t)
<- Past-year family -.059 [-.098, .079 -.020 [-.047, .219 -.034 [-.074.004] .148 -.031 [-.069, .165 -.034 [-.056, .018
income (t) .009] .006] .004] -.010] *
<- Family income -.069 [-.115, .052 .011 [-.034, .014] 476 .011 [-.026, .048] .645 -.017 [-.053, 432 -.016 [-.039, .304
reported a year prior ~ .004] { .017] .010]
t-1
Family income reported a year later (t + 1)
<- Psychological -.039 [-.103,.081] 478 -.020 [-.055, .326 -.021 [-.095, .627 .007 [-.045, .050] .814 -.050 [-.087, .038
distress at t .011] .040] -.009] *
Model fit statistics
RMSEA .023 .019 .029 .014 .024
TLI .957 .986 .981 991 .977
CFI 975 .992 .989 .995 .987

p<.1 *p<.05; **p<.01; ***p<.001.

significant effect on the next 12-month earnings (beta = —0.030, p=
.006).

In the second model, we find that past-year family income has a small
but statistically significant negative effect on recent psychological
distress (beta= —0.033, p=.005). The effect of family income reported a
year prior is even smaller and not significant (beta= —0.017, p=.155).
Recent psychological distress has a small effect on family income re-
ported a year later, but this effect is also not significant (beta= —0.026,
p=.147).

In sum, we find evidence of a bidirectional relationship between
earnings and psychological distress, and only of a unidirectional effect of
family income on distress. Furthermore, we find that the effect of past-
year individual earnings on distress is 2.2 stronger than the effect of
past-year family income.

3.3. Sub-group analyses

Cross-lagged effects by age, gender, education, and race/ethnicity. To
explore potential heterogeneity of effects, we specified additional
models to further examine cross-lagged effects across sociodemographic
groups defined by age, gender, levels of education, and racial/ethnic
identities.

In the first three columns of Table 3 we present the findings of our
model by age groups: 18-25 (young adults), 26-55 (prime working-age)
and 56-64 (pre-retirement age). The top panel presents the findings for
our models examining cross-lagged effects between earnings and
distress; the bottom panel presents coefficients for the effects between
family income and distress. Our findings suggest important differences
by age. On average, a one standard deviation decrease in past-year
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Table 4
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Standardized Coefficients for Cross-lagged Effects between Income and Psychological Distress among Working-Age Adults: Models by Levels of Education and Racial/

ethnic identities.

Less than Bachelor’s degreee or Whites, non-Hispanic (n = Blacks (n = 844) Hispanics (n = 1077)
Bachelor’s degree higher (n = 1265) 864)
(n =1838)
Cross-lagged p- Cross-lagged p- Cross-lagged p- Cross-lagged p- Cross-lagged p-
coefficients [95% value coefficients [95% value coefficients [95% value coefficients [95% value coefficients [95% value
@] @1} cIl CI] CI]
Psychological distress (t)
<- Last-year earnings ~ -.077 [-.115, .001 -.050 [-.084, .027 -.070 [-.122, .042 -.089 [-.135, .003 -.064 [-.115, .071
® -.040] *** -.012] * -.011] * -.039] ** .004]
<- Earnings reported .002 [-.040, .042] 941 -.019 [-.062, 431 .014 [-.049,.071]  .699 .044 [-.009,.093] 162 -.048 [-.102, .210
a year prior (t-1) .026] .020]
Earnings reported a year later (t + 1)
<- Psychological -.046 [-.073, .004 -.009 [-.036, .582 -.012 [-.017, .501 -.014 [-.046, 478 -.078 [-.108, .000
distress at t -.021] ** .017] .046] .018] -.037] ***
Model fit statistics
RMSEA .000 .011 .009 .019 .008
TLI 1.00 .997 .998 .990 .998
CFI 1.00 .998 .999 .994 999
Psychological distress (t)
<- Past-year family -.032 [-.056, .024 -.019 [-.049, .296 -.003 [-.035, .861 -.028 [-.067, 214 -.040 [-.072, .074
income (t) -.009] * .010] .030] .007] -.001] {
<- Family income .015 [-.039, .008] .288 -.013 [-.043, 431 -.014 [-.044, .487 .009 [-.032,.046]  .719 -.042 [-.076, .049
reported a year .013] .020] -.006] *
prior (t—1)
Family income reported a year later (t + 1)
<- Psychological -.037 [-.078, .013] .184 -.007 [-.047, .787 .016 [-.044,.069]  .633 -.006 [-.075, 903 -.082 [-.136, .021
distress at t .031] .074] -.018] *
Model fit statistics
RMSEA .016 .021 .007 .019 .023
TLI .984 .984 .998 .981 .970
CFI .991 .991 999 .989 .983

