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ABSTRACT 

 
 This study investigates the mental health effects of transitory economic fluctuations.  I 

estimate a reduced form equation for mental health production using OLS, fixed effects, and 

random effects models with the individual as the unit of observation.  I test for robustness by 

assessing the general physical health effects resulting from transitory economic fluctuations.  

Across all models, I control for demographics, health behaviors, and medical care; economic 

fluctuations are proxied by unemployment and economic growth.  I find mixed evidence to 

support the hypothesis that mental health deteriorates during economic downturns and its obverse.  

While in the most preferred model I find strong evidence that increases in the unemployment rate 

and a more rapidly growing economy may be the driving forces behind mental health deterioration, 

in less favorable but valid models I was able to confirm more recent alternative findings that 

health improves during economic downturns.  I conclude that both effects operate simultaneously, 

with one overcoming the other across different circumstances.  The appropriate policy 

prescription for ameliorating undesirable mental health effects derived from economic fluctuations 

could change drastically depending upon which factor — unemployment or economic growth — 

drives the changing mental health status. 
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CHAPTER 1: INTRODUCTION 

 Americans are aging.  Census bureau data indicate the U.S. population is 

experiencing a dramatic demographic shift in which the number of older Americans is 

growing at a faster rate than any other age group: 25 percent of Americans now fall in the 

“age 50 and over” category.  More than 63 million heads of household are age 55 or older.  

Nearly half of all Americans age 50 and older — that’s more than 35 million people — are 

members of the American Association for Retired Persons (AARP), making AARP a 

powerful and influential lobby for older Americans on Capitol Hill.  Members of Congress 

debate legislation affecting this population every day.  On December 19, 2005, the House 

of Representatives voted to shave $39.7 billion from entitlement programs including 

Medicare and Medicaid.  That same week, the Senate voted to table legislation overhauling 

the Pension Benefit Guaranty Corporation (PRGC) until the following year.  This week, 

during the 2006 Easter recess, members of the Senate majority leadership will stump on 

portable health savings accounts, Medicare reform, and medical malpractice liability reform 

in preparation for the health week legislative bonanza in May. 

 Whether it’s Social Security or prescription drug benefits, policy debates affecting 

older Americans abound.  Accordingly, we explore this niche by first asking: what factors 

affect the emotional and mental health of older Americans?  Of particular interest is the 

impact of economic fluctuations on mental health.  Do economic downturns — as 

indicated by rising rates of inflation, increasing unemployment rates, and decreasing rates 

of real GDP growth — negatively affect mental health?  Intuition suggests this might be 

the case, but does empirical evidence really support this hypothesis?  Specifically, we might 
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expect rising inflation rates to decrease an older individual’s disposable income, especially 

if cost of living adjustments do not keep pace with inflation.  We might expect this to 

cause additional stress for that individual, thereby negatively affecting his or her mental 

health. 

 Alternatively, increasing unemployment rates indicate a tighter job market, 

especially for those who are not particularly technologically savvy.  The tighter job market 

places additional pressure on those already holding jobs (there are more people available to 

replace them), and it also places additional pressure on those looking for jobs (due to the 

increased competition for each available job).  Mental health, therefore, is expected to 

decline as unemployment rates increase.  Decreasing rates of real GDP growth suggest 

that pension and retirement plans invested in stocks and bonds will experience decreased 

or even negative growth during economic downturns; this would decrease disposable 

income for older Americans and, presumably, increase the stress experienced by those 

individuals.  Intuition, therefore, would suggest a positive relationship between mental 

health and economic fluctuations. 

 Yet, perhaps this intuition is flawed.  Empirical evidence indicates the existence of 

an inverse relationship between economic conditions and mental health.  While this may 

not be intuitive, it would correspond with research suggesting an inverse relationship 

between economic conditions and indicators of physical health.  Indeed, some researchers 

suggest that during economic “good” times, non-market leisure time decreases, thereby 

making it more costly for individuals to undertake time-intensive health activities — 

including exercising, preventive medical care, and diet (Ruhm, 2000).  Moreover, health 
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may be an input in the production of goods and services: the physical exertion of 

employment and job-related stress could have negative effects that are amplified during 

periods of extended job hours (i.e., economic expansion, or economic “good” times).  

However, as discussed in subsequent sections of this paper, this past research has its 

limitations in applicability and external validity.  For this reason, a more general research 

question may be more appropriate: how do economic changes influence the health of 

older Americans?  Sub-questions separating mental health and physical health then ensue, 

thereby enabling two comparisons: first, between the influence of economic fluctuations 

on mental health versus physical health; and second, between this current essay and 

previous research examining the effects of economic fluctuations on physical health. 
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CHAPTER 2: LITERATURE REVIEW 

 While evidence for developing countries strongly supports the prediction that 

lasting economic growth leads to better health, the relationship is more ambiguous for 

industrialized nations, especially in the short-run.  Brenner’s (1973) seminal study of the 

relationship between mental health and economic fluctuations examines changes in 

admissions to psychiatric treatment facilities and links aggregate treatment data to 

macroeconomic conditions for the same time period.  One drawback to his proxy for 

measuring the prevalence of mental illness is that the indicator is confined only to those 

mentally ill persons seeking treatment; thus, his measure under-represents the actual 

prevalence of mental illness.  Despite this, he finds transitory national economic 

instabilities are the driving factor behind fluctuations in mental hospital admissions; for 

certain populations, — particularly those whose way of life is most threatened by 

temporary or chronic economic instability, — he also finds that no other major factor 

appears to influence mental hospital admissions.  Consistently, Brenner finds evidence to 

support his research hypothesis that mental hospitalization increases during economic 

downturns and decreases during economic upturns. 

 In the three decades following Brenner’s work, many have subsequently criticized 

and amended his techniques and findings; most frequently, his critics cite under-

specification (through obfuscation of variables observed at the individual level but 

obscured at the aggregate) as the salient vulnerability (Berg and Hughes, 1979; Kahn, 1979).  

Most recently, Ruhm attempts to clarify the relationship between transitory economic 

fluctuations and health outcomes.  His first venture (2000) estimates fixed-effect models 
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using longitudinal data over a 20 year period; the unit of observation is the state.  Total 

and age-specific mortality rates and ten particular causes of death proxied health; within-

state variations in unemployment and incomes were used as indicators of economic 

conditions.  In the same study, Ruhm also uses microdata from the Behavioral Risk Factor 

Surveillance System (BRFSS) to examine how risky behaviors and time-intensive health 

investments (physical activity, diet, and preventive medical care) vary with the status of the 

economy; the unit of observation here is the individual.  His analysis evidences that 

“health improves when the economy temporarily deteriorates,” although “there is some 

evidence that the unfavorable health effects of temporary upturns are partially or fully 

offset if the economic growth is long-lasting.” 

 A subsequent study by Ruhm (2003) uses microdata from a 10-year period (1972-

1981) of National Health Interview Surveys; here, the unit of observation is the individual.  

The sample is limited to persons age 30 and over.  Proxies for health include the 

prevalence of medical conditions, specific morbidities, activity limitations, and medical care 

utilizations.  Again, Ruhm examines how health fluctuates with state economic conditions 

after controlling for personal characteristics, time-invariant factors, general time effects, 

and state-specific time trends.  His findings corroborate those of Ruhm (2000): most 

measures of health decline as the economy improves. 

