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Article

Over the past several decades, there have been enor-
mous changes in how Americans think about and 
respond to subjective experiences such as sadness, 
worry, and other negative emotions. Specifically, 
Americans are now far more likely to seek mental 
health treatment (Druss et al. 2006; Olfson et al. 
2014) and be diagnosed with a mental illness such 
as depression (Batstra and Frances 2012; Weinberger 
et al. 2018) than they were in the past. These changes 
are at least partly due to a process of medicalization, 
in which medical frames are increasingly applied to 
mental health experiences (Conrad 2007). Yet how, 
why, and for whom mental health outcomes are 
changing over time remain empirical questions. 
Considering mental health is a key yet understudied 
component of population well-being (World Health 
Organization 2004), explaining these trends is of 
central importance to medical sociology.

Current research has often focused on the extent 
to which more recent birth cohorts drive mental 
health trends because more recent cohorts report 
more depressive symptoms and poorer overall men-
tal health and have higher rates of mental health dis-
orders than previous cohorts (Bell 2014; Kessler 
et al. 2007; Twenge 2011; Yang 2007). Working 

from the framework of cohort analysis (Ryder 
1965), these studies often discuss how social con-
textual change—such as the rise of social media and 
other historical events—may be affecting recent 
cohorts’ mental health outcomes. In doing so, they 
direct scholarly and popular attention to the effect of 
social and cultural change on mental health. In par-
allel, media coverage has demonstrated extensive 
concern over young people’s worse mental health 
(Denizet-Lewis 2017), especially college (Hunt and 
Eisenberg 2010; Zivin et al. 2009) and high school 
students (Twenge 2017a). This perspective, which 
blends the potential role of age and age-related fac-
tors (e.g., cognitive development) with a cohort 
interpretation, has contributed to a lay belief that 
mental health has worsened over time, particularly 
for American youth.
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Notably, this emergent work makes salient a 
long-standing sociological assumption: Context 
and cultural change influence mental health out-
comes and behaviors over time. And cultural 
change may be particularly influential for certain 
groups of people, notably young people and/or 
more recent cohorts. Yet by focusing only on a sub-
set of the population, age- and cohort-based analy-
ses may be unnecessarily limiting. Taking one step 
back and considering whether and how social and 
cultural change may be affecting mental health out-
comes across the population as well as for specific 
ages and cohorts allows one to apply the sociologi-
cal lens beyond explaining only certain groups’ out-
comes. By broadening the analytical approach and 
considering the entire American population over 
time, one can assess whether and how mental health 
and associated behaviors are changing for all 
Americans and start to understand the sociocultural 
mechanisms driving trends.

This analysis explores how and why mental 
health outcomes have changed over time, looking 
above and beyond individual factors and across the 
entire American population. I compare time trends 
in both subjective mental health (proxied through 
psychological distress) and treatment seeking. 
Because underlying mental health and treatment 
follow divergent trends over time (Kessler et al. 
2005), different mechanisms may influence each, 
resulting in unique patterns of change. Additionally, 
to illuminate who or what is driving change in both 
of these outcomes—whether more recent cohorts, 
young people, or other factors—a methodological 
approach that separates these drivers is necessary. 
Thus, I used an age-period-cohort (APC) analysis 
to answer the following questions:

Research Question 1: How and for whom have 
psychological distress and mental health treat-
ment seeking changed over the past two decades?
Research Question 2: Do trends in psychologi-
cal distress and treatment seeking parallel each 
other?
Research Question 3: Are these patterns driven 
by certain birth cohorts or age groups?

I found no evidence that psychological distress 
has changed over time at the population level. 
However, I found an increase over time in mental 
health treatment seeking across all ages and birth 
cohorts in spite of stable levels of psychological 
distress. In other words, I observed a period change 
affecting the entire population. In contrast to most 
mental health scholarship, which focuses on age 

and cohort patterns in outcomes (Gaydosh et al. 
2019; Miech and Shanahan 2000; Thomson and 
Katikireddi 2018; Wickrama et al. 2008; Yang 
2007), this finding recommends attention to factors 
that influence all individuals regardless of age or 
birth cohort. Additionally, the gap between trends 
in psychological distress and treatment is evidence 
that Americans may be seeking treatment at increas-
ing rates due to cultural changes rather than merely 
idiosyncratic individual experiences. Thus, the 
finding of period trends in mental health treatment 
suggests a need to attend to changing sociocultural 
norms around mental health and treatment.

BACkgROUND
Explaining Mental Health Trends: The 
Current Approach
Existing analyses of mental health trends extend a 
strong tradition in health research of using age and 
birth cohort as key units of analysis to explain time 
trends at the population level (Harris 2010). Both 
approaches focus on the mental health outcomes of 
certain birth cohorts, often during their youth, using 
either age- or cohort-related factors as explanations. 
Based on the theory of cohort replacement, the dif-
ferent health outcomes of more contemporary 
cohorts, especially while they are young, can lead to 
wide-scale changes in outcomes at the population 
level as these cohorts grow older and replace earlier 
cohorts (Glenn 1977; Ryder 1965). Although some 
work from the United Kingdom finds that mental 
health is improving across cohorts over time 
(Thomson and Katikireddi 2018), the general con-
sensus is that more recent cohorts have poorer men-
tal health outcomes (Bell 2014; Kessler et al. 2007; 
Twenge 2011) and are more likely to seek treatment 
than their predecessors (Kadison and DiGeronimo 
2004; Kruisselbrink Flatt 2013). Current explana-
tions for these cohort patterns highlight aspects of 
the social context that may be particularly influen-
tial for certain cohorts’ mental health. For example, 
the poorer mental health outcomes of more contem-
porary cohorts are often attributed to cultural 
changes such as increased use of smartphones and 
social media (Twenge 2017b) or other aspects of 
contemporary life (Bell 2014).