1p<.1 *p<.05; **p<.01; ***p<.001.

earnings increases recent psychological distress by 0.096 SD (p< .001)
among prime working-age adults. The effect of past-year earnings on
distress for individuals of pre-retirement age (beta= —0.060, p = .099)
approaches significance at 0.1, while the effect for young adults (beta=
—0.019, p=.595) is noticeably smaller and non-significant. Distress has
a statistically small but significant negative effect on next-year earnings
for prime working-age (beta= —0.028, p=.049) and pre-retirement age
(beta= —0.047, p=.007) individuals; the coefficient for young adults is
close to zero and non-significant (beta= —0.009, p= .850). Hence, we
find consistent evidence of bidirectional effects between past-year
earnings and recent distress for those of prime working-age, weaker
evidence for those of pre-retirement age, and no evidence for young
adults. We find no evidence of bidirectional effects between family in-
come and distress across age groups, but we do find borderline statis-
tically significant social causation effects of past-year family income
(beta= —0.059, p = .079) and family income reported a year prior
(beta= —0.069, p = .052) on distress for young adults. We find smaller
and non-significant effects among other age groups.

The last two columns in Table 3 present cross-lagged coefficients by
gender. In sum, we find evidence of bidirectional effects between past-
year earnings and distress for men and women, with the effect of
earnings on distress being slightly stronger for men (beta= —0.098, p<
.007) than women (beta= —0.060, p< .005). For family income and
distress, we only find evidence of bidirectional effects among women
(social causation beta= —0.034, p = .018; social drift beta = —0.050, p
=.038).

The first two columns of Table 4 present our findings by levels of
education. We find evidence of bidirectional effects between earnings
and distress among individuals with less than a bachelor’s degree (BA),
but not for those with a BA or higher. For the group with education
below BA, a one standard deviation decrease in past-year earnings is
associated with an 0.077 SD increase in distress (p< .001), while an
increase in distress is associated with a 0.046 SD decrease in next-year
earnings (p= .004). Among people with at least a BA we find a

statistically significant unidirectional effect from past-year earnings to
distress (beta = —0.050, p = .027), but not from distress to next-year
earnings (beta= —0.009, p= .582). We find no bidirectional effects for
either educational group in our models for family income and distress.
However, we find a small and significant effect of family income on
distress for those with less than BA (beta= -.032, p = .024).

The last three columns of Table 4 present cross-lagged coefficients
for White non-Hispanics, Blacks, and Hispanics. Although we find sig-
nificant or borderline significant social causation effects of past-year
earnings on distress across all groups, we only find and a significant
social drift effect of distress on next-year earnings among Hispanics
(beta= —0.078, p< .001). Thus, our subgroup analyses only find evi-
dence of bidirectional effects between earnings and distress for His-
panics. The models for family income and distress also show evidence of
bidirectional effects for Hispanics, with borderline significant or sig-
nificant effects of past-year family income (beta= -0.040, p = .074) and
family income reported a year prior (beta= —0.042, p = .049) on
distress, and distress on next-year family income (beta= —0.082, p =
.021). It is noteworthy that the social causation effect of family income is
close to zero for Whites (beta= —0.003, p = .861). In fact, most of the
social causation effect of family income found in our main models seems
to be driven by the effects experienced by Hispanics and Blacks.