 Ruhm (2005) further extends his previous research by using microdata from the 

BRFSS (1987-2000); again, the unit of observation is the individual.  Using health 

behaviors (smoking and leisure-time physical activity) and body weight as proxies of health, 

he corroborates previous findings that health improves when economic conditions 
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worsen: the data indicate that smoking, excess weight, and physical inactivity decline when 

economic conditions worsen.  Ruhm (2005) clarifies that “worse health during temporary 

expansions does not imply negative effects of permanent economic progress.” 

 Ruhm himself acknowledges some of the limitations of his research: his research 

does not examine mental health and therefore cannot be used to make implications 

regarding the relationship between mental health and economic conditions (2003, pp. 639-

640).  None of Ruhm’s models include measures for estimating the effect of type of health 

insurance coverage on physical health (and arguably, the type of coverage could change 

with economic fluctuations), so the models are basically reduced-form.  Additionally, there 

may be differences in how economic conditions affect health across age groups.  While 

Ruhm limits his studies to adults, he does not attempt to differentiate among different 

subpopulations of adults.  Thus, the aggregate effects he estimates could mask significant 

differences among age groups. 
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CHAPTER 3: THE MODEL 

 This paper estimates a reduced form model of health status based on Grossman’s 

(1972) theoretical model of health production. 1  This follows the example of Ruhm (2000; 

2003; 2005), and we believe this is the most feasible alternative to conducting a full-fledged 

medical care demand and health status estimation.  The unit of observation in this essay is 

the individual.  The primary dependent variable of interest is the mental health status of 

the individual; for the secondary research question, where we check the robustness of our 

results with respect to Ruhm, the individual’s physical health status is the dependent 

variable.  We distinguish three groups of factors as determinants of health status: factors 

relating to health behavior; medical care; and demographic and economic factors.  We 

begin with a simple production function of health using an ordinary least-squares 

estimation that treats each wave of data separately.  We then proceed with estimating both 

fixed effects and random effects models from the panel data.  This method enables the 

exploitation of individual-specific changes and, in the case of fixed effects models, 

automatically controls for time invariant factors. 

 

                                                 
1 A reduced form model is obtained from individual utility maximization with respect to ordinary 
consumption and medical care consumption subject to the budget constraint for ordinary consumption and 
to the production function for health.  When optimal values are plugged in to the health production 
function, we obtain a reduced from equation for health production where health is a function of health 
behavior, optimal medical care, demographics, and optimal consumption, where optimal consumption is a 
function of price and wealth. 
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CHAPTER 4: THE DATA 

 The data for the proposed thesis are collected by the University of Michigan’s 

Health and Retirement Study (HRS).  Biennially, the HRS surveys more than 22,000 

Americans over the age of 50.  Presently, there are some 26,728 individuals in the study.  

The study was first administered in 1992.  Participants were selected for participation 

through a rather complex geographical clustering process.  The cohort (domestic partner) 

of the participant was also included in the survey, regardless of age.  In subsequent years, 

all original participants and cohorts were invited to participate again, even if they skipped 

the wave(s) in between.  Even if participants separated from their cohorts, the cohort was 

still included, unless the participant or cohort remarried or established a new domestic 

partnership.  HRS strives to “paint an emerging portrait of an aging America’s physical and 

mental health, insurance coverage, financial status, family support system, labor market 

status, and retirement planning.” 

 Survey designers have been very successful at obtaining cooperation of sample 

members in follow-up waves: more than 30 percent of the 26, 728 respondents 

participated in each of the first six waves (1992, 1994, 1996, 1998, 2000, and 2002).  Nearly 

20 percent have participated in five waves, just over 8 percent in four waves, nearly 24 

percent in three waves, more than 10 percent in two waves, and some 8 percent in only 

one wave. 

 HRS is an extremely difficult dataset to manipulate.  Fortunately, the RAND 

Institute has paved the way for many researchers by cleaning the data from the first six 

waves and preparing a codebook in a relatively user-friendly format that clearly identifies 
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how RAND constructed each variable.  As the RAND dataset includes constructs or 

appropriate proxies for each of the variables relevant to our model, this paper uses the 

refined datasets from RAND.  Where appropriate, this paper constructs its own variables 

from those provided by RAND; descriptive statistics are included below. 

 

Mental Health 

 The RAND Mental Health Center for Epidemiologic Studies Depression (CESD) 

composite score proxies mental health status.  It is a constructed variable that totals 

indicators of the respondent’s feelings and emotions much of the time over the week prior 

to the interview.  It was collected for each wave of the survey and can range between 0 and 

8; the higher the score, the more negative the respondent’s feelings in the past week. 

TABLE 1: MENTAL HEALTH CESD SCORES 
Count 1996 1998 2000 2002 

0 48.36% 38.60% 39.89% 43.47% 
1 20.98% 23.65% 23.39% 21.23% 
2 10.21% 13.36% 12.75% 11.81% 
3 6.75% 8.06% 8.12% 7.46% 
4 4.58% 5.71% 5.25% 5.30% 
5 3.24% 4.00% 4.33% 4.02% 
6 2.88% 3.26% 3.05% 3.21% 
7 1.94% 2.27% 2.15% 2.27% 
8 1.06% 1.11% 1.06% 1.22% 

mean 1.3552 1.6162 1.5777 1.5348 
 

 Using the composite CESD to proxy mental health status presents a few 

drawbacks.  This variable only collects data for the week immediately prior to the interview 

with the respondent; this has the advantage of fresh recollection but fails to capture 

significant changes in mental health status that may occur over a longer period of 

observation.  Therefore, it may not be an accurate reflection of the true mental health 
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status of the respondent.  Moreover, respondents self-report the indicators comprising the 

CESD composite; thus, there is potential risk of underreporting, perhaps due to 

embarrassment on the respondent’s behalf or to fear of stigmas associated with mental 

health problems.  This potential for measurement error is our most critical concern. 

 

Physical Health 

 There are two variables that describe a participant’s overall physical health status.  

The first is a composite score similar to the mental health CESD: respondents are asked 

about specific, chronic physical conditions diagnosed by a doctor (high blood pressure, 

arthritis, diabetes, cancer, lung disease, heart problems, stroke, or doctor-diagnosed 

psychiatric/emotional problem).  For each such condition the respondent has ever had, 

the composite score increases; thus, as with the CESD, the physical health conditions 

composite ranges from 0 to 8.  This is the variable we will use to proxy physical health 

status when modeling mental health status.  While the respondent self-reports each 

condition, this variable is more reliable than a traditional self-reported health status  

 
TABLE 2: PHYSICAL HEALTH CONDITIONS 

Count 1996 1998 2000 2002 
0 25.53% 20.30% 15.71% 11.75% 
1 33.02% 30.85% 28.01% 23.69% 
2 23.56% 25.37% 26.52% 26.83% 
3 11.83% 14.53% 17.68% 20.31% 
4 4.26% 6.19% 7.73% 10.67% 
5 1.39% 2.07% 3.23% 4.81% 
6 0.31% 0.56% 0.92% 1.59% 
7 0.08% 0.13% 0.17% 0.29% 
8 0.00% 0.00% 0.02% 0.05% 

mean 1.6031 1.6797 1.8511 2.0718 
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variable because the respondent attests that a doctor has actually diagnosed the condition.  

Examining the trend in physical health conditions over time as presented in Table 2, 

physical health is clearly worsening with age, whereas mental health (Table 1) is not. 