Applying a cohort-based theory of change leads 
to two empirical predictions about trends in mental 
health outcomes at the population level over the 
past two decades. First, one might predict that men-
tal health has worsened over time and that this trend 
is at least partially the result of more recent cohorts 
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experiencing poorer mental health. Although the 
cohort-based research previously described sup-
ports this prediction, there is also evidence that 
mental health is not worsening over time (Mojtabai 
and Jorm 2015). Second, one would also predict 
that rates of mental health treatment have increased 
over time, which does seem to be the case (Kessler 
et al. 2005; Mojtabai and Jorm 2015), although less 
work has focused on why and whether this is a 
product of cohort differences.

Importantly, two key issues add uncertainty to 
these predictions. First, population-level time trends 
could be due to any combination of age, period, and 
cohort effects (Glenn 1977). In other words, changes 
at the population level over time could be the result 
of young people’s or more contemporary cohorts’ 
different outcomes, but they could also be the result 
of a secular trend unrelated to any specific cohort or 
age group (a period effect). Although some work 
uses methods designed to separate these effects 
(Bell 2014; Yang 2007), cohort- and age-related 
explanations dominate the conversation and are 
often used interchangeably. Nevertheless, theories 
on how aspects of modern life may be influencing 
mental health outcomes need not be limited to 
explaining the outcomes of certain groups, and a 
potential period effect should be seriously consid-
ered. A second point of uncertainty touches on a 
central debate in the sociology of mental health: 
what the very notion of mental health means and 
how to measure it (Horwitz 2002b). In other words, 
one must unpack the implications of change in men-
tal health outcomes by attending to what, precisely, 
the outcome measure is capturing.

Mental Health Outcomes as Socially 
Constructed and Influenced
Challenges regarding the operationalization and 
interpretation of mental health stem from the foun-
dational idea that mental health is socially con-
structed. Mental health itself as well as cultural ideas 
about how to define and respond to mental health 
issues change over time (Horwitz 2002a; for a 
review, see Aneshensel, Phelan, and Bierman 2012). 
Understandings of and behaviors around mental 
health can and do shift according to the cultural 
beliefs of a given historical moment, and the line 
between mental health and “illness”—between “nor-
mal” psychological experiences and those consid-
ered “deviant”—is context dependent (Pescosolido 
2013; Scheff 1966; Szasz 1970, 1974). One hypoth-
esized reason why mental health and treatment seek-
ing are changing so dramatically is the broad process 

of medicalization that began to shift cultural under-
standings of mental health in the late twentieth cen-
tury. Peter Conrad (1992:211) defines medicalization 
as a sociocultural process that “occurs when a medi-
cal frame or definition has been applied to under-
stand or manage a problem.” In the context of mental 
health, medicalization pushed psychological experi-
ences (such as what is now referred to as anxiety and 
depression), once considered personal problems, 
into the realm of medical issues requiring profes-
sional treatment (Conrad 2007). In 1980, the publi-
cation of the third edition of the Diagnostic and 
Statistical Manual of Mental Disorders (DSM-III) 
epitomized the medicalization process by explicitly 
converting psychological symptoms into medical 
diagnoses (Mayes and Horwitz 2005; Scheid and 
Brown 2010). As mental health issues became more 
clearly articulated and labeled, the category of “nor-
mal” shrank; now, almost any negative emotion can 
be diagnosed as a mental health problem (Horwitz 
and Wakefield 2007; Sweet and Decoteau 2018).

The social construction of mental health under-
scores the need to attend to the implications of 
change in any particular outcome. As the boundar-
ies around mental health shift and as mental health 
experiences are further categorized, diagnosed, and 
medicalized, mental health outcomes and behav-
iors are shaped not only by individuals’ subjective 
experience but also by social and cultural frames. 
Thus, outcome measures may show change unre-
lated to worsening mental health at the individual 
level. For example, Americans have become 
increasingly willing to seek mental health treat-
ment due to a reduction in perceived stigma, 
although this attitudinal change varies across 
socioeconomic and racial-ethnic groups as well as 
birth cohort (Mojtabai 2007).1 Policy change, 
which frequently reflects broader social change, 
may also have contributed to change over time in 
mental health behaviors. Legislation such as the 
Affordable Care Act (ACA) and Medicaid expan-
sion may have made mental health treatment more 
accessible, thereby increasing rates of treatment. 
More recent legislation designed to address the 
opioid epidemic, such as the 21st Century Cures 
Act, the Comprehensive Addiction and Recovery 
Act, and the Support Act, may have both increased 
access and worked to reduce the stigma surround-
ing mental health treatment by bringing some men-
tal and behavioral health issues under federal 
oversight. In sum, broader social and cultural pro-
cesses can lead to changes in mental health out-
comes that should not necessarily be interpreted as 
worsening mental health.
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Diagnostic changes in mental health issues such 
as major depressive disorder (MDD) and autism 
illuminate the extent to which mental health out-
comes themselves are socially influenced (King 
and Bearman 2009; Wakefield and Horwitz 2015). 
In both cases, changes in diagnostic practices led to 
an increase in prevalence of the disorder; over time, 
the likelihood that any given person will be diag-
nosed with a mental health problem such as autism 
or MDD has increased. By demonstrating that men-
tal health measures are not static over time, this 
research highlights a key challenge for mental 
health researchers interested in explaining trends. 
In this analysis, I focus on measures in which any 
change over time can be attributed to a real change 
in the outcome and not measurement change.

