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With growing levels of inequality, understanding relationships between
socioeconomic status (SES), health and well-beingis asimportant as ever.
Many studies focus on associations between an SES composite and either

health ‘or’ happiness; here we examine unique relationships between SES
indicators (income and education) and health ‘and’ well-being outcomes
atbothindividual and community levels, drawing on a sample of adults
(N=71,385; M,,. =40.62,s.d.=13.20) from more than 10 countries and
representing 13,089 unique ZIP codes within the United States. A subset
(N=29,567) participated in an Ecological Momentary Assessment study by
providing daily reports of their emotions, blood pressure and heart rate
(Nops = 329,543) for 3 weeks. Generally, higher levels of education were more
consistently linked to indicators of better health, whereas higher levels of
income were associated with higher levels of well-being. Individual-level SES
predicted health and well-being more strongly than community-level factors.

Questions about how socioeconomic status (SES) may influence peo-
ple’s health and happiness have been posed, discussed and debated
by philosophers, researchers, politicians and members of the general
public for many years. This is hardly surprising as these issues have
importantsocietalimplications. Interestingly, different disciplines have
often attempted to tackle these questions separately, as researchers
in health sciences and epidemiology have examined SES influences
onhealthoutcomes', whereas psychologists, economists and sociolo-
gists have been more likely to examine SES influences on well-being
(for example, happiness®®). The goal of the present research was to
bridge these disparate fields of research through anintegrative analysis
of health and well-being indicators. We first summarize research in
these areas and point to the necessity of considering both health and
well-being as well as unique factors that make up the SES construct.

SES and Health

Inthe healthscience literature, ithas been well established that SES has
a positive influence on health'. Indeed, SES is among one of the most
robust predictors of health-relevant outcomes®. Indicators of health
have spanned awide range, including mortality, cardiovascular disease
and adverse birth outcomes. For example, in asample 0f 115,097 adults
inthe United States, higher education was associated with alower rate
of multimorbidity, which included conditions such as asthma, heart
disease, stroke, hypertension, cancer and diabetes®. Similarly, higher

familyincomelevels were related to alower prevalence of mental health
disorders, substance use disorders, asthma, anaemia and diagnosed
infectionsamong children and adolescents from lower-income house-
holds®. Why SES influences health may stem from differences in physical
environments (for example, environmental hazards, pollution), medi-
cal care, social environments (for example, access to social resources,
exposure tointerpersonal aggression), socialization and psychological
development, freedom of choices, and access to materials and goods
that can lead to better life conditions™’.

SES and well-being

Research by psychologists, economists and sociologists who have
examined the relationship between SES and well-being has focused
on different outcomes. Whereas research in the health and medical
sciences has consistently shownreliable associations between SES and
health, social scientists often focus on emotional well-being.Inarecent
meta-analysis that considered different facets or aspects of SES, the
key takeaway was that SES is positively related to well-being, although
the association may be fairly weak depending on the context®. Within
thisarea of research, most studies have examined income as a proxy for
SES. Although the exact nature of the relationship betweenincome and
well-being may vary depending on the time period®°, specificincome
amounts®'?, or country or region®, studies have fairly consistently
shown thatincome predicts greater well-being. Similar toresearch on
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SES and health, the assumption hasbeen thatincomeis an antecedent
or cause of well-being. Indeed, experimental and quasi-experimental
studies have shown that money can buy happiness'*.

The reasons why wealthier individuals might be happier than less
wealthy individuals can be attributed to several factors. Wealthy peo-
ple have more money to spend on resources and basic needs that can
make their lives easier and more enjoyable” . They also tend to have
better social relationships, which are aided by financial resources®. In
addition, wealthier people tend to have more autonomy and can decide
how they spend their time to agreater extent than poorer individuals®.
Some evidence also points to social comparison processes®. Although
some of these mechanisms are similar to those explaining the relation-
ship between SES and health, they do not completely overlap. Thus,
SES and the distinct components of SES—education and income—may
influence health and happiness to varying degrees.

Considering the unique indicators ofincome and
education

When considering differences between health and happiness, itisalso
worth noting that SES indicators (income, education, job status) are
modestly correlated'. Indeed, many studies have shown that income
and educationare only weakly or moderately related, with correlations
ranging fromr=0.13to r=0.31 (for example, ref. 22). Yet,acommon
approach is to form an aggregate SES measure. While reasonable to
aggregate in some cases, a meta-analysis found that different SES
indicators can vary in the strengths of their associations with com-
posite well-being outcomes®. For instance, objective income was more
strongly related to subjective well-being (r = 0.225) than objective
education was to subjective well-being (r = 0.119). Distinct indicators
of SES have also predicted unique aspects of health above and beyond
other SES indicators. For instance, ref. 23 found that income was sig-
nificantly associated with better self-reported health (for example,
fewer mobility limitations) after controlling for other SES indicators,
whereas education was no longer significantly associated with these
self-reported health outcomes after controlling for other SES indica-
tors. Inlight of these findings, we argue that itisimportant to examine
the unique predictive effects of income and education. In the present
study, we operationalized SES with measures of education and subjec-
tive income given the cross-country nature of the study.

Daily, individual and community levels
Inadditionto considering unique aspects ofincome and educationin
predicting health and well-being, these relationships should be appro-
priately contextualized. This canrefer to both daily situations and the
larger environment or community. First, atamore proximal level, health
and well-being can be influenced by daily and situational contexts
that vary from one time to the next. Assessing health behaviours and
indicatorsinarepeated fashion over the course of many situations can
provide a more accurate depiction than a single assessment***, Eco-
logical Momentary Assessment (EMA)*° methods that capture feelings
and behaviours in naturalistic contexts can also allow researchers to
measure emotions in a more fine-grained manner?. This can be par-
ticularly informative in measuring the relationship between SES and
stress as previous research has documented mixed results®, probably
due totheimprecision of long-termrecall. Moreover, in arecent EMA
study, the relationship between income and well-being was linear’, as
opposed to nonlinear relationships from single assessment reports™.
Second, ata distal level, societal factors can influence health and
well-being. Inthe present study, we were interested in how community
levels of income and education may influence health and well-being.
Although numerous community-level factors could potentially influ-
ence health and well-being, the examination of community levels of
income and education provides a means of comparing the same vari-
ables at different levels of analysis. Moreover, research has shown that
community levels of income and education may influence health and

well-being. For instance, in separate studies conducted in the United
States, ZIP code and county-level indicators of income and education
were associated with several global self-reports of well-being”*°.In a
study thatexamined ZIP-code levels of education in Hawaii, education
was associated with better physical health®. Although these studies
were not able to answer whether community or individual factors or
income or education were more important in predicting health and
well-being, they demonstrated that community levels of income and
education are associated with better health and well-being. Hence, it
is critical to consider contextual factors at both the community and
daily levels as well as considering the individual level when examining
the relationships between SES and health and well-being.

