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JEL classification codes: I10; J01  

 

Keywords: Mental Health; Employment; Seasonal Affective Disorder 

                                                 
*
 I would like to thank Kelly Aschbrenner, Jane Cooley, Ben Cowan, Tom DeLeire, Richard Dunn, Jason Fletcher, 

Malcolm Gold, Charles Hokayem, Don Kenkel, John Mullahy, Jack Porter, Alan Spearot, Chris Taber, Rachel Tefft, 

Paul Tetlock, Dave Vanness, Jessica Vistnes, Bobbi Wolfe, members of the UW-Madison Public Workshop and 

health economics seminars, and many others for their advice. This investigation was supported by the National 

Institutes of Health under Ruth L. Kirschstein National Research Service Award No. T32 MH18029-21 from the 

National Institute of Mental Health, but all views expressed in this paper are my own. 

mailto:nwtefft@wisc.edu


 2 

1. Introduction 

In recent years, researchers have combined improved theoretical and empirical 

techniques with more comprehensive data availability to demonstrate that mental health status 

plays a significant role in the development of health and human capital and their consequent 

outcomes.  As an example, Currie and Stabile (2006) examine the effects of Attention Deficit 

Hyperactivity Disorder, the most common mental health diagnosis among children, on test scores 

and schooling attainment.  They find significant negative effects on each, and they argue that 

mental health conditions are perhaps more important determinants of economic outcomes than 

are physical health conditions.  However, because of the high prevalence of mental disorders
2
 

and the relatively low concomitant treatment utilization
3
 there is reason to believe that their 

effects are underappreciated. 

Employment outcomes are a set of economic variables that have been heavily studied in 

economics because of their prominent role in individual lives and the economy as a whole.  

There is a large literature examining the relationships between labor market outcomes and 

overall health, with a wide range of focus in terms of stratification along individual 

characteristics and geographical locations.
4
  In the next section I discuss the subset of these 

studies that explore the effects of mental health measures and clinical diagnoses on employment 

outcomes. 

In this paper, I explore the effects of mental health on employment.  For the primary 

analysis, I use data collected by the Behavioral Risk Factor Surveillance System (BRFSS).  

Within the broader context of mental health I focus on symptom measures related to mood 

                                                 
2
 Kessler et al. (2005b) and Kessler et al. (2005) find that the 12-month and lifetime prevalence of all mental 

disorders in the U.S. are 26.2% and 46.4%, respectively. 
3
 For example, Kessler et al. (2007) find that only 20.9% of individuals with 12-month major depressive disorder 

received adequate treatment. 
4
 The seminal work on the relationship between health and labor supply is Grossman (1972).  
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disorders that occur within approximately one month prior to respondent interviews.  The goal of 

the analysis is to explore the short term effects of these symptoms on employment outcomes. 

I propose a new instrument that is associated with Seasonal Affective Disorder (SAD).  

Since SAD is identified as the seasonal onset of depressive symptoms or episodes it is likely to 

have a significant effect on some of the mental health measures explored here.  I argue that the 

SAD instrument is conditionally uncorrelated with unobserved employment effects, so I am able 

to correct for simultaneity bias.  In this sense, the SAD instrument allows for a novel and 

powerful approach in estimating the effects of mental health symptoms of mood disorders on 

employment outcomes.  For unmarried individuals, I find that an additional day of poor overall 

mental health (of the last thirty days) decreases the probability of employment by over five 

percentage points and increases the probability of unemployment by under five percentage 

points.  Ordinary least squares (OLS) models therefore underestimate the transition from 

employment to unemployment and out of the labor force due to mental health problems. 

In Section 2, I discuss previous studies that have explored the relationship between 

mental health and employment, with a focus on previous examples of instrumental variables 

estimation (IV) .  Next, I outline the literature surrounding the epidemiology of SAD and detail 

the connection between SAD and the question at hand.  In Section 3, I describe the empirical 

strategy, both for constructing the SAD instruments and for the estimation procedure.  Section 4 

describes the data used in the analysis, and Section 5 presents the main results and robustness 

checks.  In Section 6, I discuss the results and other considerations, and in Section 7, I conclude. 

 

2. Background 

A. Mental Health and Employment 
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Before an individual makes direct decisions regarding employment, her trajectories of 

human and health capital accumulation may be influenced by early home environment or health 

status.  The process of human capital accumulation may be interrupted by idiosyncratic shocks to 

mental health status, leading to both a redirection of resources towards improving mental health 

and decreased productivity in other areas.  After entering the labor market unobserved shocks or 

behaviors may affect both mental health and employment outcomes.  Slade and Salkever (2001), 

for example, show that mental health care utilization is often overlooked and yet is likely to be 

endogenous in this context. 

In the labor market, mental health may condition the job matching process.  A depressed 

individual may be less motivated to enter the job market in the first place, and upon entering, she 

may take less initiative.  After securing an interview, an individual with impaired mental health 

may be less likely to attend or perform well at the interview.  Hamilton et al. (1997) find 

beneficial effects of good mental health on employability.  Slade and Salkever (2001) find that, 

among adults diagnosed with schizophrenia, negative symptoms (in this context, those indicating 

deficits in personality characteristics), and symptoms of depression have adverse effects on 

employment in supported and non-supported jobs. 

Individuals with poor mental health may require more sick leave, thus reducing their total 

production.  Also, productive efficiency may be lower among individuals with poor mental 

health through direct performance effects or insofar as they devote more attention to symptom 

management while working.  Berndt et al. (1998) find that a reduction in the severity of 

depression improves perceived work performance.  Zuvekas and Hill (2000) find that drug and 

alcohol dependence and abuse among the homeless are negatively associated with higher work 

activity.  Productivity effects may slow wage growth or hasten termination.  Catalano et al. 
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(1999) explore whether or not individuals with severe mental illness are at greater risk of layoff 

than other workers when the economy contracts, but they find no strong evidence for this.  

Mullahy and Sindelar (1996) find that alcohol abuse and dependence decrease the probability of 

employment and increase the probability of unemployment. 

On the other hand, employment experiences may affect mental health.  A new job or 

increased responsibility may raise stress and anxiety, perhaps as a result of long work hours.  An 

involuntary substitution of work hours for leisure may not allow for protective investment in 

mental health, thereby increasing the likelihood of the onset of depression or anxiety disorders.  

In some cases, the increased stress of work could trigger more severe forms or episodes of 

mental disorders.  Evidence for the varying effects of job environments is provided by Llena-

Nozal et al. (2004), who find that mental health outcomes differ by occupation among women. 

On the other hand, increased income due to employment may partially offset mental health 

effects since the individual will be able to purchase more or higher quality mental health care. 