To capture changes in mental health outcomes, 
this analysis offers two key strategies to address 
gaps in prior research. First, rather than taking a 
cohort-based approach, I separate between the dif-
ferent drivers of change in mental health experi-
ences and treatment—age, period, and cohort—and 
leave room for the possibility that social and cul-
tural influences on mental health affect the entire 
population. And second, I address the social con-
struction of mental health through careful selection 
of outcome measures and attention to how each 
may be separately influenced by social and cultural 
change.

DATA AND METHODS
I drew on age-period-cohort analysis as an under-
utilized window into social and cultural influences 
on mental health outcomes. As Fosse and Winship 
(2019:468) stated in a recent review, “the goal of an 
APC analysis is to understand social and cultural 
change in a given outcome by identifying the sepa-
rate contributions of the causal processes associ-
ated with each of the three APC variables.” As 
mentioned above, in an APC perspective, change 
over time is the result of three interrelated pro-
cesses. On the one hand, it can be a period effect, in 
which the historical context equally affects every-
one. On the other hand, it can also involve cohort 
effects, in which individuals born in certain years 
are particularly affected by the historical moment at 
a given stage of life. Both period and cohort effects 
are also entangled with age effects, in which out-
comes vary throughout the life course. By focusing 
on trends across the two APC variables that capture 
the effect of historical context, period and cohort, 
my approach was uniquely suited to explore the 
patterns through which social change influences 

mental health outcomes in the absence of clear 
measures for “context.”

Data
The National Health Interview Survey (NHIS) has 
used consistent mental health outcome measures 
since 1997, making it one of the earliest health sur-
veys to include reliable measures of mental health. 
As a nationally representative, cross-sectional 
household interview survey, the NHIS also pro-
vided the necessary breadth to trace temporal 
changes in mental health outcomes and behaviors 
across the United States. I specifically used the 
Sample Adult portion of the NHIS from 1997 to 
2017, limiting my analyses to adults 18 and over. 
My results were generalizable to the noninstitution-
alized adult population; I cannot speak to mental 
health trends among specific populations, such as 
college students or the incarcerated.

I obtained my analytical sample through the fol-
lowing process. Beginning with 646,279 observa-
tions in the Sample Adult portion of the NHIS from 
1997 to 2017, I removed the 17 individuals born in 
1912 and the 314 individuals born in 1999 to create 
equally spaced cohort intervals. I also removed 
individuals missing on key covariates of race, eth-
nicity, and/or general health (468). Individuals 
missing information on health insurance (2,602), 
college education (5,178), poverty status (97,549), 
or marital status (2,867) were coded as not having 
health insurance, as having not attended college, as 
not poor, and as unmarried, respectively, rather than 
dropped from analysis due to the high number of 
missing cases. Finally, I removed the 18,061 indi-
viduals missing information on either of the two 
outcome variables, resulting in a final sample of 
627,058 observations.

To ensure that listwise deletion and the coding of 
health insurance, college education, poverty status, 
and marital status did not skew my results, I used two 
strategies. First, given the very high number of indi-
viduals missing information on poverty status, I ran 
separate analyses in which those missing were coded 
as poor rather than not poor. Although individual-
level coefficients, such as that on poverty status, 
changed slightly in magnitude (but not direction), the 
period and cohort patterns remained the same. 
Second, I used multiple imputation to fill in all miss-
ing values of relevant covariates. These models, 
shown in Appendix A in the online version of the 
article, matched those in the main text. Overall, the 
results presented were robust to considerations 
around missing data.



Johnson 57

Dependent Variables
I measured subjective mental health through the 
Kessler 6 index (K6) for nonspecific psychological 
distress (Kessler et al. 2003). The K6 measures the 
frequency of six symptoms over the past 30 days—
sadness, nervousness, restlessness, worthlessness, 
hopelessness, and the feeling that everything is an 
effort—on a scale of 0 to 4 (0 = none of the time,  
4 = all of the time). The six items sum to 24, with 
higher scores indicating poorer mental health and a 
score of 13 or higher indicating severe mental ill-
ness (SMI), which has been used as a proxy for 
DSM diagnosis. This scale has been tested in inter-
national survey research and was found to be a valid 
measure of psychological distress (Furukawa et al. 
2003). The K6 was designed for survey research, 
not as a clinical measure; I used it here as a stan-
dardized means of measuring subjective mental 
health. Importantly, the K6 is a general measure of 
psychological distress rather than a specific mea-
sure of either anxiety or depressive symptoms; this 
was ideal for my analyses because I aimed to trace 
broad trends in subjective mental health, as experi-
enced by individuals. Psychological distress offers a 
window into subjective psychological experience 
and, in contrast to other measures of mental health 
such as diagnosis with a psychiatric disorder, is 
measured consistently over time.

The second outcome, mental health treatment, 
was measured using a binary indicator of whether 
the respondent had seen or talked to a mental health 
professional such as a psychiatrist, psychologist, 
psychiatric nurse, or clinical social worker during 
the past 12 months (1 = yes, 0 = no). Note that treat-
ment and psychological distress are measured 
according to different time frames, which is a limi-
tation of the measures in the data. Because causal 
order could not be determined, neither outcome 
measure was used to predict the other. For addi-
tional analyses with different dependent variables, 
including SMI and medication use, see Appendix A 
in the online version of the article.