Overview of present research

In an attempt to bridge disparate fields of research, we conducted an
EMA study in which we measured daily health indicators (heart rateand
blood pressure) and well-being (positive emotions, stress and coping)
from a cross-country study. We compared models using education
and subjective relative income to predict daily health and well-being
outcomes. We also examined single-assessment self-reported health
indicators (subjective health, hypertension, exercise and smoking) to
understand more general relationships between education and income
and health and well-being outcomes. Finally, in a large subset of the
data that included US participants from 13,089 unique ZIP codes, we
examined community-level indicators ofincome and education by ZIP
codes obtained through US census data. Our overarching question at
unique levels of analysis concerned whether income and education
uniquely predicted health indicators and well-being in daily life.

Results

Individual-level analyses

As our primary research question, we examined the relationships
between individual-level subjective income and education and daily
heartrate, blood pressure and self-reported emotions and stress among
participants in the United States. The results of these models (from
Model1below) are presented in Table 1. Below we detail the significant
results for both the separate and simultaneous models. In addition to
the analyses reported here, we ran three-level models and models that
included participants from all countries as a means of generalizing
these findings. We also ran models that examined how relationships of
interest differed before vs during the Covid-19 pandemic, and we exam-
ined results using a more stringent cut-off of 10 check-ins as opposed
to 3 check-ins. The results from all models were similar to the main
analyses presented here, and the details of the additional analyses are
presented in Supplementary Tables 4, 8,14 and 17.

Interms of health outcomes, higher subjective income was associ-
ated with greater subjective health and exercise as well as lower heart
rate, lower systolic blood pressure and lower smoking rates. Higher
educationwas associated with greater subjective health and exercise,
but also higher hypertension; it was also associated with lower heart
rate, systolic and diastolic blood pressure, and smoking rates. We
recognize that the association between educationand hypertensionis
atodds with the literature and with the relationships we documented
between higher education and lower blood pressure. The relationship
between education and hypertension is only significant when body
massindex (BMI)isincluded as a covariate (BMIwas negatively associ-
ated with education and was positively associated with hypertension).
Moreover, as we note later, the association between education and
hypertension follows an inverted U-shaped pattern, such that there
isactually anegative association when considering those with at least
some college or more.

Interms of well-being, higher subjective income was associated with
greater perceived coping, positive emotions and positive high arousal
affect, as well as lower negative high arousal and negative low arousal
affect, and fewer acute stress exposures and less stress when they did
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Individual level Community level

Health outcomes N Income  Education Income  Education
Subjective health 39,611 T oxxx T oxxx T T oxwx
Exercise 39,603 foowx foxwx T+ f owxx
Heart rate (bpm) 17,831 J xxx J xxx J Hwx J xxx
Systolic blood JoFwx 3§ =
pressure 13,154 - -

Diastolic blood §  x* -
pressure 13,154 - B

Hypertension 39,667 - T - -
Smoking 39,633 § wx § xrx J wxx § xxx
Affective outcomes

Perceived coping 14,627 T owxx B T oxxx

Positive emotions 14,624 T oxxx - T -

PHA affect 2,757 - - -

PLA affect 2,726 T« § xx -

Stress exposure 17,134 J xxx - J xxx -
Daily stress 14,629 J  ** T oxxx 3 =* T ooxx
Threat ratio 3,206 § xxx § xx - 3 =
NHA affect 2,759 J ** - - -

NLA affect 2,757 § wxx - - -

Fig.1|Summary of significant associations between individual and
community-level SES indicators of subjective income and education with self-
reported emotions, stress, health behaviour, health status and physiological
outcomes. Blue arrows indicate a positive association, and red arrows indicate a

negative association. Cells with a - symbol indicate a non-significant association.

*p<0.05,*p < 0.01,**p < 0.00L.

occur. Higher education was associated with greater daily stress generally;
itwas also associated with alower threat ratiowhenexposed toanacute
stressor, and negative low arousal affect and positive low arousal affect.

When considering subjective income and education as simultane-
ous predictors, one particularly interesting contrast stood out. Edu-
cation was positively associated with daily stress, whereas subjective
income was negatively associated with daily stress. In contrast, similar
to the benefits of higher subjective income, when confronted with an
acute stress exposure, highly educated people reported dealing with
acute stress better than less-well-educated people. This implies that
being highly educated is associated with more daily stress, but when
exposed to acute stressful experiences, more educationis associated
withagreater ability to adapt to the stressor (that is, lower threat ratio).

In addition, education no longer predicted negative low arousal
affect, and income no longer predicted systolic blood pressure or
positive high arousal affect, but higher income now predicted higher
positive low arousal affect. Inaddition, higher education was astronger
predictor of lower heart rate, lower systolicblood pressure, lower smok-
ing rates and higher hypertension than subjective income, whereas
higher subjective income was a stronger predictor of better coping,
greater positive emotions, higher positive low arousal affect, lower
negative high and low arousal affect, and greater subjective health.

Insum, higher education was generally more strongly associated
with better health outcomes (blood pressure, heart rate and smoking,
except for subjective healthand hypertension), whereas higher subjec-
tiveincome was more strongly associated with indicators of emotional
well-being (better coping, more positive and less negative emotion).
Thedirectionality of the resultsis also presentedin Fig. 1 below to help
visualize the pattern of relationships involving both subjective income
and education as simultaneous predictors.