The process of ending employment, either voluntarily or involuntarily, may affect mental 

health.  These effects are ambiguous since the individual will likely have lower income but may 

endure lower stress levels.  Especially in the case of involuntary unemployment, the loss of 

income may dominate, leading to worse mental health outcomes.  In either case, individuals who 

view work as providing daily structure may experience a decline in mental health after becoming 

unemployed.  Bjorklund (1985) shows mixed evidence with respect to the effects of 

unemployment on mental health.  Theodossiou (1998) finds that unemployed individuals 

experience greater declines in mental health outcomes, even compared to individuals with low-

paid employment. Dave et al. (2006) show that retirement is associated with significant declines 

in both physical and mental health.   
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Evidently, the relationship between mental health and employment operates through 

many channels, and endogeneity is an important concern.  Some studies have addressed this 

problem using individual fixed effects models
5
, instrumental variables such as state level 

legislation
6
, or social support variables and prior health status.

7
  Because the collection of 

previous attempts at fully addressing endogeneity is small and the applications are in many cases 

specific, further work in this area is warranted. 

 

B. Seasonal Affective Disorder (SAD) 

SAD is a condition that can be characterized as a susceptibility to the onset of depressive 

episodes or related symptoms according to a seasonal pattern.  The seasonal pattern most often 

peaks in the fall and winter, although less frequently it peaks in the spring and summer months.
8
  

It is estimated that up to 10 million persons in the United States each year have symptoms that 

satisfy the clinical classification of SAD. However, it is believed that up to 25 percent of the 

population may suffer from significant seasonality, or what is known as "subsyndromal SAD."  

A similar incidence exists in other nations around the world.  Sohn and Lam (2005) discuss a 

physiological basis for the disorder, which is understood to be a set of responses triggered by 

seasonal environmental cues. 

Clinically, SAD is defined as a "seasonal pattern specifier" of major depressive episodes 

that occur in major depressive disorder or bipolar disorder.  In other words, SAD is a designation 

applied to the subset of major depressive episode diagnoses which are best explained by seasonal 

patterns. Symptoms of SAD include, in addition to symptoms of depression, a weakened immune 

                                                 
5
 See Berndt et al. (1998), Bjorklund (1985), Currie and Stabile (2006), Dave et al. (2006), and Llena-Nozal et al. 

(2004). 
6
 See Mullahy and Sindelar (1996). 

7
 See Hamilton et al. (1997). 

8
 This is referred to as "Summer SAD."  See Partonen and Rosenthal (2001). 
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response, increased sleeping, overeating, weight gain, and a craving for carbohydrates.  Table 1 

lists the specific criteria used in clinical diagnoses.
9,10

   

Researchers have investigated the determinants of SAD with the goal of identifying 

environmental cues that account for the onset of SAD.  The disorder has been strongly associated 

with the fall and winter months, and it has also been identified as more prevalent at greater 

latitudes.  These observations suggest that daylight length (photoperiod) is a likely explanatory 

factor, but its strong correlation with other environmental variables requires further analysis.
11

  

Some of these potentially confounding variables include sunshine in winter, temperature, and 

global and solar light exposure.
12

 

Although it is clear that the epidemiology of SAD is an active area of research, there is an 

accumulation of evidence suggesting that latitude plays a role.  The relationship appears to be 

driven by a physiological response to light exposure as evidenced by the fact that many of the 

other correlated determinants operate through a similar mechanism.  Perhaps the most direct 

evidence for this relationship is in assessments of SAD treatments.  The most effective SAD 

treatment has been found to be light therapy, where an individual exposes himself to high 

intensity light, often in the morning or outside the range of normal daylight hours.
13

   

 

                                                 
9
 See American Psychiatric Association (2000) for a full discussion of the clinical characteristics of SAD. 

10
 Interestingly, the diagnostic criteria for SAD explicitly exclude situations in which the depressive episodes are 

better explained by "seasonally linked psychosocial stressors (e.g., seasonal unemployment or school schedule)."  In 

theory, then, straightforward use of data on SAD diagnoses might produce unbiased estimates of employment 

outcomes in an OLS framework.  The complicated relationship between employment and mental health likely leads 

mental health professionals to make this distinction with error, however, so an instrumental variables approach is 

warranted. 
11

 For a recent discussion of the currently active literature with respect to SAD and latitude, see Magnusson and 

Partonen (2005).  Issues that have yet to be resolved include the stronger latitude effects measured in the U.S. than 

in Europe, differing results between self-diagnoses and clinical assessments, differences between ethnic groups (in 

particular, those who may have acclimated to SAD over time), and issues of selection in epidemiological studies. 
12

 Examples of studies that explore these relationships include Molin et al. (1996), who use stepwise regression 

techniques to identify length of day as having the largest correlation with SAD onset, and Young et al. (1997), who 

study the onset of SAD across locations within a year and across years within a location. 
13

 See Golden et al. (2005) for a meta-analysis of the efficacy of light therapy. 
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3. Empirical Strategy 

A. The SAD Instrument 

I construct a set of SAD instruments that consists of the main instrument and an 

additional variable used to check robustness.
14

  Both variables are based on the negative 

deviation from the overall mean photoperiod for a given date (day of year) and latitude.  The 

negative photoperiod deviation is defined as the number of hours of darkness relative to the 

mean (12 hours) during a 24 hour period.  The main instrument is constructed by interacting the 

negative photoperiod deviation with a binary indicator of the fall and winter months (defined as 

between the fall and spring equinoxes), while the second variable is itself the negative 

photoperiod deviation. 

 Young et al. (1997) note that only 10 percent of SAD cases occur prior to the fall 

equinox (also known as "summer SAD"), so there appears to be a significantly diminished 

relationship between photoperiod and SAD during the spring and summer months.  To reflect 

this, the main instrument builds in a zero effect assumption by truncating the negative 

photoperiod deviation at zero for the spring and summer months.  Previous findings regarding 

photoperiod effects predict that the first stage coefficient on a symptom associated with SAD 

will be positive. 

The bulk of the analysis uses only the main instrument (implying that the models are just-

identified in these cases), but I also allow for summer SAD effects by adding the second 

instrument to some specifications.  In the specifications with paired instruments, the second 

variable picks up the potentially weaker effect of latitude in the spring and summer months while 

                                                 
14

 For a similar construction see Kamstra et al. (2003).  My set of variables improves on their index, however, in that 

it allows for a more flexible specification (to identify separate effects across fall/winter and spring/summer).  Also, 

my specification does not suffer from other criticisms, such as "overlapping dummy variables" noted by Kelly and 

Meschke (2007). 
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the main variable picks up the incremental effect in the fall and winter. Therefore, previous 

findings predict that the first stage coefficient on the full photoperiod variable will  be negative 

and smaller in absolute value and the coefficient on the truncated variable will  be positive and 

larger in absolute value. 

I make an adjustment to the two variables because of the time structure of the symptom 

measures.  The symptom measures are coded for specific durations, in each case thirty days prior 

to the interview date.  In order to most accurately capture the effects of photoperiod on the 

measure in question, I calculate an average of the negative photoperiod deviation across the 

appropriate lag prior to the interview date.  For the main variable, I calculate the lag average 

after truncation.  Because the measures do not suggest any specific weighting procedure across 

the lag periods, I simply weight each day equally.  This set of averages, specific to each 

symptom measure, is the final set of SAD instruments used in the analysis.   