Independent Variables
The key independent variables were age, age-
squared, period, and birth cohort. I measured period 
using survey year and birth cohort using five-year 
groupings of birth year, following existing APC 
research (Yang and Land 2008). There were 17 birth 
cohorts included in the analysis, with birth years 
ranging from 1913 to 1998.2 I also included demo-
graphic controls for race-ethnicity, gender, marital 
status, education, and poverty status. Race-ethnicity 

was included as one binary indicator for white/non-
white and another binary indicator for Hispanic/
non-Hispanic. Gender was measured as a binary  
(1 = woman). Marital status was a binary indicator 
(1 = married). Education was included as a binary 
indicator for college attainment (1 = 4+ years of col-
lege or a BA). Poverty was measured as a binary 
indicator (1 = below the poverty line, 0 = at or above 
the poverty line). I also included controls for self-
reported general health (measured on a scale of 1 to 
5 from poor to excellent and then standardized) and, 
for the treatment model, a control for health insur-
ance (1 = has health insurance). Model results were 
robust to the inclusion of controls.

Methods
I began with descriptive analyses. I first graphed 
each outcome by period, cohort, and age to show 
overall patterns in each of the three APC effects. 
Although visualizations are not sufficient to fully 
demonstrate the relationships between age, period, 
and cohort and the outcomes, they provided initial 
evidence for patterns over time and are less suscep-
tible to modeling decisions. I used them to frame my 
analytical results.

Model specification of age, period, and cohort 
effects is difficult because the three effects are col-
linear, meaning that only two of the three can be 
included in any quantitative model. However, 
because one effect must be excluded, each effect is 
potentially confounded by the others, leading to 
what is called the “identification problem” (Blalock 
1966; Glenn 1977). Analysts have developed many 
methods to solve the identification problem (for a 
recent review, see Fosse and Winship 2019).

In this analysis, I utilized the hierarchical age-
period-cohort cross-classified random effects mod-
els (HAPC-CCREM) introduced by Yang and Land 
(2006, 2013). These are generalized linear mixed 
models estimated at two levels of analysis: the indi-
vidual and the social context. In addition to being 
one of the most popular APC approaches and tested 
in several empirical contexts (Masters 2012; Pampel 
and Hunter 2012; Reither, Hauser, and Yang 2009), 
mixed models make theoretical and intuitive sense: 
Although age, period, and cohort are all related, they 
are social processes that occur at different levels  
of analysis. The HAPC-CCREM approach treats 
period and cohort as “random” effects external to 
the individual, in that people are “nested in, and 
cross-classified by, the two higher-level social con-
texts defined by time period and birth cohort” (Yang 
2008:211). In addition, by using random effects, this 
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model accommodates the possible random error 
correlation between individuals surveyed in the 
same year or born in the same birth cohort.

The HAPC-CCREM model specification avoids 
the identification problem by not assuming that age, 
period, and cohort effects are additive and linear at 
the same level of analysis (Yang and Land 2006). 
Rather, at the first level, I regressed the outcome on 
individual-level covariates, including age, and at the 
second level, I accounted for social context by 
including survey year and birth cohort as random 
effects that vary the Level 1 model intercept.3 Level 
1 covariates are referred to as “fixed effects” because 
they are fixed across cohorts and periods and can 
include individual covariates beyond APC vari-
ables.4 The full regression models are represented as:
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for individual i in cohort j and period k where β is a 
vector of coefficients for individual-level covariates, 
γ0  is the overall model intercept, u j0  is the residual 
random effect of the cohort averaged across all peri-
ods, and v k0  is the residual random effect of the 
period averaged across all cohorts.5 Although descrip-
tive analyses were weighted using NHIS sample per-
son weights (adjusted for pooled survey years), all 
regression models were unweighted, but substantive 
results were robust to weighting decisions (see 
Appendix B in the online version of the article).

Random effects models make the assumption of 
zero correlation between individual-level covari-
ates such as age, race, and gender and the contex-
tual effects coefficients for cohort and period. 
Logically, individual characteristics should be unre-
lated to and distributed randomly throughout birth 
cohort or historical period.6 Mixed models also 
result in “shrinkage,” in that predicted random 
effects are “shrunk” toward the grand mean. 
Because I used predicted random effects to show 
period and cohort effects, this resulted in conserva-
tive estimates of period and cohort patterns because 
the models tend to favor similarity across periods 
and cohorts.

The HAPC-CCREM approach allows for the 
simultaneous estimation of all three APC effects. 

Thus, I was not forced to make the decision to  
drop one effect when there was no theoretical  
basis to do so (cf. Bell 2014). Nevertheless, the 
HAPC-CCREM approach is not without contro-
versy. Critiques of the HAPC-CCREM modeling 
approach have problematized the assumption that 
these models fully “solve” the identification prob-
lem (Luo 2015; O’Brien 2017) and note the poten-
tial impact of data structure on the model results 
(Bell and Jones 2018). To show the robustness of 
my findings beyond any one modeling approach, I 
utilized several other APC analysis methods (see 
Appendix C in the online version of the article), 
including the dummy variable model (Yang and 
Land 2008), the APC interaction model (Luo 2015), 
and the inductive parsimony model (Harding and 
Jencks 2003). I also ran data structure analyses to 
demonstrate the robustness of my findings to other 
data structures (see Appendix C in the online ver-
sion of the article). The core conclusions regarding 
age and period trends made in this article were 
robust to these modeling specifications. Cohort 
trends were less certain, and I comment on this in 
the following. Overall, the conclusions I present 
here were robust to modeling decisions. I return to 
potential limitations in the discussion.