We also considered the interactions between individual income
and individual education. The only significant interactions involved
threatratio, subjective health, hypertension and exercise, but the pat-
terns of effects were not consistent. Details about these interactions, as
wellas community interactions and individual by community interac-
tions are presented in Supplementary Table 5 and Figs. 1-3.

Nonlinear relationships. We next examined nonlinear relationships
because previous research has detected nonlinear associations
between income and well-being'>**>. We included quadratic terms

for subjectiveincome and educationin each of our models. We found
significant quadratic relationships between subjective income and
heart rate, subjective health, smoking, daily stress, perceived cop-
ing, positive emotions, threat ratio, negative high arousal affect and
negative low arousal affect, but there were no significant quadratic
relationships for blood pressure, positive high arousal or low arousal
affect, hypertension or exercise. There were significant quadratic
relationships between education and heart rate, subjective health,
hypertension, perceived coping, positive emotions and positive high
arousal affect, but there were no significant quadraticrelationships for
blood pressure, stress, threat ratio, positive low arousal affect, nega-
tive high arousal or low arousal affect, smoking or exercise (complete
statistical results are presented in Supplementary Table 6).

Most of the significant nonlinear relationships involving subjec-
tiveincome were similar to previous research, namely, that the benefi-
cial effects tended to level off somewhere between subjective income
levels of 6 to 8. Education followed the same pattern for emotional
outcomes (for example, perceived coping, positive emotions), such
that affective benefitsincreased until some college was completed but
thenleveled off. The curvilinear relationships between education and
health outcomes (for example, heart rate, subjective health) showed
the opposite pattern, namely, that beneficial effects increased more
steadily beginning with those who completed at least some college. A
sample of the significant nonlinear relationshipsis displayedin Fig. 2,
and the full range of outcomes can be found in Supplementary Table 6
and Figs.4 and 5.

Community-level analyses

Next, we examined the relationships between community-levelincome,
community-level education and daily heartrate, blood pressure, health
and well-being. The results from Model 2 are presented in Table 2 (see
also Fig. 1 for avisual depiction of the directionality of the results).
Regarding health outcomes, community income was associated with
greater subjective health and exercise, as well as lower heartrate, sys-
tolic blood pressure (SBP) and lower rates of smoking. Community
educationwas associated with greater subjective health and exercise,
and with lower heart rate and SBP (although not with diastolic blood
pressure (DBP)), and lower smoking rates. In terms of well-being out-
comes, community income was associated with greater perceived
copingand positive emotions, higher positive high arousal affect, lower
threat appraisals, lower negative low arousal affect and fewer acute
stress exposures. Community income also predicted lower positive
low arousal affect and did not predict daily stress. Community edu-
cation was associated with higher perceived coping, higher positive
high arousal affect, lower positive low arousal affect, and lower nega-
tive low arousal affect. Similar to the analyses at the individual level,
whenstress exposure occurred, peoplelivingin highly educated areas
dealt with the stress better than those living in areas with less highly
educated people. However, the reverse was true when examining daily
stress—communities with highly educated people experienced higher
daily stress.

When we examined community income and educationinthe same
models, communityincome no longer predicted SBP, threat appraisals,
or positive high arousal, positive low arousal, or negative low arousal
affect. Community income now predicted less daily stress. Community
educationnolonger predicted perceived coping or positive emotions.

Finally, community income was a stronger predictor of perceived
coping and positive emotions and the frequency of stressful events
thaneducation, whereas community education was a stronger predic-
tor of subjective health and exercise than community income. In sum,
many of the community-level relationships were similar to the relation-
shipsattheindividuallevel, although they represented fundamentally
distinct questions, thatis, doesliving in acommunity with people who,
on average, have higher incomes or higher education influence indi-
viduals’health and well-being? Similar to the individual-level analyses,
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Fig. 2| Nonlinear relationships between subjective income, education and outcome measures. Shaded regions represent one standard error above and below
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we observed that living in acommunity with higherincome tended to
be associated with greater individual emotional well-being, whereas
living in a community that was more highly educated tended to be
associated with better individual health indicators.

Comparinglevels of analysis

Inthe final set of analyses, we combined the two previous approaches
and examined the unique predictive effects of individual subjective
income and education, and community levels ofincome and educa-
tion on person-level health and emotional outcomes. The results
from Model 3 are presented in Table 3. The relationships between
individual-level subjective income and the outcomes were largely
the same as those previously presented without community-level
predictors. The relationships between community-levelincome and
the outcomes were also similar to before, although some of the rela-
tionships were no longer significant, such as the relationships with
subjective health, daily stress, positive emotions and threat ratio.
The comparisons between individual-level and community-level
income found thatindividual-level subjective income was a stronger
predictor of subjective health and exercise, as well as emotional
outcomes, including daily stress, perceived coping, positive emo-
tions, and threat ratio, positive low arousal affect and negative low
arousal affect.

Therelationshipsinvolvingindividual-level and community-level
education were similar to the previous models. Individual-level educa-
tion predicted lower heart rate and blood pressure and higher rates
of hypertension, whereas community-level education only predicted
lower heart rate, but this relationship was not as strong as the effect of
individual-level education on heart rate. Individual and community
educationlevel predicted greater subjective health, lower smoking rates
and higher exerciserates, butindividual education was a stronger pre-
dictor thancommunity educationineach case. Interestingly, atbothlev-
elsof analysis, education predicted higher daily stress and lower threat
appraisals (although marginally significant for community-level educa-
tion). Finally, people living in more highly educated areas reported a

greater frequency of stress exposure than those in less-well-educated
areas, butthis relationship was not significant forindividual-level educa-
tion. Insum, individual-levelincome was generally a stronger predictor
of emotional outcomes than community-level income. In contrast,
individual-level education was a stronger predictor of health outcomes
than community-level education, but education predicted well-being
outcomesinasimilar manner at both levels of analysis.

Discussion

Asopposedtosolely considering the influence of SES on either health
or happiness, we attempted to bridge disparate fields of research by
considering therelationships between SES indicators and both classes
of outcomes in daily life. In addition, although it may be valuable in
certain contexts to considerincome and education as indicators of a
latent construct of SES, the present findings from a large EMA study
show thatindividual levels of income and education uniquely predict
health and well-being outcomes in daily life. Finally, we leveraged
US census data to consider community-level effects as well. The key
takeaway from these analyses was that income is a better predictor
of well-being, whereas education is a stronger predictor of health.
We unpack some of the findings and highlight the nuances which
pointto theoretical insights, methodological implications and public
health applications.