4. Discussion

Studies have consistently linked SES and mental health, but whether
SES causes mental health problems (social causation), or mental health
deterioration causes SES decline (social drift), or both, continues to be
an important debate in social sciences and psychiatric epidemiology.
Our study reveals new evidence of the reciprocal relationship between
income and psychological distress among working-age adults. With an
average effect of -0.07 SD, the social causation effect of past-year
earnings on distress was found to be remarkably consistent with
recent systematic reviews, which find effects of income on mental health
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ranging between 0.07 and 0.09 SD (McGuire et al., 2022; Ridley et al.,
2020; Thomson et al., 2022). A one percentile decrease in past-year
earnings is associated on average with a 0.2% increase in current
distress (unstandardized coefficient = —0.002). For an individual with
annual earnings of $17,000 in 2019, an earnings loss of $10,000 by 2020
would represent a 10-percentile decline and lead on average to a 2%
increase in distress. To contextualize this effect, it is important to note
that most individuals in our sample (62%) reported scores below 5, the
cutoff for moderate distress, while the mean K6 score in the United
States population is about 2.8 and the median 2 (Tomitaka et al., 2019).
With respect to social drift, we also found that distress had a statistically
significant — yet smaller - effect on earnings a year later (—0.03 SD): a ten
percent increase in distress leads on average to a decline of 0.11 earnings
percentile. While the social causation and social drift effects between
earnings and distress are relatively small, these represent average effects
in one year. For some individuals, the combined social causation and
social drift effects over time may activate a cycle of cumulative socio-
economic and mental health decline (Dannefer, 2020). Furthermore, the
bidirectional relationship between earnings and distress may operate as
a mechanism to deepen economic and mental health inequities. Declines
in earnings can increase individuals’ likelihood of experiencing material
hardship (e.g., inability to meet basic needs or repay debts) and trigger
financial stress (Fitch et al., 2011; Heflin & Iceland, 2009). Worsening
mental health can lead to loss of productivity (e.g., reduced number of
hours worked) (Mall et al., 2015), employment stigma and discrimina-
tion (Sharac et al., 2010), loss of employment and income (Ridley et al.,
2020), and missed economic opportunities (Taylor, Menachemi, Gilbert,
Chaudhary, & Blackburn, 2023).

Our study also finds important differences in the direction and
magnitude of effects depending on the income measures examined.
Specifically, we only find evidence of a unidirectional, social causation
effect from family income to psychological distress, as the effect of
recent distress on next-year family income is weak and not statistically
significant. This finding is consistent with research indicating that
studies using labor market indicators of SES (e.g., wages, employment)
are more likely to find evidence of both social causation and social drift
effects while studies utilizing non-labor market indicators (e.g., house-
hold income, education) are more likely to only find social causation
effects (Kroger et al., 2015). An individual’s deteriorating mental health
may lead to loss of productivity (e.g., non-work, reduced work, lower
earnings) but not necessarily to lower income for the entire family unit.
Earnings from other family members, other sources of income, and cash
transfers in response to decreases in earnings may serve as buffers to
losses in individual earnings (Ng & Tan, 2021). Moreover, we find that
the effect of past-year family income on distress is weaker than the effect
of individual earnings. The standardized coefficient for family income
on distress (beta = -0.03) is less than one half the size of the coefficient
for earnings, suggesting that earnings have a stronger impact on psy-
chological distress than family income. Decreases in earnings can not
only affect the ability to meet basic needs but also diminish one’s sense
of purpose and personal value (Sage, 2018), while increases in earnings
can improve self-esteem and self-efficacy (Bleidorn et al., 2023). Our
family income measure (income-to-needs ratio), which includes the in-
come of all relatives in the household as well as government cash and
in-kind supports, reflects the extent to which families can meet their
basic needs. The experience of distress seems to be more sensitive to
changes in one’s ability to earn than to changes in the overall income of
one’s family. Taken together, these findings suggest that individual
earnings may play a more important role as a social determinant of
mental health than family income.