RESULTS
Descriptive Results
Beginning descriptively, Figures 1 and 2 show a 
clearer time trend in treatment seeking than in psy-
chological distress. Note that these figures do not 
disentangle APC effects. Figure 1 plots each out-
come by period (averaged across age and cohort) 
and cohort (averaged across period and age). 
Looking first at time trends in mental health (Figure 
1a), there is no clear increase in K6 scores over sur-
vey years. Figure 1b, on the other hand, provides 
evidence that the proportion of individuals seeking 
mental health treatment has increased by more than 
50%, from 5.9% in 1997 to 9% in 2017 with a small 
dip in 2012 to 2014. Turning to trends by birth year, 
Figure 1c indicates subtle cohort trends in mental 
health, with the earliest, middle, and most recent 
cohorts experiencing greater psychological distress. 
Cohort trends in treatment (Figure 1d) match trends 
in mental health for cohorts born in the 1940s and 
later. The 1940s, 1950s, and 1990s cohorts have the 
highest rates of mental health treatment, which par-
allels their greater psychological distress. The earli-
est cohorts (those born in the 1910s and 1920s) have 
the lowest rates of mental health treatment, but age 
effects may also be at play here because they are not 
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controlled for. Given that earlier cohorts are only 
observed at older ages, we do not know if their low 
treatment rates are due to their birth cohort or their 
age (and in Figure 2, we can see that older ages cor-
respond with lower treatment rates).

Figure 2 plots both outcomes by age and period.7 
Looking at treatment, the 2013 to 2017 period has 
clearly higher treatment rates than the 1997 to 2001 
period across all ages. Young adults aged 18 to 30 
show a particularly substantive increase in treat-
ment rates over time, suggesting a potential cohort 
effect and matching Figure 1d. Comparing across 

periods and looking at adults under 70, the 2013 to 
2017 period shows higher K6 scores (i.e., greater 
psychological distress) than the 1997 to 2001 
period. This pattern, however, reverses for adults 
over 70, weakening evidence for a period trend in 
psychological distress.8 Figure 2 also shows similar 
age patterns to previous research (Bell 2014; 
Blanchflower and Oswald 2008). K6 scores are 
highest during early adulthood and middle age. 
Mental health improves after age 50 and then wors-
ens again after age 70. The age patterns in treatment 
are similar, with young and middle-aged adults 

Figure 1. Mental Health Outcomes by Period and Cohort with Data from the National Health 
Interview Survey, 1997–2017
Note: Data are weighted using National Health Interview Survey Sample Person weights adjusted for pooled survey 
years. The kessler 6 index (k6) is measured on a scale of 0 to 24, with higher scores indicating greater psychological 
distress. Numbers are averaged across ages. N = 628,218.
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more likely to seek mental health treatment, 
although there is no increase in the likelihood of 
seeking treatment at older ages.

Most noteworthy about the descriptive results is 
the decoupling between K6 scores and treatment. 
Although period and cohort may influence psycho-
logical distress, the time trends in treatment are 
much clearer. Averaging across all ages and birth 
cohorts, Figure 1b shows that treatment rates have 
increased over time; this trend, as indicated by 
Figures 1d and 2, may be at least partially driven by 
the high treatment rates among the youngest cohorts. 
Subjective mental health and mental health treat-
ment measure very different things: while the K6 
index shows psychological distress, the treatment 
measure shows how (and whether) people respond 
to their psychological distress. The fact that there are 
temporal patterns in treatment unaccompanied by 
patterns in mental health underscores the extent to 
which social context may be influencing how peo-
ple respond to their mental health. Despite no over-
all change in psychological distress, people have 
become more likely over the past two decades to 
seek professional mental health treatment, offering 
initial evidence that social and cultural changes have 
shaped health behaviors. Overall, the descriptive 
results do not support the prediction based on earlier 
literature that mental health is worsening over time 

and throw into question whether increasing treat-
ment rates are responding to worsening mental 
health. Nevertheless, age, period, and cohort effects 
are conflated in the descriptive results, and statisti-
cal analyses are necessary to separate which is driv-
ing trends over time.

Model Results
Results from the HAPC-CCREM models are 
included in Table 1. Overall, the random effects indi-
cate that period and cohort explain trends in both 
psychological distress and treatment above and 
beyond individual factors. Bayesian information cri-
terion comparisons between the full HAPC-CCREM 
models (Models 2 and 4) and individual-level only 
models without the random effects (Models 1 and 3) 
show that the CCREM models fit significantly better 
(p < .001). In addition, individual-level parameter 
estimates are virtually identical across individual-
level and mixed models. Although individual-level 
factors still provide the most explanatory power, 
variance components indicate that historical context 
does explain a small amount of the variance in men-
tal health and treatment. A partition of variance on 
models for each outcome including only age, age-
squared, period, and cohort as predictors indicated 
that period and cohort, combined, explain 0.5% of 

Figure 2. Mental Health Outcomes by Age and Period with Data from the National Health Interview 
Survey, 1997–2017
Note: Data are weighted using National Health Interview Survey Sample Person weights adjusted for pooled survey 
years. The kessler 6 index (k6) is measured on a scale of 0 to 24, with higher scores indicating greater psychological 
distress. N = 319,435 (for the two periods shown).
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the variance in K6 scores and 1.3% of the variance in 
treatment. These variance components are small in 
magnitude due to the high level of between-individ-
ual variation, which is often the case in time-series 
cross-sectional analyses. Nevertheless, variance 
components do not capture the temporal relation-
ships between either period or cohort and the out-
comes, only to what extent either periods or cohorts 
(when taken all together) contribute to reducing 

variance in the outcome. Thus, further attention to 
period and cohort patterns offers better insight into 
the contextual trends.