Predictors of well-being

At the individual level, subjective income predicted greater cop-
ing and positive emotions and less stress. This pattern is consist-
ent with previous research, although many of these studies have
relied on single-assessment indicators of well-being, such as life
satisfaction®*** Earlier research that assessed affect as single assess-
ments concluded that income matters more for global evaluations
of life than emotions™. Although we acknowledge that income can
influence global evaluations, our results clearly show thatincome
alsorelates to people’s everyday affective experiences (see ref. 3 for
consistent evidence).
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Table 4 | Participant demographics of the full sample

N Percentage
Gender
Male 51,669 72.38%
Female 19,291 27.02%
Another gender 425 0.60%
Age
18-29years old 15,606 21.87%
30-39years old 20,128 28.21%
40-49years old 18,008 25.24%
50-64years old 13,969 19.58%
65+years old 3,639 510%
Country
United States 45,264 63.43%
United Kingdom 5,475 7.67%
Australia 6,086 8.53%
Canada 3,625 5.08%
India 3,832 5.37%
Singapore 1,290 1.81%
Hong Kong 1131 1.58%
New Zealand 326 0.46%
Other 4,335 6.07%
Education
Elementary school (no high school) 2,716 3.83%
High school or GED 13,990 19.73%
Some college 15,531 21.90%
2-year degree 7,359 10.38%
4-year degree 16,685 23.53%
Graduate school 14,624 20.62%
Race/Ethnicity
Non-Hispanic White 37,803 52.96%
Non-Hispanic Black 4,310 6.04%
Non-Hispanic Asian 8,447 11.83%
Hispanic/Latinx 9,824 13.76%
Multiple races 9,206 12.90%
Other 1,794 2.51%
Income
Ladder rung 1 (lowest) 1,945 2.93%
Ladder rung 2 3,533 5.32%
Ladder rung 3 7,392 1.13%
Ladder rung 4 8,892 13.39%
Ladder rung 5 10,461 15.75%
Ladder rung 6 10,605 15.97%
Ladder rung 7 8,027 12.09%
Ladder rung 8 6,653 10.02%
Ladder rung 9 6,110 9.20%
Ladder rung 10 (highest) 2,800 4.22%
Body mass index 2915 6.83

N and percentages are reported for all variables except body mass index, for which we report
Mand s.d.

Another finding that was consistent with previous research was
that education was not as strongly associated with well-being as
income®. However, this glosses over a particularly interesting insight
about how stress may be influenced by education. When there was an
acute stress exposure, more highly educated people dealt with the
stressor and perceived it as less stressful thanless highly educated peo-
ple, but the opposite was true during most situations when there was
notanacutestress exposure—people’sreport of their daily stress. This
highlights one of the strengths of EMA methods that can distinguish
between these different types of situations as they naturally unfold in
people’s daily lives.

Inadditionto assessing daily situations, we considered the broader
context of the community. Community levels of income predicted
greater perceived coping and positive emotions, and fewer stress expo-
sures than community levels of education. Similar to the individual
level,community income predicted less stress generally, whereas com-
munity education predicted more stress. In analyses that compared
individualand community levels, we found that while community levels
ofincome predict greater daily well-being, anindividual’'sincome mat-
ters more. In contrast, community levels of education predict stress
to a similar degree as an individual’s educational attainment. These
findings are particularly striking considering that we found relatively
few community x individual interactions. In other words, anindividual’s
income and education appear to influence health and well-being in
similar ways regardless of the levels of income and education in the
community. Conversely, community levels of income and education
tend to influence health and well-being regardless of an individual’s
income and education, although community levels ofincome and edu-
cationwere not asimportantas anindividual’sincome and education.

Althoughwe did not specifically examine mediational processes,
we speculate about different mechanisms ofincome and education. For
instance, anindividual’sincome might provide the means to handle or
avoid stressful events. The benefits of living in wealthy areas, however,
may notspill over to influence well-being as strongly. Policies aimed at
increasing people’s emotional well-being might fare better if they were
totargetindividuals as opposed to communities. Incontrast, education
appearstoequip people with knowledge about how to deal with stress,
but higher education might also be accompanied by jobs that carry
more overall unremitting stress. They may also be more inclined to
spendtime educating themselves about problems in the world through
news consumption as opposed to relaxing or detaching®.

Predictors of health
When considering health outcomes, education more so than income
was strongly and/or consistently associated with better health indica-
tors, such as lower blood pressure and heart rate and lower rates of
smoking. The few exceptions were that individual subjective income
was more strongly related to lower hypertension and greater subjective
health thanindividual education. However, the comparison between
individual subjectiveincome and individual education for hypertension
was no longer significant in models that included both individual and
community-level predictors, so these findings appear less robust than
other comparisons. Moreover, at the community level, education was
astronger predictor of exercise thanincome. One possible reason why
individual subjective income was a stronger predictor of subjective
health than individual education might be because subjective health
is more of an affective judgement that may reflect additional sources
other thanone’s actual health® ¥, At the community level, the pattern
reversed such that education was a stronger predictor of subjective
health than community income. Thus, some caveats notwithstanding,
the findings on aggregate showed that education matters more for
one’s health thanincome.

One reason for the stronger link between education and health
may be because knowledge may help peoplelearn how to live ahealthy
lifestyle®®*’, For instance, smoking rates dropped precipitously among
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Fig. 3| A visual depiction of the counties represented in this sample. Darker
shades of blue and green correspond to higher levels of education and income,
respectively. In figures with the specific ZIP codes used in the analyses, differences
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ineducation and income are difficult to see given the granularity of ZIP codes.
These figures are nevertheless presented in Supplementary Fig. 1.

highly educated people compared with their less-educated counter-
parts after it became known that smoking was harmful*. Whileincome
may offer the means to buy healthier foods and gym memberships, our
results suggest that education may matter more than income. Note
that we controlled for BMlin all analyses, so the relationship between
education and health is not explained merely by differences in BMI.
Following some recent trends, we examined how community fac-
torsrelated to people’s health (for example, ref. 40). Although people’s
health was generally better in highly educated communities relative
to less highly educated communities, an individual’s education was
moreimportantin predicting their health. One policy implication from
these findings is that resources could be directed towards increasing
individual education levels regardless of their community or region.
Although speculative, it might be beneficial to tailor strategies for
increasing an individual’s education by region. Certain strategies in
higher-income communities may not be as effective in lower-income
communities. Nevertheless, attempting to increase education levels
inall communities should be beneficial inimproving people’s health.