We also find a noticeable difference in the magnitude of income ef-
fects depending on the temporal lag. Across all models, more contem-
poraneous changes in income - individual earnings and family income in
the past year — were stronger predictors of changes in psychological
distress than income reported a year prior. Income between one and two
years prior did not generally have an effect above and beyond its effect
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through more recent income, which may suggest that the effect of short-
term income declines may be buffered via economic supports provided
in response to such declines (Kiely et al., 2015).

Another important finding of our study relates to differences in
bidirectional effects across groups by age, education, gender, and racial/
ethnic identities.

Across age groups, we find the most consistent evidence of reciprocal
effects between earnings and distress among prime working-age adults,
followed by those of pre-retirement age. We find no evidence of effects
for young adults. These findings are consistent with research suggesting
that working-age individuals are most likely to experience the effects of
economic stressors on mental health (Breslau et al., 2021), and that
income trajectories have strongest effect on mental health at middle-age
(Frech & Damaske, 2019). Relative to young adults, prime working-age
and pre-retirement age individuals may be more likely to have long-term
financial obligations (e.g., children, debts), which may increase their
sensitivity to experiencing earnings shocks as changes in financial stress
and, in turn, psychological distress. Also, declines in earnings may affect
the sense of personal self-worth associated with earnings and lead to
stress (e.g., shame, negative social comparison), especially among prime
working-age individuals, for whom work is most normative. Overall, we
found no evidence of reciprocal effects between family income and
distress across age groups. Interestingly, we do find evidence of social
causation effects from family income to distress for young adults. Young
adults, who are more likely to be students and depend on parental or
family income, may experience changes in their own earnings as more
normative, while changes in their family income may affect their ability
to meet basic needs and hope towards the future (Zimmerman et al.,
2021).

We also find differences in social drift effects across age groups. Pre-
retirement age individuals seem to experience stronger social drift ef-
fects from distress to earnings. In fact, the evidence of social drift effects
is stronger as age increases. It is possible that increasing psychological
and physical vulnerabilities associated with older age may limit the
ability of individuals to protect themselves from the economic impact of
distress (Kivimaki et al., 2020).

We also find some heterogeneity of effects by gender. While we
observe reciprocal effects between earnings and distress for both men
and women (with somewhat stronger effects among men), we only find
evidence of reciprocal effects between family income and distress for
women. Most notably, changes in the level of distress of women have a
small but significant impact on the overall income of the family over the
following year, which may reflect the impact that the mental health of
women heads of household can have on the income and wellbeing of
families (Coles & Cage, 2022).

Our findings also provide evidence that the bidirectional effects be-
tween earnings and distress differ by level of education. We only find
reciprocal effects for those with less than BA education. Among those
with at least a BA, we only find evidence of a unidirectional effect from
earnings to distress. We find no evidence of reciprocal effects for family
income and distress across education levels. However, we do find a so-
cial causation effect of family income on distress for those with less than
BA. The evidence about the social causation effects of earnings and
family income for those with less than BA is consistent with multiple
studies concluding that the effects of income on mental health are
stronger among individuals with lower education and lower income,
who may have access to fewer resources (e.g., savings, assets) to protect
themselves from the impact of income shocks (McGuire et al., 2022;
Thomson et al., 2022). It is noteworthy that our coefficients for those
with less than BA may conflate substantive differences within that
group. Exploratory subgroup analyses by more disaggregated levels of
education indicate, for instance, that the social causation effect of
earnings for those with a high school education is three times the size of
the effect found among those with at least some college education (See
Supplemental Material, Table A4).