Evidence for period patterns. Plotting the random 
intercepts for each period (averaged across cohorts) 
and cohort (averaged across periods) compared to 
the overall model intercept illustrates any period or 
cohort-specific patterns. These random intercepts 

Table 1. Linear and Mixed Models Predicting Mental Health and Treatment with Data from the 
National Health Interview Survey, 1997–2017.

Self-Reported Psychological Distress Treatment

 OLS Mixed Effects Logistic Mixed Effects

 (1) (2) (3) (4)

Age –.024*** –.024*** –.021*** –.023***
 (.000) (.001) (.000) (.001)
Age-squared –.001*** –.001*** –.001*** –.001***
 (.000) (.000) (.000) (.000)
Female .528*** .530*** .302*** .311***
 (.009) (.009) (.010) (.010)
White .538*** .533*** .608*** .607***
 (.012) (.012) (.013) (.013)
Hispanic –.424*** –.418*** –.489*** –.490***
 (.013) (.013) (.016) (.016)
general health –1.341*** –1.340*** –.554*** –.552***
 (.005) (.005) (.005) (.005)
Married –.646*** –.639*** –.690*** –.676***
 (.010) (.010) (.011) (.011)
College educated –.096*** –.115*** .477*** .449***
 (.010) (.010) (.011) (.011)
Below poverty line 1.113*** 1.104*** .457*** .431***
 (.014) (.014) (.013) (.013)
Health insurance .717*** .708***
 (.016) (.016)
Constant 2.322*** 2.288*** –3.663*** –3.737***
 (.015) (.056) (.022) (.044)
Variance components
 Cohort .017 .010
 Period .037 .014
 Individual 13.300  
Observations 627,058 627,058 627,058 627,058
BIC 3,405,384 3,403,621*** 300,862 300,282***

Note: Standard errors in parentheses. Self-reported psychological distress is measured using the kessler 6 index, 
which ranges from 0 to 24. Models 2 and 4 contain random effects for five-year birth cohort and survey year (period). 
Coefficients in Models 3 and 4 are in log odds. Age and age-squared are grand mean-centered. general health is 
standardized. BIC comparisons indicate that the mixed effects models fit statistically significantly better (p < .001). 
OLS = ordinary least squares; BIC = Bayesian information criterion.
***p < .001.
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are graphed in Figure 3. Compared to the descrip-
tive results in Figure 1, the random effects are 
“shrunken” toward the grand mean, and patterns 
look less extreme. Note that these predicted proba-
bilities, like the intercept in all regression models, 
apply only to the group specified by values of 0 on 
all other covariates; nevertheless, they are useful for 
showing patterns over time in the outcomes.

Looking first at period effects (Figures 3a and 3b) 
demonstrates the key role of historical context in 

shaping decisions regarding mental health treatment, 
lending support to the descriptive results. The pre-
dicted probability of seeking treatment has increased 
significantly and almost linearly between 1997 and 
2017 for all ages and birth cohorts, controlling for 
individual-level characteristics. As suggested 
descriptively, there is no similar period pattern in 
reported psychological distress. The lack of consis-
tent period trends in K6 scores indicates that there 
are not uniform period effects on subjective mental 

Figure 3. Predicted Period and Cohort Trends in Mental Health Outcomes with Data from the 
National Health Interview Survey, 1997–2017.
Note: Predicted values in graphs a and c are random intercepts from Table 1, Model 2, which controls for age, age-
squared, gender, race, general health, marital status, college education, and poverty. Predicted values in graphs b and 
d are random intercepts from Table 1, Model 4, which controls for age, age-squared, gender, race, general health, 
marital status, college education, poverty, and health insurance. A horizontal line is included at each overall model 
intercept.
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health. This is consistent with prior descriptive 
research that shows subjective mental health has not 
worsened over time (Kessler et al. 2005; Mojtabai 
and Jorm 2015). On the other hand, there seems to be 
a clear relationship between mental health treatment 
and period, indicating that treatment may be highly 
related to contextual factors such as historical period.

Evidence for cohort patterns. Attending to cohort 
effects (Figures 3c and 3d), both outcomes show 
similar patterns. The oldest and middle cohorts have 
the highest K6 scores, indicating the poorest mental 
health. Cohorts born in the 1940s, 1950s, and 1990s 
are more likely than the average to seek mental 
health treatment, with Baby Boomers being the most 
likely. The similarity of cohort patterns between 
each outcome indicates that cohort trends in treat-
ment seeking follow cohort trends in overall mental 
health. Although the CCREM models show cohort-
based variation in both outcomes, other model speci-
fications do not (see Appendices in the online version 
of the article), indicating that evidence for cohort 
trends is still inconclusive. Thus, I focus on the 
period trends, which are replicated across model 
specifications. Whereas descriptive results and past 
literature suggested the potential for cohort trends, 
once all three APC effects are accounted for, the 
descriptive time trend in mental health treatment 
across birth years (Figure 1d) is not a cohort trend 
but rather a period trend confounded with age.