In order to calculate the instruments, I first calculate the sun's declination for each 

interview date, which is the angle between the earth's axis and a ray from the center of the sun 

passing through the center of the earth.  For the northern hemisphere this is, 

(1)   ( )ù
ú

ø
é
ê

è
-= 25.80

365

2
sin*4102.0 tt daydec

p
. 

Here, dayt is the number of the day of the year corresponding to the interview date, which varies 

between 1 and 365 (366 in leap years).  Next, the number of hours of darkness on the given 

interview date for latitude l is, 

(2)   ( )ù
ú

ø
é
ê

è
-= ttl dec

l
hrs tan

360

2
arccos*72.712

p
. 

Equation (A2) is a reduced form calculation that can be motivated as first using the sunôs 

declination angle to determine the solar terminator (defined as the boundary between the half of 
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the earth in sunlight and the shadowed half) and then calculating the proportion of the earthôs 

rotation that a point on the given latitude is in sunlight.  The hrst variable is truncated during the 

spring and summer in constructing the main variable, which is 

(3)     
ý
ü
û

í
ì
ë <
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,

0,0
. 

The final set of SAD instruments, composed of two variables, is then calculated as an 

unweighted average of hrstl and hrstl, respectively, across the lag i relevant to the variable of 

interest.  These are given by, 
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In order to illustrate the calculation of the SAD instruments, I show scatter plots of the 

major stages of its construction using BRFSS data (see the Data section for sample details).  

Figure 1 shows the number of hours of darkness relative to the overall mean (12 hours) for all 

observed counties over the year.  In other words, Figure 1a is a graphical representation of hrstl 

calculated in equation (2).  Note that the scatter plot takes on the expected sinusoidal shape over 

the year.  In addition, the peak of the mean occurs at the winter solstice, the trough occurs at the 

summer solstice, and the curve crosses the zero line at each of the equinoxes.  Points farther from 

the zero line have greater latitudes, which represent the northern states (note that data for Alaska 

counties are not available). 

Next, Figure 1b shows the tlhrs  variable calculated in equation (3), which is the same as 

Figure 1a except that the variable is truncated at zero during the spring and summer.  Again, this 

variable is included in order to allow for heterogeneous latitude effects between the fall/winter 

months and the spring/summer months.  Figures 1c and 1d depict the set of SAD instruments Stl 
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calculated in equation (4).  Because the instruments are averages of hrstl and tlhrs  lagged over 

30 days prior to the interview date, these variables are dampened versions of the scatters shown 

in Figures 1a and 1b.  The amplitudes of the peaks are smaller, and the lines that are tangent to 

the inflection points have smaller slopes in absolute value.  Overall, though, it is evident that 

much variation is preserved even after accounting for the lag periods. 

 

B. Empirical Framework 

 The estimation is motivated by the following hybrid model based on a labor supply 

function and a health demand function:
15

 

(5)   ( )e,,, YXMEE=  

(6)   ( )m,,, YXEMM =  

where E is a measure of employment status (the set of which includes binary variables indicating 

employment or unemployment), M is a measure of mental health status, X is a vector of 

demographic characteristics, Y is a vector of environmental characteristics (shared by individuals 

in a given geographical area), and Ů and ɛ are unobserved. The unobserved variables likely have 

shared components, including cross-equation, time-varying idiosyncratic shocks (for example, 

the death of a family member) and unobserved individual level fixed effects (for example, early 

childhood family environment).  A least squares estimation of a linear version of (5) would 

produce biased estimates since M depends on E in (6) and because there are unobserved 

variables correlated with both M and E. 

                                                 
15

 Since wage information is unavailable I do not model labor supply directly. The first equation, then, is a model of 

the reduced form effect of health status on employment status.  The second equation is motivated by the reduced 

form equation of health demand derived in Grossman (2000) and Wagstaff (1986). 
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The analysis is conducted using standard IV techniques in linear models.  As a 

comparison, I also estimate OLS models. For person i in geographical area g at time t, the OLS 

models are versions of, 

(7)  igtgtgtigtxigtmigt XME enadalaaaa ndl ++++++= 0  

where Ŭôs and ɓôs are coefficients, ɚ is a vector of time dummy variables, ŭ is a vector of 

geographic dummy variables, and ɜ is a vector of characteristics measured at the location-by-

time level.  Here, the coefficient of interest is Ŭm, which is the marginal effect of mental health 

on employment status. The vector of demographic variables consists of controls for age, sex, 

race, and education level.  In addition, I include total monthly precipitation and mean monthly 

temperature
16

 as well as interview year and month fixed effects to control for annual and 

seasonal labor market cycles.   I explore additions to these control variables, such as geographic 

fixed effects and county level labor market measures, when testing robustness. 

The IV models are of the form: 

(8)  igtgtgtigtxigtsigt XSM mnbdblbbbb ndl ++++++= 0   

 (9)  igtgtgtigtxigtmigt XME enadalaaaa ndl ++++++= Ĕ
0  

Here, Sigt is the SAD instrument.  The system is estimated using two stage least squares, in which 

predicted values of Migt are obtained by estimating equation (8), and the predicted values igtMĔ are 

used in place of Migt in estimating equation (9) in the second stage.  The demographic control 

variables are the same as in the OLS models, and I present results from a collection of 

specifications that include controls such as year and month fixed effects.  The identifying 

                                                 
16

 Following the epidemiology literature, precipitation and temperature are believed to have separate effects on 

mental health status, but they are correlated with photoperiod (and total light exposure).  They cannot be excluded 

from the second stage because they may affect patterns of employment in ways other than through mental health 

status. 



 13 

exclusion restriction is that Sigt does not enter the employment status equation except through its 

effect on mental health status.  Later, I will discuss the validity of this assumption. 

As noted above, all of the estimated models are linear probability models.  Models 

ignoring the endogeneity of labor supply and mental health are also linear to allow for more 

straightforward comparisons with the IV models.  The reported employment variables are binary 

variables indicating whether or not an individual is included in the given employment status 

category.  Therefore, second stage (and OLS) coefficients may be interpreted as marginal 

changes in the probability that an individual falls in a given employment status category.   

 

4. Data 

For the analysis I use data from the 1994 to 2005 waves of the Behavioral Risk Factor 

Surveillance System (BRFSS).  BRFSS is a repeated cross-section survey that is conducted 

annually by state and U.S. territory health departments with support from the Centers for Disease 

Control.  Its intended purpose is to alert federal, state, and local officials to changing health risks.  

Because BRFSS includes a large number of respondents distributed across the nation and its 

territories, it offers a comprehensive look at overall patterns of health.  Table 2 shows population 

weighted summary statistics for the subset of BRFSS response variables used in the analysis (as 

well as additional merged variables).  I restrict the analysis to the 50 U.S. states and the District 

of Columbia. 

A benefit of the data structure is that in many cases geographical information is available 

at the county level, providing a rich set of variation in latitudes.  I use the latitude of the countyôs 

center of population
17

 in calculating the SAD instrument. BRFSS only reports the county 

identifier for a given year if at least 50 observations are collected for that county, and excluding 

                                                 
17

 Calculated as a part of the 2000 U.S. Census, this is the population-weighted centroid. 
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observations with missing county identifiers reduces the original sample by 22%.  I also include 

total monthly precipitation and mean monthly temperature at the county level in order to control 

for weather effects that may influence either labor market conditions or mental health status.
18

  

Dropping observations with missing precipitation and temperature values removes a further 29% 

of the sample.   