 The second available variable describing overall physical health status is a self-

reported categorical indicator of physical health status.  Respondents rate their health at 

the time of the interview on a scale ranging from 1 to 5, with 1 representing excellent 

condition and 5 representing poor condition.  Because this variable self-reported, it is 

somewhat less reliable than other measures of physical health status: what constitutes 

“excellent” health for one respondent may only be “very good” or even merely “good” for 

another.  As the scale is entirely subjective, it is difficult to make comparisons across 

individuals or to draw conclusions.  This is different from the self-reporting problem in 

mental health; while there is still some potential for underreporting or measurement error 

in self-reported physical health status, the social stigma associated with mental health 

problems is considerably greater than that associated with physical ailments.  This said, 

self-reported physical health status still proves the best available instrument for 

understanding how the health of one particular respondent changes between subsequent  

 
TABLE 3: SELF-REPORTED PHYSICAL HEALTH STATUS 

 1996 1998 2000 2002 
1: Excellent 17.43% 11.74% 12.28% 10.48% 
2: Very Good 31.89% 27.99% 29.72% 27.67% 
3: Good 29.65% 32.31% 31.39% 31.76% 
4: Fair 15.39% 19.67% 18.85% 20.57% 
5: Poor 5.64% 8.29% 7.75% 9.52% 

mean 2.7903 2.9224 2.8369 2.8773 
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waves of HRS and for obtaining an overview of how older Americans perceive their 

physical health. 

 

Medical Care 

 Health insurance coverage is our main proxy for receiving medical care.  The 

RAND HRS data includes constructs for variables indicating whether respondents have 

several types of health insurance coverage.  There is a general government health insurance 

variable that indicates whether the respondent is covered by any type of government 

health insurance program at all; it is comprehensive, including Medicare, Medicaid, military, 

and other government health insurance programs.  There are separate variables for 

Medicare, Medicaid, and military that indicate whether the respondent is covered by that 

particular type of government health insurance.  RAND also constructs variables 

indicating coverage by a private provider, either through the respondent’s employer, the 

respondent’s spouse’s employer, or an alternative private venue.  Table 4 includes 

descriptives on employer health insurance coverage.  The percentages reflect the number 

of respondents from that year who were covered by an employer-sponsored health 

insurance plan at the time of the interview. 

 

Health Behaviors 

 A number of preventive behaviors are monitored across the waves of HRS.  

Preventive behaviors include having a blood test checking cholesterol levels, receiving a flu 

shot each year, self-administering monthly breast exams, mammograms, pap smears, and 
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prostate exams.  For reasons described in Chapter 5, we construct a composite indicator of 

preventive behaviors, which reflects whether an individual has undergone breast exams, 

mammograms, pap smears, or a prostate exam in the previous two years.  Table 4 includes 

frequencies for this measure, as well as for a number of other demographics, including: the 

percentage of respondents who are married; the mean total household income (unadjusted 

for inflation) of respondents; mean age of respondents; percentage of respondents who are 

white; percentage of respondents with less than a high school education or its equivalent 

(GED); the percentage of respondents who are veterans; and the percentage who are male. 

 
TABLE 4: DEMOGRAPHIC DESCRIPTORS 

 1996 1998 2000 2002 
Employer HI Coverage 48.82% 50.18% 50.79% 50.03% 
Preventive Exams2 51.89% 15.54% 59.17% 0.69% 
Married 44.70% 52.24% 46.83% 42.71% 
Total Household Income $45,844 $49,549 $52,198 $52,066 
Age 66.36 65.93 67.12 68.37 
White 81.31% 
Less than HS educ./GED 30.71% 
Veteran 24.57% 
Male 43.01% 

 
 

                                                 
2 The percentage of respondents who underwent preventive exams in 1998 and 2002 appears anomalous; 
however, despite rechecking the data, these are the correct frequencies.  It is possible that the HRS data 
recoding performed by RAND is responsible for this anomaly, although this scenario seems unlikely. 
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CHAPTER 5: OLS RESULTS 

 We began our OLS estimation by including the same variables as Ruhm (2000; 

2003; 2005), and additional variables we deemed necessary for specifying a reduced form 

model to estimate mental health status.  These variables fall into the three groups of health 

status determinants established above.  Unless otherwise noted, we discuss estimations 

from the most recent wave of data available through RAND, wave 6, which was 

administered in 2002; estimations from waves 3, 4, and 5 (1996, 1998, and 2000, 

respectively) are also presented in Table 5. 

 

Health Behavior 

 Health behaviors directly affect an individual’s health status.  Intuition suggests 

that preventive behaviors improve health status while risky behaviors diminish health 

status.  While alcohol consumption, smoking habits, and exercise routines are possible 

proxies for risky and preventive health behaviors, they also present insurmountable 

endogeneity issues with our dependent variable, mental health status.  Excessive alcohol 

consumption and certain psychological problems, such as depression, have ambiguous 

causal relationships.  Smoking presents a similar situation, and unobservable physical 

conditions which may restrict exercise may also negatively affect mental health.  

Accordingly, we turn to other proxies for health behavior. 

 As alternative proxies of preventive behavior, we considered three dichotomous 

variables, developing model specifications with each: flu shots, cholesterol tests, and 

preventive exams.  Multiple specifications produced strongly insignificant coefficients for  
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 TABLE 5: OLS ESTIMATES 
 1996 1998 2000 2002 

0.0299‡ 0.1002 0.0488* 0.0899 
Division UE 

(0.017) (0.018) (0.024) (0.027) 

0.4084 0.3759 0.3949 0.3781 Chronic Physical 
Conditions (0.011) (0.010) (0.010) (0.011) 

-0.2564 -0.1470 -0.2384 0.0591†

Preventive Exams 
(0.036) (0.033) (0.037) (0.149) 

-0.2386 -0.2739 -0.2417 -0.2436 Employer HI 
Coverage (0.031) (0.029) (0.030) (0.031) 

-2.62E-07ф -6.07E-07 -6.96E-07 -7.26E-07 Total Household 
Income (0.000) (0.000) (0.000) (0.000) 

-0.0146 -0.0164 -0.0173 -0.0181 
Age 

(0.001) (0.001) (0.001) (0.002) 

-0.4579 -0.4575 -0.4516 -0.5441 
Married 

(0.032) (0.030) (0.031) (0.032) 

-0.1195ф -0.1382 -0.2571 -0.1515 
Male 

(0.039) (0.036) (0.038) (0.040) 

-0.0951* -0.2049 -0.1813 -0.0780‡

White 
(0.038) (0.036) (0.037) (0.040) 

0.5341 0.5800 0.5065 0.5960 Less than HS 
education/GED (0.033) (0.032) (0.034) (0.036) 

-0.2037 -0.1617 -0.1377ф -0.1955 
Veteran 

(0.044) (0.042) (0.043) (0.046) 

R2 0.1530 0.1478 0.1568 0.1549 
Adjusted R2 0.1524 0.1474 0.1563 0.1543 
Number of obs. 15,781 18,914 17,399 15,971 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(† : not significant; ‡ : p<0.10; * : p<0.05; ф: p<0.01; otherwise, p<0.001) 

 
flu shots, and after further consideration we eliminated this proxy: flu shots were not 

universally available during the initial waves of HRS, and shortages are still not uncommon.  

We also developed multiple specifications using cholesterol tests; however, as unobservables 

such as the respondent’s personal or family health history may influence his/her probability 

of undergoing a cholesterol test, we chose to rule out this proxy as well.3

                                                 
3 Moreover, the sample size for 2002 decreased dramatically (from nearly 16,000 to fewer than 200) when cholesterol tests were 
used as the proxy: the only apparent reason for this deviation is a possible coding error in the refined data provided by RAND. 
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 The third dichotomous variable we considered as a proxy for preventive health 

behaviors reflects whether a respondent has had a mammogram, a pap smear, or a prostate 

exam since the previous wave (i.e., in the past two years).  These preventive exams are 

relatively universally available and accessible, and they are strongly recommended for all 

older Americans.  While the 2002 estimation did not produce a significant coefficient on 

this variable, the estimations for 1996, 1998, and 2000 produced highly significant 

estimates negatively correlated with our measure for mental health status, as expected.  