Racial/ethnic identification also seems to moderate the relationship
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between income types and distress. Although we find evidence of social
causation effects of earnings on distress across all racial/ethnic identi-
ties, we only find evidence of bidirectional effects among Hispanics.
Most notably, the social drift effect of distress on earnings is only sig-
nificant among Hispanics and noticeably larger than for non-Hispanic
Whites and Blacks (6.5 and 5.5 times, respectively). For the relation-
ship between family income and distress, again, we only find evidence of
reciprocal effects among Hispanics. In fact, most of the social causation
effect that family income has on distress seems to be driven by the effect
among Hispanics and Blacks. The social drift effect of family income for
Hispanics is 5 and 14 times larger than for Whites and Blacks, respec-
tively. In the face of psychological distress, Hispanics are much more
likely to experience a decline in their earnings and family income a year
later. Several factors may contribute to this. In our sample of New York
City adults, Hispanics have on average markedly lower earnings, family
income and educational attainment relative to non-Hispanic Whites and
somewhat lower than Blacks (data available upon request). As a result,
Hispanics may have lower access to essential economic resources and
mental health supports to cope with periods of declining mental health
and to prevent loss of productivity, employment, and income (e.g., job
security, paid sick leave, unemployment insurance, health insurance,
and mental health treatment) (Ananat & Gassman-Pines, 2023; Bartel,
Kim, & Nam, 2019). Our finding of no social drift effect among Blacks is
somewhat puzzling given that, although less pronounced than His-
panics, Blacks also experience significant economic and job insecurity
(Bartel et al., 2019). It is possible that access to non-economic resources
among Blacks (e.g., family support, church affiliation) may serve as
buffers preventing or delaying short-run economic declines in the face of
distress (Hughes, Kiecolt, & Keith, 2013; Momplaisir, 2018). Further
research should further examine potential protective factors for Blacks.

5. Strengths and limitations

This study has several strengths and limitations. Data for this study
come from a representative sample of adults in New York City. While
racially/ethnically diverse, the relationships found in our sample may be
affected by dynamics between income and mental health that are not
generalizable to rural contexts or other regions of the United States with
different mental health stressors and protective factors (e.g., welfare
supports, cultural views on earned income, social supports). Future
research should replicate the analytical approaches in this study with
nationally representative samples.

It is important to note that the effects examined in this study refer to
short-term effects of changes in income on distress, and vice versa. Our
study leverages yearly within-person variation in these factors to
examine some of the mechanisms through which SES plays a role as a
social determinant of mental health (Zyphur et al., 2020). However, SES
and mental health are likely to affect each other not only through
short-term changes but also through long-run effects of other indicators,
such as permanent income, education, neighborhood conditions, and
serious mental illness (Shamsollahi, Zyphur, & Ozkok, 2021). The
findings of our study should be interpreted in this context. Future studies
should examine the long-run and cumulative effects between SES and
mental health indicators.

The presence of time-trends underlying two processes being studied
(e.g., parallel upward trends in earnings and distress) can threaten
causal inference in longitudinal studies, such as in conventional CLPMs.
However, our FE-CLPM model specification includes the stronger
assumption of time-varying unit effects, which controls for unit-specific
trends (Zyphur et al., 2020) (See Model Specification). As robustness
checks, we ran four sets of conventional fixed effects models for
earnings-distress and family income-distress with and without
time-trends. We find significant social causation and social drift effects
in all models, and significant time effects in most models. However, the
effect of time only changes coefficients slightly, suggesting that any
time-trends may not bias our estimates significantly (See Supplemental
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Material, Table A3.). Our models for earnings may include an additional
protection against bias associated with time-trends. Changes in earnings
percentiles do not directly represent changes in dollar amounts. They
reflect changes in the ranking order of earnings, that is, the relative
position of an individual’s earnings with respect to the earnings of all
others, which may reduce the impact of time-trends in earnings, unless
these have significantly heterogenous effects across individuals.