In addition to county availability restrictions, I restrict the sample to those individuals 

between the ages of 25 and 59 in order to limit the possibility that education and retirement are 

viewed as alternatives to employment.  This restriction reduces the sample by 35%.  Next, I 

exclude married individuals in order to bypass concerns about intra-family dynamics with 

respect to labor supply, leaving 39% of the remaining sample.  Although Magnusson and 

Partonen (2005) suggest that there may be differing latitude effects on mental health symptoms 

across the sexes, I focus on the combined sample of men and women.
19

  I also compare the full 

sample results to separate results for men and women.
20

 

I drop missing observations for variables included in the main analysis and robustness 

checks.  I include binary variables for black and Hispanic race/ethnicity as well as for graduating 

from high school and college.  Dropping missing variables for these demographic controls 

reduces the sample size by only 1%.  For some specifications, I add other county level variables 

including unemployment rate, farming and construction industry job proportions, log mean 

                                                 
18

 I merged in weather data acquired from the National Climatic Data Center (NCDC).  The data sets used were the 

Summary of the Month Cooperative Data, #DSI-3220, from 1994-2005.  County information is incomplete, 

however.  Thus, in order to assign temperature and precipitation values to a given county, I calculated the average 

climate variable value across the five closest weather stations located within a 50 mile radius, weighted by the 

square of the station's great circle distance from the center of population. 
19

 Wald tests that the SAD instrument coefficients are different across samples stratified by sex (in a multivariate 

regression setting) yield a p-value of 0.001 and 0.2 for the days and binary dependent variable specifications (see 

Table 7).   
20

 Because of the mixed results reported in the previous footnote, I break out results for men and women in some 

cases.  Since I am considering only unmarried individuals, differences across the sexes are potentially reduced 

because issues like spouse labor specialization and traditional household production roles may be eliminated. 
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income, and the proportion of the population who are veterans.
21

  Removing missing 

observations for these variables reduces the sample by a further 3%, yielding a final sample size 

of 312,784 respondents. 

BRFSS provides data on questions relevant to both employment and mental health.  

Respondents are asked, "Are you currently [employment status]?" where [employment status] 

can take on the values "Employed for wages"; "Self-employed"; "Out of work for more than 1 

year"; "Out of work for less than 1 year"; "A homemaker"; "A student"; "Retired"; or "Unable to 

work."  In the empirical analysis that follows, I aggregate these into more relevant categories, 

namely "employed", "unemployed", or "out of the labor force."  In particular, I aggregate 

"Employed for wages" and "Self-employed" into the category "employed", "Out of work for less 

than 1 year" into "unemployed", and all other responses as "out of the labor force."
22

  

BRFSS includes several health-related quality of life (HRQOL) measures including the 

core Healthy Days measures and additional questions in the Quality of Life Optional Module.
23

  

The question used in the analysis is a measure of overall mental health (noted as ñOverallò in the 

tables) which asks, "Now thinking about your mental health, which includes stress, depression, 

and problems with emotions, for how many days during the past 30 days was your mental health 

not good?"  This measure has a high response rate across all periods and states, and Figure 2 

depicts its density.  Because the density is skewed towards zero I also report estimation results 

where the dependent variable is an indicator for any days reported. 

                                                 
21

 Unemployment rates were drawn from U.S. Census Population Estimates and the Local Area Unemployment 

Statistics provided by the Bureau of Labor Statistics.  Information on the farming and construction industries as well 

as log mean income were calculated using data from the Regional Economic Accounts provided by the Bureau of 

Economic Analysis.  The proportion of veterans located in each county was calculated from 2000 U.S. Census data, 

so this measure does not vary across years. 
22

 Although it is unlikely that these categories map directly to employment categories as defined by the Bureau of 

Labor Statistics (BLS), my aggregation criteria were based on most closely approximating the mean annual levels of 

employment, unemployment, and labor force participation reported by BLS. 
23

 See Centers for Disease Control and Prevention (2000) for a full discussion of the HRQOL measures included in 

BRFSS. 
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The Healthy Days questions also include measures of more specific symptoms, all of 

which are based on the same temporal structure as the overall mental health question.  They 

include questions about feeling ñsad, blue, or depressedò (noted as ñBlueò); feeling ñworried, 

tense, or anxiousò (noted as ñStressedò); lack of rest or sleep (noted as ñTiredò); and feeling 

ñvery healthy and full of energyò (noted as ñEnergyò).  Since these more specific questions are 

included in an optional module, they are selected for survey inclusion by fewer states and in 

fewer years within the sample period (depicted in Figure 3).  The sample sizes available for 

estimation are considerably smaller than for the general mental health question.  Because of 

opaque selection mechanisms and small sample sizes I do not include them in the analysis. 

A benefit of the overall mental health question is that it is asked in a convenient time 

frame.  Specifically, it refers to symptoms in the 30 days prior to the interview date.  This time 

frame is large enough to pick up variation in the proportion of time that an individual 

experiences it.  Although I am unable to perfectly assign SAD instrument values to the exact 

days in which symptoms were experienced, an average over the time period of 30 days does not 

significantly dampen variation in the SAD instrument necessary for identification.  For these 

reasons, the lags over which these questions are asked in BRFSS are well suited for an analysis 

of photoperiod effects. 

To complete the description of the data, each set of results described in the next section 

includes demographic controls (sex, race, and education status) as well as weather (precipitation 

and temperature). In addition, all specifications include year and month dummy variables to 

control for annual and seasonal labor market cycles.  Further refinements to the baseline 

specification are described in the Robustness Checks section. 
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5. Results 

A. Main Results 

Tables 3 through 12 include the results, in all cases using BRFSS survey weights.  They 

include first stage and IV estimates with robustness checks as well as OLS results and the 

reduced form effects of the SAD instrument on employment status.  In most cases the full  sample 

is used, but I also report disaggregated results.  Examples of each regression model (i.e. first 

stage, IV, OLS, etc.) show coefficients for additional controls, but in most cases these are 

suppressed. 

The first stage results for the preferred specification reveal expected patterns.  In Table 3 

the coefficient on the SAD instrument (used interchangeably with ñphotoperiod effectò for the 

remainder of the paper) is positive and significant at the five or one percent level for days and for 

the binary variable.  This is interpreted as a shorter photoperiod (more darkness) leading to more 

reported days of the overall mental health measure.  The columns under the header ñFlexibleò 

report regressions that include the non-truncated SAD variable.  They show similar results to the 

base specification, so I use the more parsimonious specification for the remainder of the analysis. 

Before considering the IV results, Table 4 shows the reduced form effects of the SAD 

instruments on the probability of employment and unemployment.  Men and women are also 

considered separately.  The SAD instrument shows modest effects on both employment and 

unemployment with the same signs that are expected for negative mental health symptoms. 