The coefficient estimate for 2000 indicates that, all else equal, undergoing a preventive 

exam is associated with a 0.2384 point improvement in mental health status. 

 

Medical Care 

 We considered a number of proxies for medical care, including the number of 

doctor visits, number and length of overnight hospital stays, and the type of health 

insurance, among others.  Unfortunately, each of these variables has potential endogeneity 

issues.  Most Americans age 65 or older have public health insurance through either the 

Medicare or Medicaid programs.  In contrast, not all older Americans have health 

insurance through a current or previous employer; thus, we chose employer health 

insurance coverage (through either the respondent or his/her spouse) as our proxy for 

medical care.  The expectation is that employer-sponsored health insurance is of better 

quality than public health insurance and thus associated with an improvement in mental 

health status.  Our OLS coefficient estimate coincided with this expectation: employer 

coverage is associated with an estimated 0.2436 point improvement in mental health status. 
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 We expect the endogeneity of this proxy to dampen the magnitude of its effect on 

mental health status.  This is because, like Akerlof (1970), we expect some degree of 

adverse selection: people who are mentally ill or more prone to becoming mentally ill are 

more likely to choose the richer benefits frequently associated with private insurance.  

Thus, if employer coverage were exogenous, we would expect to see an even stronger 

improvement in mental health status associated with employer coverage. 

 

Demographic and Economic Factors 

 We control for a number of demographic factors, including income, age, marital 

status, gender, race, education, veteran status, and we also control for the physical health 

status.  Additionally, we control for the divisional unemployment rate, as identified based 

on the individual’s division of residence as identified by the U.S. Census Bureau.4

 We expect total household income to be negatively correlated with mental health 

status: an increase in the total household income, thereby increasing purchasing power, is 

expected to improve mental health status.  Our OLS coefficient estimate, as expected, was 

negative and significant; however, with respect to magnitude, the coefficient estimate is 

minimal: a $10,000 increase income is associated with a 0.0073 point improvement in 

mental health status.  The minimal magnitude is most likely due to a dampening effect 

arising from the fact that, in order to earn more income, an individual must work harder, 

thereby potentially increasing stress levels. 

                                                 
4 For privacy reasons, the data is not more specific regarding the individual’s place of residency. 
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 For older adults, we associate increasing age with greater stability in life style and 

generally growing “wiser.”  This suggests an expectation that mental health improves with 

age, and thus a negative correlation between our mental health variable and age.  Our OLS 

coefficient estimate on age corroborated this expectation: for each additional year in age, 

mental health status improves by 0.0181 points, all else constant. 

 Married individuals are expected to have a more stable social support network than 

non-married individuals; thus, we anticipate a negative association between marital status 

and mental health status.  The OLS coefficient estimate, which is negative and significant, 

reflects this intuition: all else equal, married individuals are expected to have a 0.5441 point 

improvement in mental health status over non-married individuals. 

 Research suggests that females are more susceptible to mental health problems 

than males (Brenner 1973); thus, we expect that males will be associated with better mental 

health status than females.  Our coefficient estimate confirms this expectation: males 

experience a 0.1515 point advantage in mental health status over females. 

 We differentiate between whites and non-white minorities, with the expectation 

that whites will have better mental health status than non-whites.  We suspect that historic 

power disparities — which traditionally gave the advantage to whites — led to systemic 

oppression of non-whites.  Despite the success of the civil rights movement, older 

Americans came of age before this success was realized.  Indeed, the OLS coefficient 

estimate seems to support this intuition: being white is associated with a 0.0780 point 

improvement in mental health.  Ideally, we would also measure for an interaction effect 
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between race and quality of insurance or quality of medical care; unfortunately, HRS does 

not enable us to document this effect. 

 In general, higher educational attainment is associated with improved health (Smith, 

2005); we expect this effect to apply more specifically to mental health status.  We proxy 

educational attainment by differentiating between those respondents who have less than a 

high school education and those who have a high school diploma (or its equivalent) at 

minimum.  As expected, our OLS coefficient indicates that, all else equal, individuals with 

less than a high school education experience a 0.5960 point deterioration in mental health 

status as compared to those who possess a high school education at minimum. 

 We also control for whether a respondent is a veteran.  While veterans frequently 

experience high levels of combat-induced stress, they also have access to medical care that 

explicitly seeks to identify potential psychological disorders; thus, veterans arguably have 

better access to psychological treatment than do non-veterans.  The OLS coefficient 

estimate appears to support this intuition: veterans are expected to have a 0.1955 point 

advantage in mental health status over non-veterans. 

 Intuitively, physical health status influences mental health status.  Individuals in 

poor physical health may be more prone to depression and higher levels of stress than 

individuals in good physical health.  We considered using respondents’ self-reported 

physical health status; however, as noted above, self-reported data is often subjective and 

perhaps less reliable than data provided by a third party, such as physicians or hospital 

personnel.  However, HRS does not contain such data and, at present, no microdata 
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sources containing information reported by third-parties meet the data requirements of 

this paper; future studies may address this issue more adequately. 

 Furthermore, Zweifel and Breyer (1997) suggest that in health production studies 

based on individual data “measurements of health should preferably refer to a particular 

health phase or sickness episode” (p. 108).  For this reason, we proxy physical health status 

with a composite variable that sums the total number of chronic physical conditions the 

respondent has ever had.  Our expectation is that an increasing number of chronic 

physical conditions is associated with diminishing mental health status.  The OLS 

coefficient estimate corroborates this expectation: Each additional chronic physical 

condition is associated with a 0.3781 point decrease in mental health status. 

 We proxy transitory economic conditions with the respondent’s divisional 

unemployment rate.  As noted previously, increasing unemployment rates indicate a tighter 

job market, especially for those who are not particularly technologically savvy.  The tighter 

job market places additional pressure on those already holding jobs (there are more people 

available to replace them), and it also places additional pressure on those looking for jobs 

(due to the increased competition for each available job).  Mental health, therefore, is 

expected to decline as unemployment rates increase, yielding a positive coefficient on 

divisional unemployment rate.  The OLS coefficient estimates corroborate this intuition 

across all four waves.  None of our model specifications ever produced a negative 

significant coefficient on divisional unemployment rate.  Occasionally, a specification 

produced a negative coefficient, but in each case it was highly insignificant.  In general, the 

various specifications produced positive significant coefficients.  For our final model 
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specification, the 2002 coefficient estimate on divisional unemployment rate was 0.08993, 

indicating a 1 percentage point increase in the unemployment rate is associated with a 

0.08993 point decrease in mental health status level; this is more than 12 times the effect 

associated with a $10,000 increase in income. 
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CHAPTER 6: PANEL DATA ESTIMATIONS 

 Analysis of the panel data began by performing fixed effects and random effects 

estimations on selected variations of the specification used for the OLS estimates.  For 

each variation, a subsequent high significance level in the corresponding Hausman test 

indicated that, although less efficient, the fixed effects estimation was more reliable than 

the corresponding random effects estimation; hence, the results discussed below primarily 

concern the fixed effects estimations (Table 6).  Where appropriate, we draw comparisons 

to the corresponding random effects estimations (Table 7).  As a consequence of using 

fixed effects estimations, we do not generate coefficient estimations on time-invariant 

factors (i.e., gender, race, education, and veteran status); thus, for those factors we discuss 

the random effects coefficient estimations presented in Table 7. 