Our model specification and analyses cannot rule out cohort effects.
Our finding that reciprocal effects between earnings and distress among
prime working-age and pre-retirement individuals is consistent with
research suggesting that changes in earnings are most likely to impact
the mental health of middle-age adults (Breslau et al., 2021). However,
it is possible that differences across cohorts due to varying social ex-
pectations across generations could be driving these effects. Future
research should examine potential role of cohort effects in the associa-
tion between income types and distress.

As in other longitudinal studies, our study experienced attrition.
About 33% of respondents did not participate in the final wave. We
expect that the bias associated with attrition to be minimal since full
information maximum likelihood is a powerful estimation method in the
presence of missing data (Allison et al., 2017). Furthermore, sensitivity
analyses show that estimates are virtually the same when estimated for
only those with complete data, those who participated in the last wave,
and excluding those who only participated in the baseline survey
(Supplemental Material, Table A3).

Monte Carlo simulations of FE-CLPMs have shown that these models
require significant amount of data, especially, sufficient within-unit
variation and at least three panel waves. Simulations with as little as
three waves and 500 observations have been shown to yield unbiased
estimates, but samples of that size and number of waves are likely to
produce large standard errors, significantly reducing power to detect
effects (Leszczensky & Wolbring, 2019). Insufficient power may have
affected our ability to detect effects in our sub-group analyses. As such,
non-significant coefficients in our subgroup analyses should be inter-
preted in tandem with effect sizes and sample size. Studies with larger
samples should examine heterogeneity of cross-lagged effects between
income and distress.

6. Conclusions

Our findings provide empirical support for the reciprocal relation-
ship theory explaining the association between SES and mental health.
However, consistent with prior research, our findings suggest that
earnings, a labor market indicator, may play a stronger role as social
determinant of mental health than family income, a non-labor market
indicator. Individual earnings and psychological distress have signifi-
cant effects on each other over time. Family income has a social
causation effect on psychological distress, but the social drift effect of
distress on family income is non-significant. Nevertheless, we find
important differences across subpopulations. We find the strongest ev-
idence of bidirectional effects between earnings and distress among
prime working-age and pre-retirement individuals, those with less than
a bachelor’s degree, and Hispanics. Although we find no bidirectional
effects between family income and distress in our overall sample, a
reciprocal dynamic can be observed among women and Hispanics.

Our findings have important research implications. When examining
social causation and social drift effects, researchers should consider
potential differences in effects across income types, temporal lags, and
sub-populations. Future research should investigate reciprocal dynamics
utilizing additional measures of SES (e.g., material hardship, multidi-
mensional poverty), examining long-run effects, and including larger
samples to identify differences in magnitude and direction of effects
across sub-populations.

From a policy perspective, our findings underscore the need to
further examine the types of policies that could buffer social causation
effects resulting from income shocks and social drift effects associated
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with worsening mental health. For instance, recent research has found
that cash transfers in the United States, such as the Earned Income Tax
Credit and Child Tax Credit can improve mental health, especially
among those with low education, women, Blacks, and Hispanics (Batra,
Jackson, & Hamad, 2023; Cha, Lee, & Tao, 2023; Morgan et al., 2021).
However, the potential effect of these policies in buffering the impact of
income declines on mental health has not been sufficiently studied.
Unemployment insurance generosity has been found to lessen the
impact of economic downturns on suicide rates (Cylus, Cylus, Glymour,
& Avendano, 2014) and to be generally protective against the negative
impact of unemployment on mental health (Renahy et al., 2018). Studies
ought to examine the potentially protective effect of unemployment
insurance among those with mental health conditions. Part-time sick
leave has been shown to increase overall work attendance and reduce
long-term disability among those with mental health conditions in
Scandinavian countries, but the impact of paid sick leave on labor out-
comes for people experiencing mental health declines has not been
sufficiently studied in other settings (Viikari-Juntura et al., 2017).
Future research should examine these and other policies with the po-
tential of mitigating the deleterious and cumulative effects of reciprocal
dynamics between income and mental health, especially among the
most vulnerable.
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