The main results of the paper are shown in Table 5.
24

  The coefficients have the expected 

signs in that the effect of ñOverallò mental health decreases the probability of being employed 

                                                 
24

 I include the Cragg-Donald F-statistic (CDFS) for each IV regression as a test of the strength of the SAD 

instrument.  According to Stock and Yogo (2002), tests of weak instruments in the case of one endogenous regressor 

and three exogenous instruments are as follows. For an estimated significance level of 5% the IV coefficient could 

have an actual significance level of at most 10% if the CDFS is at least 19.93, 15% if the CDFS is at least 11.59, 
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while it increases the probability of being unemployed.  In general, the former is slightly larger 

in absolute value, suggesting that the net flow is out of the labor force (calculated as the sum of 

the instrument coefficients for analogous employed and unemployed models).  Every coefficient 

is estimated at the 10% percent level (or more precise) for the full sample.  Results for the days 

symptom measure center roughly around five percent while results for the binary symptom 

measure center roughly between forty and fifty percent in absolute value. 

For comparison, Tables 6 shows OLS estimates in models that ignore the endogeneity of 

mental health symptoms.  They are markedly different from the IV estimates.  For the full 

sample, the reduction in the probability of employment is about six times weaker than in the IV 

case.  The result is similar for the probability of unemployment.  Taken together, this implies a 

greater movement out of employment towards unemployment and out of the labor force when 

considering the IV estimates relative to the OLS estimates.  These differences are in part due to 

the correction of endogeneity but also in part due to identification only on those individuals 

whose symptoms are potentially affected by photoperiod.
25

 

 

B. Robustness Checks 

i. First Stage 

In this section I explore alternative specifications and sample stratifications.  Tables 7a 

and 7b display specification checks for the first stage.  The ñBaseò specification shows the same 

baseline results as those reported earlier.  The ñCnty Varsò column includes county level 

                                                                                                                                                             
20% if the CDFS is at least 8.75, and 25% if the CDFS is at least 7.25.  Also, the IV estimate could have a bias 

relative to the OLS estimate of at most 0.05 if the CDFS is at least 13.91, 0.10 if the CDFS is at least 9.08, 0.20 if 

the CDFS is at least 6.46, and 0.30 if the CDFS is at least 5.39.  They do not report critical values for the weak 

instrument test of IV bias relative bias for only one or two instruments, but the critical values are smaller in these 

cases (so the above values are conservative cutoffs).  The SAD instrument is stronger in specifications with the 

binary mental health measure but is weaker when estimating days for men and women separately.  In the weaker 

cases, I leave it up to the reader to determine the appropriate cutoff for the relevant application.   
25

 Formally, Imbens and Angrist (1994) define this as a local average treatment effect (LATE).  
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measures intended to more fully capture local labor market conditions relevant for SAD, 

including unemployment rate, the proportion of jobs in the farming and construction industries, 

the log mean income, and the proportion of residents who are veterans.  The results between 

these two columns are very similar for both days and the binary variable.  The ñRegionò and 

ñStateò columns include dummy variables to control for geographic heterogeneity, and they 

somewhat reduce the photoperiod effect.  However, the coefficient for ñStateò is not significant 

in either table, possibly because these controls mechanically reduce variation in the SAD 

instrument, especially in smaller states.  The final column in Tables 7a and 7b show results after 

removing observations for December and January since winter holidays may generate labor 

market conditions and stressors
26

 that are not picked up by the month dummies. As in the 

specifications with geographic controls, the photoperiod effects are reduced.  This is possibly 

because, also like the geographic specifications, dropping these months directly reduces variation 

in the SAD instrument but in this case across time (rather than across latitudes). 

It is often a helpful, if not definitive, check to compare first stage results with results from 

similar regressions that include dependent variables not expected to be correlated with the 

instrument.  I regress a measure of poor overall physical health days and BMI on photoperiod 

and covariates, and the results of these negative tests are shown in Table 8.  It might be expected 

that physical health and BMI are related indirectly to photoperiod through mental health, but the 

relationship is likely weak over a time horizon of only thirty days.  The results in Table 8 are 

consistent with this hypothesis since the photoperiod effects on physical health and obesity are 

not significant. 

 Table 9 shows first stage results for selected sample stratifications.  The results are mixed 

when comparing men and women separately in the sense that a Wald test reveals a significant 

                                                 
26

 Partonen and Rosenthal (2001) call this the "holiday blues." 
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difference for the days variable but not for the binary variable.  Perhaps somewhat more distinct 

are the sub-samples of respondents who were never married and once married, with significant 

differences for the days and binary variables.  Although the coefficients are significantly 

different, the effects are arguably small, particularly in the binary variable case.  Although Wald 

tests of groups with and without any health insurance do not show significant differences, the 

coefficient estimates suggest that there are perhaps greater photoperiod effects for the uninsured.  

A similar overall pattern when stratifying by income level suggests that individuals with low 

income and without health insurance may suffer the greatest photoperiod effects.  Finally, 

individuals who are less than or equal to 40 years old appear to suffer greater photoperiod effects 

than those who are older than 40. 

ii. Instrumental Variables 

 Analogous Robustness checks for the IV estimates are shown in Tables 10 through 12.  

First, Tables 10a through 10d report results for alternative specifications.  Broadly speaking, the 

results are similar to those reported in the first stage specification checks in that the coefficients 

are modestly reduced after introducing relevant county level controls.  The county level controls 

have a larger impact in the second stage than in the first, but this is not surprising since many of 

them are direct measures of labor market conditions.  Only one of the twelve specifications that 

restrict geographic or time variables (those in the ñRegionò, ñStateò, and ñHolidaysò columns) 

shows significant results, perhaps because of the restrictionsô direct reduction of the variation in 

the SAD instrument, as discussed earlier. 

 Table 11 explores an alternative estimation model in which the IV equations for 

employed and unemployed status are estimated jointly.
27

  This is warranted since employed and 

                                                 
27

 The econometric toolbox has few options for a multinomial variable model in the context of instrumental 

variables estimation.  I estimate a model proposed by Heckman and Macurdy (1985) and implemented by Mullahy 
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unemployed are more appropriately modeled using a multinomial structure (along with the 

excluded variable, out of the labor force).  The results are nearly identical to those obtained when 

estimating the models separately using the IV GMM estimation procedure, as shown in the table.  

Al though the coefficients appear to be the same, they are in fact different at greater decimal 

places (some coefficients on the control variables, not shown, are in fact more obviously 

different).  Also, the standard errors are larger under the joint estimation procedure. 

 Table 12 shows results for IV estimation when using the second, third, and fourth 

roots of the mental health measure (in days).  These checks are intended to bridge the gap 

between the count and binary measures in the sense that the dummy variable indicating positive 

symptom days is the limit of the root function in this context: 
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From a psychological perspective, the nth root is an intuitive way to represent that, in the second 

stage of the IV estimation, there may be a diminishing marginal effect of days with adverse 

mental health symptoms on employment outcomes (indeed, the assumption in the binary variable 

specification is that there is zero marginal effect after the first day).  The F-statistic is larger with 

greater roots, suggesting that the instrument is stronger for greater roots (at least, for those 

shown).  Additionally, the coefficients on the mental health measure are estimated with greater 

significance for greater roots.  These results may suggest that models of diminishing marginal 

effects on employment are appropriate. 