 We also tested each specification for autocorrelation (i.e., serial correlation); for 

each one, the test affirmed the presence of autocorrelation.  Accordingly, we performed 

fixed effects and random effects estimates that correct for autocorrelation.  The discussion 

below reflects this correction; however, we draw comparisons with the uncorrected 

estimates where appropriate. 

 The specification variations derive from the choice of economic indicators used in 

the model.  Brenner (1979) argues for models of health status that include both economic 

growth phenomena and unemployment: intuitively, rapid economic growth may induce 

negative effects on mental health similar to those hypothetically induced by rising 

unemployment rates, but the appropriate policy prescription for ameliorating these 

undesirable mental health effects could change drastically depending on which factor 
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drives the declining mental health status.  Accordingly, in addition to a model using only 

unemployment as an indicator of economic conditions, we derive a specification that uses 

metrics for both unemployment and economic growth.  Arguably, including both 

measures could create complications arising from multicollinearity; however, if such 

complications arise, they will only serve to increase the variation associated with the 

coefficient estimate, thus increasing the rigor of a test for significance and making our 

results less efficient. 

 Brenner (1979) also distinguishes between using a localized unemployment rate 

(such as the divisional unemployment rate used in the OLS specification) and a national 

unemployment rate: the “higher the analytic level of the variable, the greater the number 

of people who are affected” (p. 66).  The two unemployment rates have appreciably 

different implications for individual behavior; accordingly, we performed estimates for 

specifications using both alternatives for measuring unemployment.  Unless otherwise 

noted, the results discussed below derive from the specification using the national 

unemployment rate. 

 

Health Behavior 

 As with the OLS estimate, we use a composite dichotomous indicator of whether 

the respondent has undergone any preventive health exams during the previous two years 

as a proxy for health behavior.  In the fixed effects specification including both the 

national unemployment rate and the real GDP growth rate and corrected for  
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(† : not significant; ‡ : p<0.10; * : p<0.05; ф: p<0.01; otherwise, p<0.001) 
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TABLE 6: FIXED EFFECTS ESTIMATES 

 Corrected for Autocorrelation Not Corrected for Autocorrelation 

0.2511 - -0.0300† - 0.0693‡ - -0.1299 -
National UE 

(0.047)        - (0.025) - (0.037) - (0.008) -

-       0.1338 - -0.0091† - 0.0492* - -0.1183
Division UE 

-        (0.031) - (0.022) - (0.021) - (0.008)

0.2466        0.1693 - - 0.2141 0.1916 - -
GDP Growth 

(0.035)        (0.026) - - (0.038) (0.023) - -

0.1496        0.1484 0.1365 0.1348 0.1801 0.1799 0.1764 0.1758Chronic Physical 
Conditions (0.203)        (0.020) (0.020) (0.020) (0.014) (0.014) (0.014) (0.014)

0.0791        0.0062 -0.0396 -0.0170 -0.0942 -0.0999 -0.1459 -0.1381
Preventive Exams 

(0.034)        (0.027) (0.030) (0.027) (0.016) (0.014) (0.013) (0.013)

-0.0126† -0.0112† -0.0035† -0.0029† 0.0033† 0.0031† 0.0071† 0.0091†Employer HI 
Coverage (0.029)        (0.029) (0.029) (0.029) (0.210) (0.021) (0.021) (0.021)

-5.13E-08† -5.35E-08† -5.72E-08† -5.71E-08† -1.65E-07‡ -1.65E-07‡ -1.74E-07‡ -1.75E-07‡Total Household 
Income (0.000)        (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

0.0313ф 0.0267*      -0.0197* -0.0266 ф 0.0820 0.0748 0.0132 0.01297
Age 

(0.012)        (0.012) (0.009) (0.008) (0.013) (0.008) (0.003) (0.003)

-0.6691        -0.6661 -0.6520 -0.6507 -0.6479 -0.6482 -0.6523 -0.6538
Married 

(0.051)        (0.051) (0.051) (0.051) (0.035) (0.035) (0.035) (0.035)

R2 within         0.0102 0.0098 0.0083 0.0082 0.0268 0.0269 0.0262 0.0253
R2 between         

         
         

         

0.0736 0.0818 0.107 0.0864 0.036 0.0394 0.1112 0.1065
R2 overall 0.0572 0.0633 0.0815 0.0666 0.0272 0.0302 0.0854 0.0812
Number of obs. 45,650 45,650 45,650 45,650 68,065 68,065 68,065 68,065
Number of groups 19,386 19,386 19,386 19,386 22,415 22,415 22,415 22,415

 



(† : not significant; ‡ : p<0.10; * : p<0.05; ф: p<0.01; otherwise, p<0.001) 
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TABLE 7: RANDOM EFFECTS ESTIMATES 

 Corrected for Autocorrelation Not Corrected for Autocorrelation 
-0.1282 - -0.1362 - -0.1284 - -0.1355 -National UE 
(0.011)        - (0.008) - (0.011) - (0.008) -

-        -0.0502 - -0.0872 - -0.0525 - 0.0874
Division UE 

-        (0.009) - (0.007) - (0.009) - (0.007)
0.0086† 0.0530      - - 0.0076† 0.0498 - -

GDP Growth 
(0.009)        (0.008) - - (0.008) (0.007) - -
0.3583        0.3637 0.3571 0.3555 0.3547 0.3603 0.3535 0.3520Chronic Physical 

Conditions (0.007)        (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
-0.1716        -0.1645 -0.1692 -0.1432 -0.1706 -0.1639 -0.1683 -0.1427

Preventive Exams 
(0.012)        (0.012) (0.012) (0.011) (0.012) (0.012) (0.012) (0.012)
-0.1528        -0.1507 -0.1531 -0.1559 -0.1462 -0.1438 -0.1468 -0.1490Employer HI 

Coverage (0.016)        (0.016) (0.016) (0.016) (0.016) (0.016) (0.016) (0.016)
-3.24E-07        -3.12E-07 -3.27E-07 -3.26E-07 -3.2E-07 -3.07E-07 -3.22E-07 -3.21E-07Total Household 

Income (0.000)        (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
-0.0134        -0.0126 -0.0136 -0.0136 -0.0131 -0.0122 -0.0133 -0.0134

Age 
(0.001)        (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
-0.5357        -0.5388 -0.5355 -0.5386 -0.5374 -0.5407 -0.5373 -0.5402

Married 
(0.019)        (0.019) (0.019) (0.019) (0.019) (0.019) (0.019) (0.019)
-0.1521        -0.1498 -0.1520 -0.1481 -0.1528 -0.1505 -0.1528 -0.1491

Male 
(0.027)        (0.027) (0.027) (0.027) (0.027) (0.027) (0.027) (0.027)
-0.1433        -0.1474 -0.1428 -0.1453 -0.1451 -0.1493 -0.1445 -0.1470

White 
(0.026)        (0.026) (0.026) (0.026) (0.027) (0.027) (0.027) (0.027)
0.5952        0.5848 0.5974 0.5989 0.5980 0.5873 0.6002 0.6015Less than HS 

education/GED (0.023)        (0.023) (0.023) (0.023) (0.024) (0.024) (0.024) (0.024)
-0.1780        -0.1818 -0.1774 -0.1788 -0.1776 -0.1816 -0.1771 -0.1784