Individual-level controls. Individual-level factors 
are included as controls consistent across periods 
and cohorts. Looking at Model 2 predicting K6 
scores, one can see, consistent with prior research, 
that women and white Americans have higher K6 
scores, whereas Hispanic Americans have lower K6 
scores. Being married or college educated is associ-
ated with lower K6 scores, whereas living below the 
poverty line is associated with higher K6 scores. 
General health has a strong negative relationship 
with K6 scores, indicating that better health is asso-
ciated with better mental health. Model 4 predicts 
the log odds of seeking mental health treatment and 
shows similar patterns to both the K6 model and 
prior research. Women and white Americans are 
more likely to seek treatment, whereas Hispanic 
Americans are less likely. Married individuals are 
less likely to seek treatment. Although being college 
educated is associated with lower K6 scores, it is 
positively associated with treatment seeking. Living 
below the poverty line is positively associated with 
treatment seeking as well. Better health is associated 
with a lower likelihood of seeking treatment, and 

having health insurance is positively and strongly 
correlated with seeking treatment. For a discussion 
of temporal patterns among demographic subgroups, 
see Appendix E in the online version of the article.

DISCUSSION
Overall, both descriptive and model results provide 
evidence for a time trend in mental health treatment 
that is unaccompanied by any time trend in subjec-
tive mental health. Period effects indicate that all 
birth cohorts show a similar historical trend of 
increasing treatment seeking despite no clear pattern 
of worsening psychological distress. This suggests 
that changes in the social context have contributed to 
increased treatment over the past two decades, fol-
lowing a period trend, but have not changed underly-
ing psychological distress.

To address the ongoing discussion around APC 
methodology, I have provided several different 
means of verifying the results presented here by 
acknowledging the role of random effects (Appendix 
B in the online version of the article) and the struc-
ture of cross-sectional survey data (Appendix C in 
the online version of the article) as well as by repli-
cating my findings with several other model specifi-
cations (Appendix C in the online version of the 
article). Importantly, all analyses show very little 
time trend in psychological distress, although there 
may be some cohort differences, and a clear time 
trend in treatment seeking. That these trends exist in 
the data descriptively also lends support to my con-
clusions. The results of most models indicate that the 
time trend in treatment is primarily a period trend 
and provide only limited evidence for cohort trends. 
Nevertheless, I cannot completely rule out cohort 
trends in mental health treatment. Additionally, a 
limitation of using cross-sectional data, particularly 
given the different timings of the two dependent 
variables, is the possibility that increases in treatment 
rates are masking what would be worsening psycho-
logical distress in the absence of treatment. Although 
there is no evidence that mental health treatment 
lowers psychological distress at such a broad scale 
(Jorm et al. 2017), this is plausible and should be 
investigated using panel data.

In summary, psychological distress is not wors-
ening over time, either through period or cohort 
trends, but rates of mental health treatment have 
increased over the past two decades for all ages and 
birth cohorts. This suggests that individuals’ mental 
health behaviors are responding to changing context 
over time even if their subjective mental health is 
not. My findings strengthen and add theoretical 
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clarity to existing evidence for increasing treatment 
rates (Kessler et al. 2005; Mojtabai and Jorm 2015; 
Olfson et al. 2014) by controlling for confounding 
APC effects and individual characteristics and com-
plicate the existing assumption in the literature that 
mental health is worsening due to cohort effects. By 
using an APC approach, I show that social context 
can be modeled as a period effect and call attention 
to how cultural changes over the past 20 years have 
influenced health behaviors across cohorts.

This work has several implications for future 
research on mental health. Primarily, I demonstrate 
that researchers must attend to historical period 
when studying mental health behaviors. Although 
much existing literature focuses on cohorts as the 
key unit of analysis, I demonstrate that cultural con-
text is influencing treatment-seeking behaviors 
through a period trend. By using cohort groups as 
the center of analysis, researchers may be missing 
or misattributing important period trends that are 
occurring for all cohorts. Furthermore, researchers 
must be cautious about the time frame of their data. 
Given the centrality of historical period, health 
behaviors reported in data collected in the 1990s 
were influenced by entirely different cultural condi-
tions than in the 2010s, and conclusions made about 
treatment seeking or other mental health behaviors 
in the 1990s may not apply to more contemporary 
periods. In studying historical trends, one must 
remember that the historical moment is a deeply 
important underlying context that affects everyone.

A second implication is that patterns in treatment 
seeking should not be conflated with patterns in sub-
jective mental health. Social and cultural context, 
over time, has shaped treatment decisions but not 
subjective mental health. As I demonstrate, although 
there is some cohort variation, there has not been an 
overall increase in psychological distress. Thus, 
explanations for increased treatment that do not cen-
ter on worsening mental health must be sought out. 
Additionally, other mental health outcomes—such 
as diagnosis—are likely influenced by context 
through different patterns, and temporal patterns in 
one outcome should not be applied to any other out-
come without empirical evidence.

Focusing on period trends, I propose three inter-
locking mechanisms through which context may 
have influenced treatment seeking over the past two 
decades. First, medicalization has likely shaped 
interpretation of subjective experience. As mental 
health becomes increasingly medicalized in the 
health care industry, individuals’ understandings of 
mental health may have also become medicalized. 
Although historically people may have discussed 

their emotional problems with a religious leader or 
even kept them to themselves for fear of being stig-
matized, people may now be more likely to discuss 
mental and emotional health issues with medical 
professionals (Brinkmann 2016). Future research 
should look more closely at how medicalization 
rhetoric has factored into people’s decision-making 
around their subjective mental health experience.