 Finally, Table 13 reports IV results for selected stratified samples.  Coefficients for men 

and women are in most cases not significantly different.  As in the first stage, most of the models 

                                                                                                                                                             
and Sindelar (1996).  It is essentially a GMM IV estimation procedure using additional information about the cross-

equation correlation of unobservables when building the estimation weights. 
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fail a Wald test that the coefficients are the same for the never and once married sub-samples, but 

in many cases the estimated difference is modest.  For the most part, mean estimates for the 

uninsured group suggest significantly more adverse effects than for the insured group.  On the 

other hand, differences between income groups vary by specification of the mental health 

measure.  Although not significantly different from zero in every case, individuals with high 

income experience larger employment effects of mental health status changes when measured in 

days.  In contrast, results for the binary variable show smaller effects for the higher income 

group.  Finally, individuals who are older than 40 appear to suffer greater employment effects 

due to poor mental health, although the estimates are not significant in many cases. 

 

6. Discussion 

The results presented above reveal consistent patterns that contribute to understanding the 

relationship between mental health and employment.  Because virtually all experiences modify 

and are modified by mental health, it is challenging to identify causal relationships when 

examining observational data.  This is in part due to the fact that individuals readily adjust their 

behavior in response to and in anticipation of situations in which they expect their mental health 

to be compromised.  For these reasons, it is important to bring to light any variables which are 

exogenous to economic systems involving mental health. 

A compelling aspect of the SAD instrument is that it represents a phenomenon that "casts 

a shadow" on every corner of the earth, to the point where it is extremely difficult to avoid.  

Barring complete isolation from the outside world, everyone is to some degree aware of the 

changes in daylight across the year. Although all individuals in the sample are to some degree 

aware of photoperiod, it is possible that only a fraction of the population actually presents 
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measurable effects in terms of mental health responses.  As mentioned earlier, up to 25 percent 

of the population suffers from at least subsyndromal SAD, and variation in mental health 

measures among this subgroup may be picked up by the SAD instruments.  Mersch (2001) 

discusses evidence that even individuals who are not diagnosed with SAD show seasonal 

variation on continuous mood measures, so 25 percent may represent a lower bound on the 

proportion of individuals whose response is picked up by the days measure. To the extent that 

the population strongly affected by SAD is different from the unaffected population, the IV 

results may more accurately reflect relationships in the former group.
28

 

Intuitively, there is no apparent reason to question the validity of the SAD instrument 

when appropriate controls are included.  To address concerns along the time dimension, I have 

included highly granular time dummy variables in order to control seasonal or other cycles in 

labor markets.  With respect to the geographical dimension, I have incorporated controls 

intended to reflect relevant epidemiological concerns as well as observable labor market 

conditions.  To a large degree, these measures are likely to account for unobserved correlates that 

could potentially bias the relationship between mental health symptoms and employment. 

Another potential source of bias in IV estimates is through a behavioral response, and an 

example in this case might be migration.  If individuals who are most strongly affected by SAD 

seek to ameliorate their situation by moving, there could be a migration trend towards the 

equator induced by SAD.
29

  However, it is possible that only some individuals are willing to pay 

                                                 
28

 I do not have intuition on whether or not the model suffers from essential heterogeneity as defined by Heckman et 

al. (2006). In this context essential heterogeneity would imply that, conditional on observable characteristics, the 

change in employment status for those individuals affected by photoperiod is different than for those who suffer 

symptoms of depression for other reasons.  Without this knowledge, I cannot predict the degree to which the 

estimated local average treatment effect deviates from the overall treatment effect. 
29

 Magnusson (2001) shows evidence for differences in susceptibility between ethnic groups and suggests that these 

differences may have occurred due to genetic or cultural selection towards acclimatization at higher latitudes.  Since 

many ethnic groups are more dispersed in the United States than in Europe, this could partially explain the stronger 
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the monetary and psychic costs of relocation, such as those who are most successful in the labor 

market.  Indeed, this issue contributed to the decision to exclude individuals close to or at 

retirement age out of concern that migration may be a bigger problem for this age group.  Other 

concerns about migration may be partially alleviated when considering that the results are only 

modestly weakened in specifications including geographic controls. 

That the mental health symptom measures in BRFSS do not more closely reflect clinical 

diagnostic criteria for mental disorders makes interpretation of the results challenging in some 

respects.  Since most discussions of mental health are couched in clinical classifications, any 

interpretation of the results in a broader context requires translation between the mental health 

measures given in these data sets and more widely used clinical classifications.  Offering detailed 

methods for doing so is beyond the scope of this paper, but a simple comparison of means across 

depression categories yields significant differences.
30

  The mental health measures used here 

likely suggest meaningful variation in clinical classifications because they represent categories of 

symptoms related to SAD and depression.  Also, it is likely that the estimated effects on 

employment status are appropriately viewed as at least approximations of, say, the effect of 

depression on employment status.  From another perspective, the clinical diagnostic criteria of 

depression would not have as direct an interpretation as symptoms measured over a well defined 

time horizon.  The tradeoff, then, is that I sacrifice broadly used clinical classifications for more 

temporally well defined symptom measures. 

                                                                                                                                                             
evidence for latitude effects that has been found in the United States, as discussed by Mersch (2001).  By the same 

token, sorting on SAD susceptibility may be less of a concern in U.S. data. 
30

  The 2003-2004 National Health and Nutrition Examination Survey includes both the Healthy Days measures and 

results from the Composite International Diagnostic Interview.  Mean estimates for the number of poor overall 

mental health days for persons with and without an implied diagnosis of depression are 12.46 and 3.22, respectively.  

A t test that the means are equal is rejected at the 1% level. 
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What practical conclusions might be drawn from the findings presented here?  An 

advantage of the IV technique is that the estimated coefficients may be interpreted as causal 

relationships having policy implications.  That is, one can view the second stage coefficients as 

informing interventions aimed at improving mental health status.  Ignoring general equilibrium 

effects, one interpretation would imply that the coefficients can be applied to mean population 

wage data in order to calculate individual level expected income gains resulting from the given 

intervention.  Assuming that the IV estimates represent average treatment effects, a conservative 

back-of-the-envelope estimate of a single, working age individualôs expected annual income gain 

from one fewer day per month of poor overall mental health was $2941.98 in 2005.
31

  As a 

comparison, Wang et al. (2007) found that in the context of a randomized controlled trial a 

telephonic outreach and care management program yielded a return of approximately $1800 of 

annualized wages due to higher mean hours worked.  The per capita program cost was only $100 

to $400. 