Veteran 
(0.030)        (0.030) (0.030) (0.030) (0.031) (0.031) (0.031) (0.031)

R2 within         0.0223 0.0204 0.0225 0.0209 0.0225 0.0206 0.0226 0.0211
R2 between         

         
         

         

0.2032 0.2025 0.2031 0.2003 0.2029 0.2020 0.2028 0.2000
R2 overall 0.1528 0.1513 0.1527 0.1499 0.1526 0.1511 0.1526 0.1497
Number of obs. 68,065 68,065 68,065 68,065 68,065 68,065 68,065 68,065
Number of groups 22,415 22,415 22,415 22,415 22,415 22,415 22,415 22,415



 

autocorrelation, we estimate a significant coefficient of 0.0791 on the preventive exams 

indicator as seen in Table 6.  Contrary to expectation, this reflects a positive correlation 

between preventive health behaviors and mental health status: all else equal, individuals 

who undergo no preventive health exams are expected to have an advantage of 0.0791 

points in mental health status.  Interestingly, the only other specification to estimate a 

positive coefficient on the preventive health behavior proxy was the fixed effects estimate 

corrected for autocorrelation and incorporating indicators for both unemployment and 

economic growth; however, the coefficient estimate for that specification was highly 

insignificant.  All other specifications produced negative and significant coefficient 

estimates as expected. 

 

Medical Care 

 Our proxy for medical care is an indicator reflecting whether the respondent has 

health insurance through an employer.  Of the eight fixed effects estimations we 

performed, all coefficient estimates corrected for autocorrelation were negatively 

correlated with mental health status (as expected) while those not corrected for 

autocorrelation were positively correlated with mental health status; however, not one of 

these fixed effects coefficient estimates was statistically significant — in fact, as 

demonstrated in Table 6, they were all strongly insignificant.  In contrast, as illustrated in 

Table 7, the coefficient estimates produced by the eight random effects specifications were 

all statistically significant at the 0.001 level of significance.  While the random effects 

estimates were all negatively correlated with mental health status (regardless of correction 

26 



for autocorrelation), they were of consistently greater magnitude than the fixed effects 

estimates. 

 Strictly speaking, the Hausman test indicates that we should rely on the fixed 

effects estimates; however, it seems suspect that not one of the fixed effects estimates was 

significant even after correcting for autocorrelation, and that the estimates not corrected 

for autocorrelation were the only coefficient estimates for this factor that were positively 

correlated with mental health status.  As neither Ruhm nor Brenner ever attempt to 

capture the effect of health insurance coverage on medical care and, subsequently, on 

health status in their research, we cannot look to them for guidance on how to interpret 

the effect of this factor on mental health status.  Because of the conflicting evidence from 

the OLS estimates, the random effects estimates, and the fixed effects estimates, it’s 

reasonable to surmise that something in the fixed effects estimates is confounding the 

anticipated effect that we witness in the other estimations; this could be an artifact of 

relying on a reduced form estimation — where we see only the net effect of each factor 

without decomposing the underlying, possibly opposing sources causing that response — 

rather than constructing a complete system of health demand, health production, and 

health supply. 

 

Demographic and Economic Factors 

 As noted previously, our fixed effects models do not generate coefficient estimates 

on time invariant factors.  The random effects models, however, produce remarkably 

consistent coefficient estimates that correspond in both direction and magnitude to the 

27 



OLS estimates, further validating our expectations.  This can be verified by comparing the 

coefficient estimates on gender, race, education, and veteran status as presented in Tables 

5 and 7. 

 All fixed effects and random effects coefficient estimates on total household 

income were negatively correlated with mental health status.  This coincides with our 

expectations and corroborates our OLS estimates on total household income.  

Interestingly, none of the fixed effects estimates were significant.  As with the OLS 

estimates, the coefficient estimates produced by our fixed effects and random effects 

models were exceedingly minimal in magnitude.  This persistent outcome, coupled with 

the fact that none of our fixed effects coefficient estimates were significant, seems to 

reinforce our supposition that changes in total household income exert two opposing 

forces on mental health status: on the one hand, increases in income increase purchasing 

power, thereby improving mental health status; on the other, an individual must work 

harder in order to earn more income, thereby potentially increasing stress levels. 

 We anticipate that mental health improves with age because we associate increasing 

age with greater stability in life style and generally growing “wiser.”  Indeed, our negative 

OLS coefficient estimate on age seemed to confirm this theory, as did our random effects 

estimates.  Our fixed effects estimates, however, were more equivocal.  As seen in Table 6, 

only two of the eight fixed effects estimates produced the expected negative coefficient.  

None of the estimates uncorrected for autocorrelation produced a negative coefficient, 

and only the corrected estimates that omitted the indicator for economic growth generated 

the expected negative coefficient.  As with total household income, this suggests that we 
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may have two competing forces associated with age exerting opposite effects on mental 

health status.  Indeed, it is possible that as people age they become less appreciated by 

society, which could negatively affect their mental health and perhaps explain the 

unexpected positive coefficients. 

 Following our fixed effects estimation, we expect married individuals to experience 

a 0.6691 point advantage in mental health status over non-married individuals.  For all 

specifications, the coefficient estimation for marital status was, as expected, negatively 

associated with mental health status.  We assume away the endogeneity here as well: for 

mentally unstable people, it is more difficult to get or remain married than it is for mentally 

stable people.  Interestingly, the fixed effects estimates were clustered together, the 

random effects estimates were clustered around a different nexus, and the OLS coefficient 

estimates were all clustered around yet another nexus — probably because of other 

demographics.  For older Americans, there is clear evidence that those who are married 

experience better mental health than those who are not married, all else equal.  The fixed 

effects estimates were all consistently greater in magnitude than the random effects 

estimates, which were all greater in magnitude than the OLS estimates. 

 Similarly, the coefficient estimates on physical health status, as proxied by the 

number of chronic physical conditions, consistently support the intuition that individuals 

in poor physical health may be more prone to depression and higher levels of stress — and 

thus poorer mental health — than individuals in good physical health.  Unlike for the 

marriage coefficient estimates, however, the fixed effects estimates on this factor were the 

smallest in magnitude while the OLS estimates were the greatest in magnitude.  Correcting 
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for autocorrelation and including measures for national unemployment and for economic 

growth, our fixed effects coefficient estimate indicates each additional chronic physical 

condition is associated with a deterioration in mental health status of 0.1496 points.  There 

is minimal endogeneity here because of the definition of heath status proxy. 

 As noted previously, several of our specifications use two economic indicators to 

explain the mental health effects of transitory economic fluctuations.  All specifications 

include either the national unemployment rate or the respondent’s geographic division 

unemployment rate; half of these specifications couple the real GDP growth rate with the 

unemployment rate.  Presumably, a positive correlation between the unemployment rate 

and mental health status would substantiate Brenner’s (1973) findings and our hypothesis 

while a negative correlation would support Ruhm’s (2000; 2003; 2005) conclusions.  With 

respect to economic growth, a positive correlation would validate Brenner’s (1979) theory 

that rapid economic growth typically requires people to work harder and longer and thus is 

associated with deleterious effects on mental health.  While Ruhm does not consider 

alternative economic indicators such as economic growth, Brenner’s theory could easily be 

a corollary to Ruhm’s findings. 