Limitations and future directions

We note afew limitations and areas for future research. First, although
our sample was large and fairly diverse across several demographic
characteristics and included participants from more than 10 coun-
tries, our samples across countries were not nationally representa-
tive. Our findings probably generalize to participants with similar
demographic characteristics who engage in app-based studies, but
we cautionresearchers against generalizing the findings more broadly.
Relatedly, our sample consisted of participants within13,089 (31.85%)
of the 41,091 ZIP codes within the United States and many ZIP codes
contained relatively few participants. In future research, it would be
valuable to replicate the community-level findings in other countries
aswell. Relatedly, our study was conducted both before and during the
Covid-19 pandemic, and specific regional policies could influence these
relationships. Although our study was not designed to test any effects
ofthe pandemic, results from data collected before the pandemic were
similar to the main analyses we reported, so we expect our findings to
generalize to other relatively normal periods of time. Nevertheless,
how pandemics and other world events might influence the relation-
ships between SES and health and well-being remain important areas
of consideration.

Second, although we included various measures of affect and
several health indicators, we may not be able to generalize the find-
ings to all well-being and health outcomes. For instance, income is
positively related to evaluative judgements of life satisfaction®'>*

and meaning in life*"*?, and these relationships may be stronger than

therelationships we detected betweenincome and emotions. Thus, we
may not be able to conclude thatincome is a stronger predictor of all
well-being measures than education, although this pattern is consist-
ent with recent findings*. Similarly, we may not be able to generalize
these findings to all health outcomes. For instance, diseases such as
cancer may notberelated to SES in astraightforward manner*. Itwould
behoove researchersin the future to examine whether educationisa
stronger predictor of various other health outcomes thanincome.

Third, we assume that education and income have causal effects
on health and well-being in daily life but the analyses addressed
between-person relationships from single assessments of income
and education. To provide more robust causal claims, income and
education could be measured in longitudinal designs to determine
whether changes in income and education predict changes in health
and happiness over time.

Fourth, we examined how income and education were associated
withmeanlevels of heartrate, blood pressure and emotionsin daily life
as opposed to fluctuations or instabilities of these outcomes. Varia-
tionsin emotions and physiology in daily life may relate toincome and
educationin nuanced ways and would be worth consideringin future
studies. Moreover, income and education could influence trajectories
of emotions and health over time, and this remains an interesting
avenue for future research.

Finally, we note that individual subjective income was assessed
with asubjective measure ofincome whereas community income was
assessed withan objective indicator. We chose a subjective measure of
relativeincome at the individual level because the study wasintended
for aglobal audience, but thisinevitably means we cannot firmly con-
cludethatindividualincomeis astronger predictor of well-being than
community levels of income. It is possible that subjective indicators
of income may be a better predictor of well-being due to the shared
method®. We also cannot firmly conclude thatindividual income when
measured objectively isastronger predictor of well-being thanindivid-
ualeducation, although we note thatincome was astronger predictor
of well-being than educationat the community level. In future research,
it could be valuable to assess subjective and objective incomes while
adjusting for conversion rates and different costs of living across coun-
tries as ameans of comparison.

Conclusion

In sum, income and education are important determinants of one’s
health and well-being. Ingeneral, incomeis animportant predictor of
emotionsin daily life, whereas education is more strongly associated
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Table 5 | Descriptive statistics of daily measures among participants in the United States

Completed entries

Total # of TotalN Average (M) s.d. Min. Max. Mean Between-person Within-person ICC
Outcome variable people per person variance variance
Heart rate (bpm) 19,865 219,787 11.06 11.00 3 63 76.66 104.41 7743 0.57
Systolic blood pressure 14,602 161,421 11.05 10.59 & 62 129.24 220.08 54.54 0.80
(mmHg)
Diastolic blood pressure 14,602 161,421 11.05 10.59 3 62 80.31 110.16 28.71 0.79
(mmHg)
Daily stress 15,923 166,119 10.43 10.31 3 62 177 0.37 0.43 0.46
Perceived coping 15,922 166,068 10.43 10.31 3 62 3.7 0.57 0.51 0.53
Positive emotions 15,916 166,035 10.43 10.31 3 62 3.41 0.59 0.41 0.59
Threat ratio 3,439 17,314 5.03 2.98 3 35 1.25 0.25 0.63 0.28
Positive high arousal affect 2,980 12,207 410 1.25 8 n 1.60 0.44 0.88 0.34
Positive low arousal affect 2,948 12,077 410 1.25 3 n 242 0.51 1.26 0.29
Negative high arousal affect 2,983 12,240 410 1.25 3 n 114 0.07 0.27 0.21
Negative low arousal affect 2,980 12,228 410 1.25 3 n 1.33 0.22 0.43 0.35
Stress exposure 18,869 207,235 10.98 112 3 63 014 0.01 0.10 0.12

Min, minimum; Max, maximum; ICC, intraclass correlation. The maximum number of completed entries for the affect variables exceeded 7 for some people because of scheduling irregularities
such that they sometimes received these questions on consecutive days. See Supplementary Information (‘Results’ section) for details of the unconditional models.

with people’s health. Although an individual’s income and education
matter, so do the relative levels of income and education in the com-
munity. Nevertheless, having money appears tobe moreimportant for
one’swell-being thanlivinginawealthy area, and being highly educated
appears to be more important for one’s health than living in a highly
educated area.