From a societal perspective, intervention may be warranted if labor or health care markets 

are not perfectly competitive.  Employers may find that specific efforts to improve mental health 

are more cost-effective in improving employee retention and productivity than paying hiring 

transaction or training costs.  On the other hand, federal or state governments could intervene in 

the case of information asymmetry in the health insurance market, particularly with respect to 

mental health.
32

  For example, enactments of mental health parity laws at the federal and state 

level in the late 1990ôs suggests that such information asymmetry may exist in insurance markets 

                                                 
31

 Since BRFSS only includes categories of income, I use data from the March supplement of the 2005 Current 

Population Survey to calculate the population weighted average of household income. 
32

 Keeler et al. (1988) report evidence from the Rand Health Insurance Experiment suggesting that adverse selection 

and moral hazard may be more acute for mental health care insurance than for other health care. 
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for mental health care.
33

  If  market failures are present in the market for mental health care 

insurance, then there are potential welfare gains if the cost of intervention is lower than the 

utility gains of improved mental health and the productivity gains of getting persons with mental 

health problems back to work. 

 

7. Conclusion 

Previous studies have examined the relationship between mental health and employment, 

with attention given to the effects of each on the other.  I have argued that the two measures are 

simultaneously determined and that their relationship is complex.  Rather than attempt to 

construct a structural model representing these relationships, data limitations suggest that a 

useful approach to identifying treatment effects is through the use of IV models.  I present a new 

instrument motivated by the epidemiology of SAD that is based on the number of hours of 

daylight across latitudes and interview dates, and I argue that it is valid in estimating the effects 

of mental health on employment status. 

The results presented here show that photoperiod, through its determination of SAD, has 

significant adverse effects on mental health outcomes.  In turn, I am able to estimate the effects 

of mental health outcomes on employment status.  For the full sample, I find that an additional 

day of poor overall mental health (of the last thirty days) decreases the probability of 

employment by over five percentage points and increases the probability of unemployment by 

under five percentage points.   

Since employment is vital in determining individual income, benefits, and other 

economy-wide outcomes, the potential impact of mental health status could be of considerable 

interest to both employers and governments at the federal and state levels.  The results presented 

                                                 
33

 See Zuvekas et al. (1998) for a detailed discussion of mental health parity legislation. 
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here suggest that low-income, uninsured individuals may suffer the most severe effects.  Because 

these individuals likely fall under the purview of government health insurance programs, it is 

important for legislators and program administrators to have a thorough understanding of the 

employment implications of mental health treatment when considering changes to policy. 

 

References 
 

American Psychiatric Association (2000). (DSM-IV-TR) Diagnostic and statistical manual of 

mental disorders. Washington, DC, American Psychiatric Press, Inc. 

Berndt, E. R., S. N. Finkelstein, P. E. Greenberg, R. H. Howland, A. Keith, A. J. Rush, J. Russell 

and M. B. Keller (1998). "Workplace performance effects from chronic depression and 

its treatment." J Health Econ 17(5): 511-35. 

Bjorklund, A. (1985). "Unemployment and mental health: some evidence from panel data." The 

Journal of Human Resources 20(4): 469-483. 

Catalano, R., R. E. Drake, D. R. Becker and R. E. Clark (1999). "Labor market conditions and 

employment of the mentally ill." The Journal of Mental Health Policy and Economics 

2(2): 51-54. 

Centers for Disease Control and Prevention (2000). Measuring Healthy Days. Atlanta, Georgia, 

CDC. 

Currie, J. and M. Stabile (2006). "Child mental health and human capital accumulation: The case 

of ADHD." Journal of Health Economics 25(6): 1094-1118. 

Dave, D., I. Rashad and J. Spasojevic (2006). The Effects of Retirement on Physical and Mental 

Health Outcomes. NBER Working Paper. 

Golden, R. N., B. N. Gaynes, R. D. Ekstrom, R. M. Hamer, F. M. Jacobsen, T. Suppes, K. L. 

Wisner and C. B. Nemeroff (2005). "The Efficacy of Light Therapy in the Treatment of 

Mood Disorders: A Review and Meta-Analysis of the Evidence." Am J Psychiatry 

162(4): 656-662. 

Grossman, M. (1972). "On the Concept of Health Capital and the Demand for Health." Journal 

of Political Economy 80(2): 223-255. 

Grossman, M. (2000). Chapter 7 The human capital model. Handbook of Health Economics. J. 

C. Anthony and J. P. Newhouse, Elsevier. Volume 1, Part 1: 347-408. 

Hamilton, V. H., P. Merrigan and E. Dufresne (1997). "Down and out: estimating the 

relationship between mental health and unemployment." Health Economics 6(4): 397-

406. 

Heckman, J. J. and T. E. Macurdy (1985). "A Simultaneous Equations Linear Probability 

Model." The Canadian Journal of Economics / Revue canadienne d'Economique 18(1): 

28-37. 

Heckman, J. J., S. Urzua and E. Vytlacil (2006). "Understanding Instrumental Variables in 

Models with Essential Heterogeneity." The Review of Economics and Statistics 88(3): 

389-432. 

Imbens, G. W. and J. D. Angrist (1994). "Identification and Estimation of Local Average 

Treatment Effects." Econometrica 62(2): 467-475. 



 28 

Kamstra, M. J., L. A. Kramer and M. D. Levi (2003). "Winter Blues: A SAD Stock Market 

Cycle." The American Economic Review 93(1): 324-343. 

Keeler, E. B., W. G. Manning and K. B. Wells (1988). "The demand for episodes of mental 

health services." Journal of Health Economics 7(4): 369-392. 

Kelly, P. J. and F. Meschke (2007). Sentiment and Stock Returns: the SAD Anomaly Revisited, 

SSRN. 

Kessler, R. C., P. Berglund, O. Demler, R. Jin, K. R. Merikangas and E. E. Walters (2005). 

"Lifetime prevalence and age-of-onset distributions of DSM-IV disorders in the National 

Comorbidity Survey Replication." Arch Gen Psychiatry 62(6): 593-602. 

Kessler, R. C., K. R. Merikangas and P. S. Wang (2007). "Prevalence, comorbidity, and service 

utilization for mood disorders in the United States at the beginning of the twenty-first 

century." Annu Rev Clin Psychol 3: 137-58. 

Llena-Nozal, A., M. Lindeboom and F. Portrait (2004). "The effect of work on mental health: 

does occupation matter?" Health Economics 13(10): 1045-1062. 

Magnusson, A. (2001). Acclimatization. Seasonal Affective Disorder: Practice and Research. T. 

Partonen and A. Magnusson. Oxford, UK, Oxford University Press. 

Magnusson, A. and T. Partonen (2005). "The Diagnosis, Symptomatology, and Epidemiology of 

Seasonal Affective Disorder." CNS Spectrums 10(8): 625-634. 

Mersch, P. P. A. (2001). Prevalence from Population Surveys. Seasonal Affective Disorder: 

Practice and Research. T. Partonen and A. Magnusson. Oxford, UK, Oxford University 

Press. 

Molin, J., E. Mellerup, T. Bolwig, T. Scheike and H. Dam (1996). "The influence of climate on 

development of winter depression." Journal of Affective Disorders 37(2): 151-155. 

Mullahy, J. and J. Sindelar (1996). "Employment, unemployment, and problem drinking." 

Journal of Health Economics 15(4): 409-434. 