 Examining the fixed effects coefficient estimates corrected for autocorrelation and 

using the national unemployment rate with economic growth in the first four columns of 

Table 6, we find evidence to support our hypothesis and validate Brenner’s findings that 

an increasing unemployment rate is associated with deteriorating mental health status.  The 

positive coefficient estimate indicates that a l percentage point increase in the national 

unemployment rate deteriorates mental health status by 0.2511 points.  For the same 
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specification, we find an economic growth coefficient suggesting that a 1 percentage point 

increase in the real economic growth rate is associated with 0.2466 point decline in mental 

health status.  Substituting division unemployment rate for national unemployment rate, 

we again produce positive coefficient estimates on both economic indicators; in the 

corresponding specifications that do not correct for autocorrelation, we achieve coefficient 

estimates in the same direction despite the fact that the magnitude of the estimates is 

considerably smaller when we do not correct for autocorrelation.  The unemployment 

coefficient estimates support our hypothesis (and corroborate Brenner’s findings) while 

the economic growth coefficient estimate supports Ruhm’s findings as well as Brenner’s 

findings. 

 None of the remaining fixed effects estimations, nor any of the random effects 

estimations, produces a positive coefficient estimate for the unemployment rate.  If we are 

concerned about the effects of multicollinearity on our coefficient estimates and choose to 

examine those specifications with only the unemployment rate, we find no evidence in 

support of our hypothesis that mental health should deteriorate with a worsening 

economy; in fact, the panel estimates would consistently corroborate Ruhm’s findings.  

Thus, evidence from the panel data estimations is mixed: while there is some evidence to 

support our hypothesis that the unemployment rate is positively correlated with mental 

health status (thereby indicating mental health improves as the unemployment rate falls), it 

is neither consistent nor pervasive.  

 This said, it is important to remember that when we use fixed effects estimations, 

as the Hausman test recommends, we consistently find evidence to support our hypothesis 
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when we separate the unemployment effect from the economic growth effect.  It is only 

when we fail to disaggregate these effects that we replicate Ruhm’s findings with our fixed 

effects estimations.  This suggests that Ruhm’s studies do not capture clearly the entire 

picture: by relying solely on the unemployment rate as an indicator of economic conditions, 

his estimations may mask a more complex situation than they present. 
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CHAPTER 7: PHYSICAL HEALTH ESTIMATIONS 

 As a corollary to our examination of the mental health effects of transitory 

economic fluctuations we also assessed the general physical health effects resulting from 

transitory economic fluctuations.  We limited our analysis to panel-level estimations only, 

modeling our specifications on those utilized by Ruhm (2000; 2003; 2005) and those used 

above in Chapter 6.  We began by conducting fixed effects and random effects estimates 

on each specification; as with our mental health analysis in Chapter 6, subsequent 

Hausman tests on each specification indicated the superior reliability of fixed effects 

coefficient estimates.  Other tests revealed the presence of autocorrelation; accordingly, we 

produced coefficient estimates correcting for this problem.  A discussion of the relevant 

coefficient estimates ensues below; complete estimations are presented in Tables 8 and 9. 

 Our dependent variable is self-reported health status.  While we have legitimate 

concerns regarding the nature of self- reported indicators such as this, we believe it 

presents a more comprehensive or well-rounded understanding of physical health status 

than the composite indicator of doctor-diagnosed chronic conditions.  The conditions 

monitored by the composite indicator can frequently be managed and/or treated; if an 

individual had a heart attack more than a decade ago, it is reflected in the composite 

regardless of whether the danger or inconvenience the condition represents has since been 

minimized or altogether eliminated.  The self-reported health status measure, in contrast, is 

fully capable of reflecting the fact that a given persistent chronic condition is no longer 

anything more than a minor irritant. 

33 



 
 

(† : not significant; ‡ : p<0.10; * : p<0.05; ф: p<0.01; otherwise, p<0.001) 
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TABLE 8: HEALTH STATUS FIXED EFFECTS ESTIMATES 
 Corrected for Autocorrelation Not Corrected for Autocorrelation 

0.1293 - 0.0035† - 0.1073 - -0.0579 -
National UE 

(0.021)        - (0.011) - (0.018) - (0.004) -

-       0.0662 - 0.0055† - 0.0464 - -0.0529
Division UE 

-        (0.015) - (0.010) - (0.010) - (0.004)

0.1066        0.0659 - - 0.1777 0.1137 - -
GDP Growth 

(0.015)        (0.012) - - (0.019) (0.011) - -

-0.0165† -0.0554       -0.0713 -0.0694 -0.0746 -0.0911 -0.1168 -0.1133
Preventive Exams 

(0.016)        (0.013) (0.014) (0.012) (0.008) (0.007) (0.007) (0.007)

0.0148† 0.0153† 0.0193† 0.0193† 0.0048† 0.0051† 0.0075† 0.0092†Employer HI 
Coverage 0.014         (0.014) (0.014) (0.014) (0.010) (0.011) (0.010) (0.011)

-3.53E-08† -3.56E-08† -3.65E-08† -3.61E-08† -6.58E-08† -6.67E-08‡ -7.01E-08‡ -6.62E-08†Total Household 
Income (0.000)        (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

0.0394        0.0379 0.0195 0.0189 0.0952 0.0748 0.0381 0.0380
Age 

(0.005)        (0.005) (0.004) (0.004) (0.006) (0.004) (0.001) (0.001)

0.0433‡ 0.0452‡ 0.0528*  0.053* 0.0509ф 0.0497ф 0.0471ф 0.0465ф
Married 

(0.025)        (0.025) (0.025) (0.025) (0.017) (0.017) (0.017) (0.017)

R2 within         0.0096 0.0090 0.0080 0.0080 0.0350 0.0347 0.0333 0.0328
R2 between         

         
         

         

0.0448 0.045 0.0389 0.0387 0.0558 0.055 0.0503 0.0495
R2 overall 0.037 0.0373 0.0327 0.0325 0.0384 0.0389 0.0392 0.0383
Number of obs. 51,414 51,414 51,414 51,414 75,710 75,710 75,710 75,710
Number of groups 21,477 21,477 21,477 21,477 24,227 24,227 24,227 24,227



(† : not significant; ‡ : p<0.10; * : p<0.05; ф: p<0.01; otherwise, p<0.001) 

35

        

 

TABLE 9: HEALTH STATUS RANDOM EFFECTS ESTIMATES 
 Corrected for Autocorrelation Not Corrected for Autocorrelation 

-0.0785 - -0.0519 - -0.0816 - -0.0524 -National UE 
(0.006)        - (0.004) - (0.006) - (0.004) -

-        -0.0484 - -0.0407 - -0.0508 - -0.0410
Division UE 

-        (0.005) - (0.004) - (0.005) - (0.004)
-0.0283      -0.0102ф - - -0.0310 -0.0131 - -

GDP Growth 
(0.004)        (0.004) - - (0.004) (0.004) - -
-0.1300        -0.1271 -0.1372 -0.1308 -0.1273 -0.1245 -0.1363 -0.1296

Preventive Exams 
(0.006)        (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
-0.1047        -0.1045 -0.1026 -0.1034 -0.10124 -0.1002 -0.0975 -0.0981Employer HI 

Coverage (0.009)        (0.009) (0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
-2.96E-07        -2.93E-07 -2.9E-07 -2.9E-07 -2.93E-07 -2.88E-07 -2.83E-07 -2.83E-07Total Household 

Income (0.000)        (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
0.0165        0.0171 0.0176 0.0175 0.0167 0.0174 0.0180 0.0180

Age 
(0.001)         (0.001) (0.001) (0.001) (0.001) (0.006) 0.001 (0.046)
-0.0479        -0.0498 -0.0492 -0.0500 -0.04443 -0.0461 -0.0454 -0.0112