Method

Participants and procedure

Participants voluntarily downloaded the MyBPLab (https://mybplab.
com) app via Google Play store on their Samsung phone. To be eligible
to participate, participants were required to owna compatible phone
(for example, Samsung S9) that was manufactured with an embed-
ded optic sensor whose sole purpose was to measure physiological
responses. Upon completing the consent form, participants answered
questions about their general healthand demographics. Once enrolled
inthe study, they were prompted to record their heart rate and blood
pressure ontheir phone three times a day (notified once inthe morning,
afternoon and evening) for 21 days. During the check-ins, participants
responded to several questions about their current feelings and behav-
iours. Asanincentive to participate, participants were able to track their
heartrate and blood pressure onthe app. They were also provided with a
summary of their stress and blood pressure after completing the 3-week
study, which served to motivate people to remain engaged. They were
notfinancially compensated. The dataanalysed in this paperincluded
those who participated from 15 March 2019 until 31 December 2021.
The study was approved by the Human Research Protection Program
atthe University of California, San Francisco (IRB #19-27169). Informed
consent was obtained from all individual participants included in the
study. All data, materials and analyses are provided on OSF at https://
osf.io/25wk3/ (ref. 43).

The participants and the data presented in this paper come from
alargerstudy. Analyses unrelated to the present study have been pub-
lished (for example, refs. 44,45) along with validation of the optic
sensor for blood pressure measurement*®. For this present analysis,
we were interested in participants who completed demographic and
health questions, sensor readings for heart rate and blood pressure,
and daily questions about their emotions and well-being. Given that
participants had varying rates of study completion, in each analysis,
participants were required to provide at least three check-ins of that

specific daily measure. This requirement was to ensure the check-ins
would constitute as reasonable a sample of time points as possible,
asthisis one of the primary aims of an EMA study”. We selected three
check-insas arequirementasacompromise. Requiringalarger number
of check-ins would drastically reduce the total sample size, whereas one
or two check-ins would not adequately capture areasonable sample of
time points from a person’s life*’. See Supplementary Tables 14 and 15
foradditional analysesinvolving amore stringent cut-off of 10 checks,
whichyielded similar results.

To provide descriptive statistics of the participants, we included
those who completed at least one of the single-assessment health out-
comes (subjective health, hypertension, smoking and exercise) or at
least three check-ins from any of the daily measures and either (1) both
theincome and education questions or (2) alegitimate ZIP code. Our
full sample included 71,385 participants (M,,. =40.62, s.d.,,. =13.20,
minimum,,, =18, maximum,,. = 90;72.38% male, 27.02% female, 0.60%
another gender). A subset (N =29,567; M,,. = 44.00, s.d.,,. =12.84,
minimum,, = 18, maximum,,. = 90; 68.77% male, 30.78% female, 0.45%
another gender) of participants completed the Ecological Momentary
Assessment study.

We employed a convenience sampling plan, and our sample was
not nationally representative in any of the countries. Nevertheless,
asshownin Table 4, our sample was relatively diverse in terms of age,
race and ethnicity, although males outnumbered females (reflecting
the typical preference of Android phone users). The participants were
fairly well educated with just over 43% reporting at least a bachelor’s
degree (or equivalent). Although our sample was not representative, we
examined the correlations between average levels of each demographic
variable withineach ZIP code and the corresponding variable from the
US census of that respective variable to provide some estimates of how
well our sample represented the population. The correlations varied
in magnitude such that gender (percentage men, r = 0.00; percent-
age women, r=0.00) was not correlated with US census figures; age
(r=0.17), income (r = 0.24) and education (r = 0.38) were modestly
related; and race and ethnicity were more strongly correlated (per-
centage non-Hispanic White, r= 0.55; percentage non-Hispanic Black,
r=0.55; percentage non-Hispanic Asian, r = 0.47; percentage Hispanic/
Latinx, r=0.56). The particularly low correlations for gender reflect
typical patterns for Android phone users, and the particularly high
correlations for race and ethnicity suggest that our sample reflected
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these groups of individuals fairly well, whichis encouraging given that
race and ethnicity overlap with income and education.

Moreover, although our sample of ZIP codes within the United
States was not representative, our sampleincluded datafrom 13,089 of
the 41,091 ZIP codesinthe United States. These ZIP codes varied greatly
in their average levels of income (M= US$73,376.32, s.d. =31,069.91,
minimum = 2,499, maximum = 250,001) and education (M =3.36,
s.d.=0.63, minimum = 1.55, maximum = 5.61). A visual inspection of
the communitiesincludedin our analyses presentedin Fig. 3 shows that
they were scattered throughout the country and did not clusterin one
specific region. Infact, our sampleincluded 6,648 ZIP codes who voted
for Joseph Biden and 6,320 ZIP codes who voted for Donald Trump in
the 2020 Presidential Election, thusindicating that our sampleincluded
regions that varied in political affiliation.

The MyBPLab application was only available in English and was
available to download on the Google Play store in the following coun-
tries: United States, United Kingdom, Australia, Canada, India, Singa-
pore, Hong Kong and New Zealand. People from other countries could
download (thatis, sideload) the app, and the study received approval
to run globally. Although our full sample included participants from
many different countries, our primary analyses were conducted with
participants in the United States. As a secondary goal, we sought to
generalize our findings at the individual level by examining the same
relationships across participants fromall countries.

Individual-level measures

After completing consent, participants answered a series of standard
demographic questionsincluding age, gender, race and ethnicity. Edu-
cation was assessed with the question, “What is the highest level of
education thatyou completed?” Responses were reported ona 6-point
scale (1, elementary school or no high school diploma; 2, completed
high school, GED or secondary education; 3, some college (no degree);
4,2-year college degree; 5, 4-year college degree; 6, graduate school
degree). Because this was aglobal study, we opted for anincome meas-
ure that was not explicitly currency-based butinstead relative to others
inthe same country. Participants were presented witha10-rung ladder
and asked with regards to their ‘income’ where they stood compared
to others in their country*s. The wealthiest people were represented
on the top rung (1) and the poorest people were represented on the
bottom rung (10). We reverse coded the scores such that highest scores
indicated greater relative wealth.