Partonen, T. and N. E. Rosenthal (2001). Symptoms and Course of Illness. Seasonal Affective 

Disorder: Practice and Research. T. Partonen and A. Magnusson. Oxford, UK, Oxford 

University Press. 

Slade, E. and D. Salkever (2001). "Symptom Effects on Employment in a Structural Model of 

Mental Illness and Treatment: Analysis of Patients with Schizophrenia." The Journal of 

Mental Health Policy and Economics 4(1): 25-34. 

Sohn, C.-H. and R. W. Lam (2005). "Update on the Biology of Seasonal Affective Disorder." 

CNS Spectrums 10(8): 635-646. 

Stock, J. H. and M. Yogo (2002). Testing for Weak Instruments in Linear IV Regression. NBER 

Technical Working Paper. 

Theodossiou, I. (1998). "The effects of low-pay and unemployment on psychological well-being: 

A logistic regression approach." Journal of Health Economics 17(1): 85-104. 

Wagstaff, A. (1986). "The demand for health : Some new empirical evidence." Journal of Health 

Economics 5(3): 195-233. 

Wang, P. S., G. E. Simon, J. Avorn, F. Azocar, E. J. Ludman, J. McCulloch, M. Z. Petukhova 

and R. C. Kessler (2007). "Telephone Screening, Outreach, and Care Management for 

Depressed Workers and Impact on Clinical and Work Productivity Outcomes: A 

Randomized Controlled Trial." JAMA 298(12): 1401-1411. 

Young, M. A., P. M. Meaden, L. F. Fogg, E. A. Cherin and C. I. Eastman (1997). "Which 

Environmental Variables Are Related to the Onset of Seasonal Affective Disorder?" 

Journal of Abnormal Psychology 106(4): 554-562. 



 29 

Zuvekas, S. H., J. S. Banthin and T. M. Selden (1998). "Mental health parity: what are the gaps 

in coverage?" The Journal of Mental Health Policy and Economics 1(3): 135-146. 

Zuvekas, S. H. and S. C. Hill (2000). "Income and employment among homeless people: the role 

of mental health, health and substance abuse." The Journal of Mental Health Policy and 

Economics 3(3): 153-163. 

 
 



 30 

 

Table 1. Diagnostic Criteria of SAD 

  

Specify if, with Seasonal Pattern (can be applied to the pattern of Major Depressive Episodes in 

 Bipolar I Disorder, Bipolar II Disorder, or Major Depressive Disorder, Recurrent): 

  
A.  There has been a regular temporal relationship between the onset of Major Depressive 

Episodes  

 
in Bipolar I or Bipolar II Disorder or Major Depressive Disorder, Recurrent, and a particular 
time of  

 the year (e.g., regular appearance of the Major Depressive Episode in the fall or winter). 

 
Note: Do not include cases in which there is an obvious effect of seasonal-related 
psychosocial 

 stressors (e.g., regularly being unemployed every winter). 

  
B. Full remissions (or a change from depression to mania or hypomania) also occur at a 

characteristic 

 time of the year (e.g., depression disappears in the spring). 

  
C. In the last 2 years, two Major Depressive Episodes have occurred that demonstrate the 

temporal 

 
seasonal relationships defined in Criteria A and B, and no nonseasonal Major Depressive 
Episodes 

 have occurred during that same period. 

  
D. Seasonal Major Depressive Episodes (as described above) substantially outnumber the 

 
nonseasonal Major Depressive Episodes that may have occurred over the individual's 
lifetime. 
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Table 2. Summary Statistics, BRFSS    

   N = 312784 N = 125145 N = 187639 

Variable Min Max Mean Mean (Men) Mean (Women) 

Latitude 21.426 48.831 37.279 37.264 37.294 

Full SAD -4.086 3.833 -0.191 -0.185 -0.198 

Truncated SAD 0 3.833 0.708 0.712 0.705 

Age 25 59 39.148 38.028 40.227 

Black 0 1 0.179 0.143 0.213 

Hispanic 0 1 0.145 0.144 0.146 

HS Grad 0 1 0.886 0.892 0.881 

College Grad 0 1 0.320 0.331 0.309 

Avg Mthly Precip 0 27.388 3.167 3.135 3.198 

Avg Mthly Temp -4.379 96.865 58.283 58.247 58.318 

Employed 0 1 0.784 0.821 0.749 

Unemployed 0 1 0.078 0.076 0.079 

Northeast Region 0 1 0.162 0.157 0.167 

Midwest Region 0 1 0.200 0.199 0.200 

South Region 0 1 0.327 0.323 0.331 

Cnty Unempl Rate 0.011 0.311 0.052 0.052 0.053 

Cnty Farm Empl 0.000 0.275 0.010 0.010 0.009 

Cnty Construct Empl 0.004 0.258 0.056 0.056 0.056 

Cnty Ln Income 9.535 11.397 10.412 10.449 10.438 

Cnty Veterans 0.031 0.325 0.093 0.093 0.093 

Means are adjusted using BRFSS population weights.  Persons living in hospitals, nursing 
homes, prisons, military bases, and college dormitories are not interviewed by BRFSS. 
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Table 3. First Stage, Preferred Specification, Full Sample 

     

 Base Flexible 

 Days Binary Days Binary 

Truncated SAD 0.301 0.033 0.499 0.067 

  (0.132)** (0.008)*** (0.190)*** (0.013)*** 

Full SAD   -0.152 -0.026 

   (0.101) (0.007)*** 

Male -1.625 -0.127 -1.625 -0.127 

  (0.081)*** (0.004)*** (0.081)*** (0.004)*** 

Age 0.218 0.007 0.218 0.007 

  (0.023)*** (0.001)*** (0.023)*** (0.001)*** 

Age Squared -0.003 -0.000 -0.003 -0.000 

  (0.000)*** (0.000)*** (0.000)*** (0.000)*** 

Black -0.711 -0.076 -0.707 -0.075 

  (0.111)*** (0.006)*** (0.112)*** (0.006)*** 

Hispanic -0.973 -0.061 -0.965 -0.059 

  (0.105)*** (0.006)*** (0.105)*** (0.006)*** 

HS Grad -1.583 -0.025 -1.584 -0.025 

 (0.186)*** (0.008)*** (0.186)*** (0.008)*** 

College Grad -1.427 -0.022 -1.427 -0.021 

  (0.060)*** (0.004)*** (0.060)*** (0.004)*** 

Avg Mthly Precip 0.019 -0.003 0.020 -0.003 

  (0.013) (0.001)*** (0.013) (0.001)*** 

Avg Mthly Temp 0.008 0.001 0.010 0.001 

  (0.005)* (0.000) (0.005)** (0.000)** 

Year Dummies Yes Yes Yes Yes 

Month Dummies Yes Yes Yes Yes 

Observations 287803 287803 287803 287803 

Cragg-Donald F-stat 18.40 64.11 12.93 63.85 

Wald P-value   0.012 0.000 

* significant at 10%; ** significant at 5%; *** significant at 1%.  Robust 
clustered (by county) standard errors in parentheses.  Column titles 
denote specifications while row titles denote independent variables. 

 