Married 
(0.011)         (0.011) (0.011) (0.011) (0.011) (0.011) (0.011) 0.029
0.0280‡ 0.0297‡ 0.0283‡ 0.0269‡ -0.0277‡ -0.0295‡ -0.0281‡ -0.0164‡

Male 
(0.016)        (0.016) (0.016) (0.016) (0.016) (0.016) (0.016) (0.016)
-0.2741        -0.2776 -0.2776 -0.2787 -0.2749 -0.2789 -0.2795 -0.2816

White 
(0.016)         (0.016) (0.016) (0.016) (0.016) (0.017) (0.017) 0.016
0.5308        -0.5258 0.5222 0.5226 0.5318 -0.5264 0.5216 -0.0294Less than HS 

education/GED (0.014)        (0.014) (0.014) (0.014) (0.014) (0.011) (0.014) (0.017)
-0.0439*       -0.0464* -0.0464* -0.0471* -0.0442* -0.0468* -0.0472* -0.2806*

Veteran 
(0.019)        (0.019) (0.019) (0.019) (0.019) (0.019) (0.019) (0.017)

R2 within         0.0280 0.0262 0.0265 0.0258 0.0284 0.0267 0.0269 0.0263
R2 between         

         
0.1456 0.1462 0.1473 0.1470 0.1450 0.1455 0.1466 0.1463

R2 overall 0.1199 0.1188 0.1197 0.1190 0.1196 0.1184 0.1192 0.1184
Number of obs. 75,603 75,603 75,603 75,603 75,603 75,603 75,603 75,603 
Number of groups 24,189 24,189 24,189 24,189 24,189 24,189 24,189 24,189 

 



 

 As seen in the first four columns of Table 8, none of the fixed effects 

specifications correcting for autocorrelation corroborates Ruhm’s findings with respect to 

the relationship between economic conditions and physical health status.  Ruhm’s findings 

induce the expectation of a negative relationship between physical health status and the 

unemployment rate; however, we obtain positive coefficient estimates for these four 

specifications.  Moreover, the specifications that do not include an indicator for economic 

growth produce unemployment coefficient estimates that are not statistically significant.  

Within these same specifications, however, we also produce positive and significant 

coefficient estimates for the rate of real GDP growth.  This indicates that as economic 

growth increases, we can expect overall physical health to suffer — a finding that is more 

in line with Ruhm’s conclusions. 

 If we choose to ignore the presence of autocorrelation, as in the last four columns 

of Table 8, only two of our fixed effects estimates produce a negative and significant 

coefficient on the unemployment rate.  In both instances, an indicator for economic 

growth is not included in the specification; this lends support to the supposition that 

failing to distinguish between economic effects resulting from unemployment and 

economic effects resulting from growth will confuse the net effect on physical health and, 

moreover, instigate the adoption of ineffective or inefficient policy decisions. 

 The random effects coefficient estimates differ quite drastically from the fixed 

effects estimates with respect to the direction of the relationship between the economic 

indicators and physical health status.  All eight specifications presented in Table 9 produce 

negative and significant coefficient estimates on the unemployment rate; this outcome 
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directly corresponds to the relationship observed by Ruhm.  Unfortunately, the coefficient 

on the economic growth indicator also becomes negatively correlated with overall physical 

health status in all of the specifications in which it is included, regardless of how possible 

autocorrelation is addressed. 

 While the results from the physical health estimations may seem ambiguous, if we 

stick with those recommended by the Hausman test and the test for autocorrelation we 

find definitive evidence that reproduces the effects we witnessed in the corresponding 

mental health estimations.  More specifically, we find evidence to support Brenner’s 

findings of more than three decades ago that increases in the unemployment rate may be a 

driving force behind mental health deterioration.  We also find evidence to support 

Brenner’s belief that a complete model of mental health status will also include an 

indicator of economic growth and whose direction corresponds with the intuition that 

more rapid rates of economic growth can have undesirable health outcomes.  We are only 

able to corroborate Ruhm’s findings to the extent that they are transferable to the 

economic growth indicator. 
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CHAPTER 8: DISCUSSION 

 Our results enhance the findings of existing literature.  We were able to obtain and 

test for both Brenner’s (1973) and Ruhm’s (2000; 2003; 2005) results in one framework.  

While in the most preferred model we find strong evidence favoring Brenner, in less 

favorable but valid models we were able to confirm Ruhm.  The obvious conclusion is that 

both effects operate contemporaneously, with one overcoming the other across different 

circumstances; however, policymakers must address both effects. 

 Especially during economic expansions, we need to establish policies that 

encourage the pursuit of positive health behaviors.  For older Americans — the vast 

majority of whom do not work — we may need to think of alternative policies: while they 

are affected by transitory economic fluctuations, the most obvious policy options are 

targeted at working-age people, not the retired or nearly retired.  One possibility is to 

encourage policies that assist older Americans with establishing more intimate social 

network.  Consistently, we found evidence indicating married individuals experience better 

mental and physical health than their non-married counterparts.  If we consider marital 

status as an indicator of the existence of a reliable social support system, then it becomes 

clear that need to find ways to encourage the development of such relationships among 

older Americans. 

 Presumably, some of these findings transfer to younger generations as well.  This 

produces an array of policy implications.  To reduce the stress of employment and create 

incentives to engage in physical exercise, there are several policies that could be adopted.  

Some are more appropriately addressed by lawmakers: most employers adopt policies 

38 



 

guaranteeing smokers a 15-minutes smoke break for every fours hours they are at work; 

employers with such policies should also be required to grant similar breaks to those who 

prefer to take a walk, run, or other exercise break in lieu of a smoke break.  Other policies 

are more suitably adopted at the company or local level: large companies could have 

weight loss races across departments (which department is the biggest loser?), while 

smaller companies could band together and hold weight loss races across companies.  

Insurance companies and government should encourage both of these possibilities: they 

provide justification for lower premiums.  Government could mandate permissions to 

equalize the competition. 

 Other options could work to reduce the stress arising from unemployment or the 

potential for unemployment.  Restricting overtime, imposing mandatory closings on 

Saturdays and Sundays, and more effectively protecting the jobs of workers who use 

extended vacation time or maternity leave (which many still may choose not to use for 

legitimate fear of losing their jobs upon return to work) could all reduce the stress 

associated with fear of unemployment.  Extending COBRA coverage — from three 

months to as much as an entire year — would reduce the stress arising from 

unemployment.  Moreover, government could mandate that insurance companies apply no 

pre-existing conditions to someone who was employed, lost his/her job, and found 

another job within, say, five years. 

 Admittedly, these are rather controversial options that, in a conservative 

administration that fears extending mandatory entitlement obligations, have little chance of 

coming to fruition.  Yet bringing them to the floor of the House or Senate — or to the 
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board room table — for discussion could encourage lawmakers, board members, and 

other policy makers to devise less controversial options that alleviate the strains on mental 

and physical health exerted by economic fluctuations. 

 As noted in Chapters 6 and 7, the evidence resulting from this essay is nuanced, 

hinting at contradictory forces operating simultaneously.  This could be an artifact 

traceable to using the reduced form model and the average age in the sample: we derive 

net effects under a reduced form model, which means that in the presence of two 

competing influences we don’t see the specific impact of each influence.  Alternatively, the 

effects captured by Brenner and Ruhm may be more readily exposed if we incorporate 

lagged economic effects into the model instead of current economic effects.  These are 

both possibilities for future research. 
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