Participants also completed a few questions about their health.
Participants provided their height and weight, and we calculated BMI:
weight (pounds)/height (inches)? x 703. Extreme values for weight (<80
pounds or >500 pounds) and height (<36 inches or >84 inches) were
treated as missing, as were extreme BMI values (<15 or >60). They also
completed subjective ratings of health, in contrast to the physiological
measures of heart rateand blood pressure, which allowed us to examine
variables that do not have shared method variance. To assess subjective
health, participants answered the question, “In general, would you say
your healthis:”ona5-pointscale (1, excellent; 2, very good; 3, good; 4,
fair; 5, poor).Scores were reverse coded so that higher scoresindicated
better subjective health (M =3.12, s.d. = 0.88). With yes/no response
options, participants were also asked whether they had hypertension
(28.83% yes, 71.17% no), whether they smoked on aregular basis (12.42%
yes, 87.58%no), and whether they exercised regularly (defined asmore
than 3x a week) (43.84% yes, 56.16% no).

Daily physiologic measures

Participants recorded their heart rate and blood pressure with the optic
sensor at every check-in (morning, afternoon and evening). Extreme
values of heart rate (<30 and >200), systolic blood pressure (<80 and
>210) and diastolic blood pressure (<50 and >180) were not included
inthe analyses. If participants exercised within the last 30 min, blood
pressure values were also notincluded in the analyses because exercise

can acutely raise these physiological responses. Participants were
instructed to calibrate their blood pressure with an external source,
and we used calibrated values only in all analyses. See Supplementary
Information (‘Methods’ section) and ref. 46 for details about the valid-
ity of these measures.

Daily psychological measures
After recording their heart rate and blood pressure, participants
answered questions about their present situation. These included
whether they had experienced any particularly stressful events (stress
exposure) since their last check-in (yes/no). If they answered yes, they
were asked, “How stressful was it?”, “How much did itimpact your life?”
and “Do you feel like you handled it/are handling it well?” Responses
wererecorded ona5-pointscale (1, notatall; 2, alittle bit; 3, somewhat;
4, moderately; 5, extremely). A ‘threat ratio’ was calculated by taking
the average of the first two items (demands) and dividing by the third
item (resources)***’. Higher scores indicated that the demands of the
experience outweighed their resourcesto cope/handle the stressor. If
they answered no, they responded to the statements, “I feel stressed,
anxious, overwhelmed” (daily stress), “I feel in control, coping well, on
top of things” (perceived coping) and “I feel joyful, glad, happy” (posi-
tive emotions). Responses were recorded on the same 5-point scale.
Inadditionto the questions that were asked at every check-in, par-
ticipants were asked some questions about specific affective experiences
every third day during the afternoon check-in (many questions were
presented in a3-day rotation to maximize information gathering while
minimizing participant burden). The goal of asking these questions was
tounderstand the nuances of affective experiences that may have been
glossed over by general measures of affect. Participants were asked, “How
areyou feelingnow?” and they were presented with four quadrants that
represented the affective circumplex. They were instructed to select
all that apply, meaning they could report multiple quadrants at the
same time. The example adjectives describing positive and low arousal
were calm, relaxed, content, happy, sleep and loved; positive and high
arousal was described with energized, alert, inspired, happy, proud and
excited; negative and low arousal was described with bored, tired, sad,
depressed, disengaged and checked out; negative and high arousal was
described with nervous, afraid, angry, upset, hostile and disgusted. (In
theinstructionsto participants, we used the termactivated rather than
arousal because participants in a focus group indicated that the term
arousal carried asexual connotation.) For each quadrant they selected,
they were then asked how intensely they were feeling that particular
affective state ona5-pointscale (1, notatall; 2, alittle bit; 3, moderately;
4, alot; 5, extremely). Intensity was assessed as a continuous variable,
with the lowest value of 1 being recorded if a participant did not check
that particular affective quadrant. See Table 5 for descriptive statistics
of daily measures among participants in the United States.

Community-level measures

To assess community levels of income and education, we relied on data
from the US census. Using the tidycensus®® R package, we imported
datafromthe 5-year period of 2017-2021 because smaller increments
of time were not available, and this time period most closely matched
the time period of our study. Our goal was to create variables at the
ZIP code level, but the US census does not provide data at that level.
Instead, the US census provides estimates at the ZIP Code Tabulation
Area (ZCTA), which provides generalized areal representations of US
Postal Service ZIP code areas. We also considered aggregating at the
county levelinstead of Zip codes, but Zip codes provide more granular-
ity. We explain our theorizing in the Supplementary Information (see
Methods and Supplementary Tables 10 and 11). In the United States,
thereare 33,774 ZCTAs, and they encompass 41,091 ZIP codes which are
from the most recent available crosswalk file provided by the Uniform
Data System, using ZIP codes and ZCTA areas from the 2010 US census.
Participants in our study voluntarily provided their ZIP codes, so we
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merged afile that matched each ZIP code to its corresponding ZCTA. In
our study, among the 45,264 participantsin the United States, 40,405
(89.27%) provided a legitimate zip code.

The US census provides estimates of the number of people who
have completed various degrees of education, ranging fromnone to a
doctorate degree. Tobe comparable to the measure of education at the
individuallevel, we first grouped these estimates into six categories: 1,
nonetol2thgrade, nodiploma;2, regular high school diplomaor GED or
alternative credential; 3, some college, less than 1 year, orsome college,
lormoreyearsbutnodegree; 4, associate’s degree; 5,bachelor’s degree;
6, master’s degree, professional school degree or doctorate degree. The
number of peoplein each category was divided by the total number of
people in that ZIP code aged 25 and older and then multiplied by the
category value. These scores were averaged together, which provides
ascore for each ZIP code ranging from1to 6. Income was measured by
the median income provided by the US census. As control variables,
we used median age, percentages of males/females and percentages
of non-Hispanic White, non-Hispanic Black, non-Hispanic Asian and
Hispanic/Latinx people in those ZIP codes. Note that the US census
uses differential privacy to preserve confidentiality, which may lead
toinaccurate estimatesin small areas. Given the large areas covered in
our analyses, we do not consider this issue highly problematic. A geo-
graphic depiction of the relative levels ofincome and education of the
communities represented in our sample is provided in Fig. 3.