Second, it is likely that mental health treatment 
has become increasingly destigmatized over the 
past 20 years. Stigma contributes to general igno-
rance about mental health issues (Jorm 2000) and 
leads individuals to be unwilling to seek mental 
health treatment for fear of being stigmatized and 
the accompanying status loss or discrimination 
(Corrigan, Druss, and Perlick 2014; Holland 2016). 
Stigma is also linked to cultural context: Levels of 
stigma vary across demographic groups, profes-
sions, and other subcultures. For example, men 
stigmatize mental health issues more than women 
do and have lower rates of treatment seeking 
(Clement et al. 2015). It follows that other forms of 
context, such as contextual changes over time, may 
be linked to change in stigma. Because the fear of 
being stigmatized is a known barrier to mental 
health treatment (Clement et al. 2015), increasing 
rates of treatment may signal that the overall social 
stigma has lessened. However, presently, there is 
only mixed evidence for the destigmatization of 
mental health. Treatment seems to have been des-
tigmatized, in that Americans increasingly think it 
is a reasonable response to mental health issues. 
Using General Social Survey data, Pescosolido 
(2013) found a 10 to 20 percentage point increase 
between 1996 and 2006 in the proportion of respon-
dents who said they would recommend seeing a 
doctor or psychiatrist or taking medication for 
depression. Yet mental illnesses themselves con-
tinue to be stigmatized. My findings suggest that 
stigma around treatment may have lessened over 
time, but further research is needed to explore the 
complex relationship between change in mental 
health behaviors and stigma. Although prior litera-
ture has shown a relationship between age and 
stigma around mental health treatment (Clement 
et al. 2015), my findings suggest that destigmatiza-
tion may be happening across age groups. Future 
research should explore period-based changes in 
stigma rather than age- or cohort-based changes.

Finally, policy changes—most notably the ACA 
in 2010 and the expansion of Medicaid in 2014—
required health insurance providers to cover mental 
health services. In doing so, these policies may have 
made mental health treatment more accessible, 
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particularly for disadvantaged Americans, and may 
have shaped behavior regarding mental health treat-
ment for people of all ages (Beronio, Glied, and 
Frank 2014; Mark et al. 2015). Descriptive results 
(see Figure 1b) do show a slight increase in treatment 
rates after 2014, when Medicaid was expanded. 
Policy change alone, however, may not explain all 
variation in mental health treatment given that treat-
ment rates did increase prior to implementation of 
the ACA. Future work must isolate and determine 
the effect of the ACA on mental health treatment 
rates.

Period effects demonstrate how historical con-
text affects people of all ages and birth cohorts, yet 
period trends can vary across other demographic 
categories. Health scholars have long described the 
“worried well,” or people who are healthy but seek 
medical treatment regardless. This phenomenon 
likely applies to mental health as well, and there is a 
concern that people are being “overtreated” for 
mental health issues (Batstra and Frances 2012). On 
the other hand, there is evidence that many people 
who may have serious mental health issues are still 
deprived of treatment (Kohn et al. 2004). This 
“treatment gap” in which some individuals are over-
treated and others are undertreated represents 
inequality in mental health treatment, which may be 
increasing over time. For example, analyses by edu-
cational status (see Appendix E in the online version 
of the article) show that despite no education-based 
difference in K6 scores, predicted treatment inter-
cepts for the college educated are higher than for the 
non–college educated. In contrast, gender and racial 
differences in treatment followed differences in psy-
chological distress. This phenomenon suggests that 
the changing social context around mental health 
treatment may be particularly salient for the more 
highly educated, especially given that those of 
higher social class likely have greater access to 
mental health treatment. Their behaviors may thus 
be more responsive to changing cultural conditions 
because they are able to respond, whereas the 
choices of the less privileged are more constrained. 
Future research must continue to look at how con-
textual trends differentially impact the treatment 
decisions of different groups.

Using an APC analysis to disentangle patterns of 
change, I demonstrate that treatment seeking has 
increased over the past two decades following a 
period trend. In contrast, psychological distress has 
not been influenced over time by either period or 
cohort effects. Thus, I emphasize the need to con-
sider period trends, specifically historical context, as 
an important factor shaping Americans’ mental 

health behaviors. Historical period shapes rates of 
mental health treatment through cultural changes 
that may encourage or discourage people to seek 
treatment for reasons above and beyond their level of 
psychological distress. I propose several potential 
mechanisms, such as destigmatization and policy 
change, and encourage future research to pay more 
attention to the role of historical period. Although 
APC analyses have their methodological limitations, 
they provide a unique way to unpack dimensions of 
temporal change. Researchers must continue to 
explore how social context has shaped reactions to 
and understanding of mental health experiences to 
understand the determinants of change.
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NOTES
1. Importantly, mental health issues have not been 

entirely destigmatized; rather, there has been a pro-
cess of destigmatization that may have reduced the 
stigma around certain types of less severe mental 
health issues and treatments.

2. For 1997 to 2016, birth year was included as a variable 
in the data set. For the 29,004 observations missing 
exact birth year, birth year was calculated by subtract-
ing age from the survey year. For the 2017 survey year, 
birth year was not measured directly but was calcu-
lated by subtracting age from the survey year.

3. For a consideration of potential issues with random 
effects, see Appendix B in the online version of the 
article.

4. This is a different interpretation of fixed effects than 
within-individual change in panel data.

5. Following Yang and Land (2013), the model for the 
Kessler 6 index (K6) is estimated using restricted 
maximum likelihood (REML), although results are 
robust to using a maximum likelihood estimation 
method. The model for treatment is estimated using 
maximum likelihood with Laplace approximation.

6. For information about Hausman tests, see Appendix 
B in the online version of the article.
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7. For clarity, Figure 2 shows only the first and last 
five-year period groupings here. For all period 
groupings, see Appendix D Figure 1 in the online 
version of the article. Other data visualizations are 
included in Appendix C Figure 2 in the online ver-
sion of the article. Full age-by-period and age-by-
cohort tables are available in Appendix D in the 
online version of the article.

8. Note that there are between 3,000 and 6,000 people 
70 or older in each survey year.
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