Intercorrelations

At a descriptive level, we examined the intercorrelations between
the predictor variables. Individual-level subjective income was posi-
tively related to individual-level education (r=0.16, 95% CI [0.15,
0.17], t =41.22, p < 0.001). Community income was positively related
to community education (r=0.74, 95% CI [0.73, 0.74], t =124.30,
p <0.001). Individual-level subjective income was positively related
to community-level income (r=0.24, 95% CI[0.22, 0.25], t = 27.01,
p <0.001). Individual-level education was positively related to
community-level education (r=0.38, 95% CI[0.37, 0.40], t = 47.32,
p <0.001). Because one of these correlations was relatively high, we
considered theissue of multicollinearity by calculating variance infla-
tion factor (VIF) scores. These models showed that VIF scores ranged
from 2.14 to0 2.50; thus, multicollinearity was not a concern.

Analytic overview

Webegan withaseries of descriptive and preliminary analyses to pro-
vide estimates of the means and variances of the daily measures at
various levels of analysis. To address the first research question, we
examined the between-person relationships between individual-level
income and education and our health and well-being measures, and
compared the strengths of these coefficients to determine whether
income or education was a stronger predictor. In our primary analy-
ses, we examined those in the United States as most participantsin
our sample were living in the United States. As a secondary goal, we
sought to generalize these findings more broadly by examining the
samerelationships amongall participantsin the full sample (presented
inSupplementary Table 4). Next, we examined the between-community
relationshipsin the United States between community levels ofincome
and education and our health and well-being measures, again compar-
ing the strengths of the associations for income versus education.
Finally, we included individual-level and community-level predictors
ofincome and educationtogether in the same model and compared the
respective strengths of individual-level and community-level income
and education among participants in the United States.

When analysing the daily-level outcome data, which had a nested
structure, we used multilevel modelling with the Ime4 package® inR.
Inthe modelsinvolvingindividual-level predictors only, we concep-
tualized the nested data as a two-level model with check-ins nested
withinindividuals. Althoughwe could have created three-level models

with check-ins nested withinindividuals and individuals nested within
ZIP codes, we would have had to rely on a smaller subset of the data
giventhat some participants did not provide a ZIP code. We first ran
models that included either income or education along with the
covariates for gender, age, race, ethnicity and BMI. These models
included arandomintercept. Then we added bothincome and educa-
tiontogether as predictors along with all covariates to determine the
unique predictive associations ofincome and education. Income and
education were standardized, and all covariates were entered uncen-
tred atlevel 2 as noted below. All statistical tests were two-tailed.

Model1

Check-inlevel: y; (physio/emotion) = By +r;

Individuallevel: By; = Yoo + Vo1 (income); + y,, (education); + yos_o1
(covariates); + uy;

For models with dichotomous outcomes, we ran generalized
linear mixed-effects models in a similar manner. In all models, we
constrained theincome and education coefficients to be equal to deter-
mine whether one was astronger predictor than the other. We used the
‘glht’ function in the ‘multcomp™ package, which allows for multiple
comparisonsin linear mixed-effects models. Effect size estimates were
calculated following procedures outlined inref. 53 that appropriately
disentangle variance components.

For single-assessment health outcomes (subjective health, hyper-
tension, smoking and exercise), we followed the same pattern of analy-
ses with ordinary least squares regression models for continuous
outcomes and logistic regression models for binary outcomes.

In the models that examined the relationships between
community-level income and education, and daily heart rate, blood
pressure and emotions, we nested check-ins within individuals and
individuals within ZIP codes. Community income and education were
included as standardized predictorsin separate models as well as simul-
taneously, along with uncentred community-level covariates of gender,
age, race and ethnicity. The community-level income and education
coefficients (yoo; and y,,, respectively) were constrained to be equal
inthe same manner as before. The complete models are listed below.

Model 2

Check-inlevel: y; (physio/emotion) = 1y, + e

Individuallevel: o = Boox * Foi

Community level: Byox = Vooo + Voor(income), + yoor(€ducation), + Voos-oos
(covariates), + o,

Inthe models that combined approaches by examining individual
and community levels ofincome and education on the health and emo-
tional outcomes, we created three-level models. Each of the health and
emotional variables were outcome measures at level 1in separate mod-
els, individual income and education (both standardized) along with
individual-level covariates were entered atlevel 2, and community-level
income and education (both standardized) were entered as predic-
tors at level 3. To aid in model convergence, we included random
intercepts only and we made two comparisons: individual income vs
community-levelincome, and individual education vs community-level
education. The models were as follows:

Model 3
Check-inlevel: y; (physio/emotion) = my; + €;;
Individuallevel: oy = Boor + Bow (income), + Boy (education) + Bosx-oik
(covariates); + rox
Community level: Boox = Vooo + Yoor(income) + yoo.(education), +
Yoos-oos(COVAriates), + tyox

ﬁOlkﬁOOle = Yo10--0012

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.
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Data availability
Data are available in OSF at https://osf.io/25wk3/ (ref. 43).

Code availability

Analytic codefiles are available in OSF at https://osf.io/25wk3/ (ref. 43).
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Timing The data analyzed in this paper included those who participated from March 15, 2019, until December 31, 2021.

Data exclusions Given participants had varying rates of study completion, in each analysis, participants were required to provide at least three check-

ins of that specific daily measure. The reason for this requirement was to ensure the check-ins would constitute as reasonable of a
sample of time points as possible, as this is one of the primary aims of an EMA study (Newman & Stone, 2019). We selected three
check-ins as a requirement as a compromise. Requiring a larger number of check-ins would drastically reduce the total sample size,
whereas one or two check-ins would not adequately capture a reasonable sample of time points from a person’s life. We provide
details in the Method section and an additional rationale in the Supplemental Materials.

Non-participation It is not possible to know how many people saw the app but decided not to participate. However, we do provide information about
how many participants completed just the baseline questionnaire that included questions about their demographics and health and

how many participants completed the EMA portion of the study.

Randomization Participants were not randomly assigned to any conditions. We statistically controlled for relevant demographic characteristics and
provide details in the Method section.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied-
Authentication Describe-any-atithentication-proceduresfor-each-seed-stock-tsed-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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