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Abstract:
The question of how do people choose occupations has puzzled economists. Different theories have been proposed to explain occupational choices. However, occupational choices have not been analyzed fully in the context of risk. One of the risks associated with an occupation is the earnings risk, which is defined as the variance of wages within an occupation. The literature on earnings risk is relatively new and provides evidence in support of a positive compensating wage differential for the earnings risk associated with an occupation. Yet, none of these studies examine how earnings risk affects occupational choices. This paper looks at the effect of earnings risk on occupational choice. Also, since risk preferences differ by gender and marital status the paper also analyze how the effect of earnings risk varies by gender and marital status. A conditional logit model of occupational choice is developed and tested on the data from the Merged Outgoing Rotation Group File (CPS-NBER Extract) and the Dictionary of Occupational Titles (DOT). The empirical evidence supports the hypothesis that earnings risk has a negative effect on occupational choice. The impact of earnings risk also varies across gender and marital status. However, full support is not found for the hypothesis that women are more risk averse than men in occupational choice decision. The marginal effects reveal that for some occupations earnings risk has a higher negative effect on the occupational choice of men, while for other occupations women’s occupational choice is more affected by earnings risk. 
1. Introduction 
The choice of occupation is very crucial, as it determines an individual’s income and his/her place in society. The choice of occupation can enhance or limit one’s growth opportunities.  Therefore, the question of how an individual chooses an occupation is an important one and has long intrigued social scientists. 
Economic theory argues that an individual chooses an occupation that maximizes his/her utility. The utility that an individual derives from an occupation is a function of individual traits (education, experience, individuals’ taste and preferences), occupational attributes (human capital requirement of an occupation, working conditions in an occupation, exposure to risk of life and health in an occupation) and wage.  
While individual characteristics and occupational attributes matter much for the choice of occupation, another very important factor is the wage that an individual will get in an occupation. Studies that look at the effect of wages on occupational choice have found that the wage has a positive effect on occupational choice (Boskin 1974; Robertson and Symons 1990).   However, these studies ignore the fact that there is an uncertainty associated with wage in an occupation. This uncertainty is because each occupation offers a distribution of wages rather than a single wage, making it quite difficult to predict what will be the exact wage of an individual choosing a particular occupation. The wage of an individual in an occupation may be viewed as a random draw from the wage distribution within that occupation: the wider the wage distribution, the higher is the uncertainty associated with the wage an individual will get in that occupation. Therefore, an individual should care not only about the mean wage but also about the risk associated with the wage. This so-called earnings risk is therefore an argument in the utility function. 
The existing theories explain occupational choice in terms of a variety of factors, but the issue of how earnings risk affects occupational choices is not yet explored. There is a small literature that looks at the impact of earnings risk on wages, which finds that earnings risk is compensated with a positive wage differential. But none of these studies delves into the question of how earnings risk affects occupational choices. On the other hand, in the occupational choice literature, most studies just consider the effect of wages on occupational choices, ignoring the uncertainty associated with the wages. Thus, it is still an open question how earnings risk affects the choice of occupation. 

This paper looks at the impact of earnings risk on occupational choice controlling for occupational attributes such as general educational requirements, specific vocational requirement, physical demands, or working conditions associated with an occupation.  Also, it may be the case that individuals differ in their risk preferences. If so, less risk averse individuals are likely to opt for occupations with higher earnings risk and more risk averse will choose occupation with lower earnings risk. In the absence of a suitable measure of risk preference, gender and marital status is used as a proxy for risk aversion. The literature on risk aversion has found various types of support for the claim that women are more risk averse than men and that married people are more risk averse than singles. If women and married people indeed are more risk averse than men and singles, earnings risk ought to have a larger negative effect on the occupational choice of women and married people. Thus, the paper also looks at how the effect of earnings risk on occupational choice varies by gender and marital status. 
The remainder of the paper proceeds as follows. Section 2 reviews the literature associated with occupational choice. Section 3 outlines the theory, and section 4 presents the empirical model of occupational choice in the light of earnings risk. It is followed by a description of data and variables in section 5. Section 6 discusses the empirical findings.  Lastly, section 7 presents the general conclusion. 
2. Literature Review
2.1 Demand and Supply Determinants of Occupational Choice
Occupational outcome are determined in terms of the supply and the demand factors.  The supply side approach is based on the theory of human capital proposed by Becker (1962) and Schultz (1963), according to which individuals weigh the benefits – wages, salaries and other perks – against the costs which involves the costs of training and foregone earnings (opportunity costs of the next best occupation), and choose the occupation that yields the highest net benefit. These predictions are supported by Boskin (1974) who finds that occupational choice is positively related to the present value of potential earnings, and negatively related to the training costs and the present value of unemployment in an alternative occupation. Other than wages, there are other factors that can affect the choice of occupation. For instance, Schmidt and Strauss (1975) reports that occupational outcome is defined by individual traits such as education, race, and gender. Dolton et al (1989) also find education to be the main determinant of occupational choice. While, Filer (1986) find evidence suggesting that individuals’ personality and taste is important in determining occupational choice.  Robertson and Symon  (1990) findings suggest that, apart from wages, socio-economic background also significantly affect occupational choice. 
 The emphasis of the demand side studies is on explaining occupational choices in terms of the economic conditions and the interaction of the demand and supply factors that determine wage at equilibrium. Freeman’s (1975) study of the market for lawyers finds that the decision to enroll in legal studies is affected by the current economic conditions. Later, Zarkin (1985) analyzing the market for public school teachers shows that it is the future demand and not the current demand that affects occupational outcomes. Similarly, Crockett (1991) finds the demand for labor in an occupation to be a significant factor affecting occupational choice. 
2.2  Other Determinants of Occupational Choices

The supply and demand approach emphasizes on the mean earnings, individual traits, education, socio-economic status and economic condition as the predictors of occupational choice. Of all the factors, the earnings that an individual will receive in an occupation is an undisputed factor that affects occupational choice. However, it has been argued that individuals not only care about the level of earnings but are also concerned about the distribution of earnings. Orazem and Mattila (1991) test this statement by developing an empirical model that relates occupational choice to the moments of earnings distributions in an occupation. They find that increasing the first moment of the earnings distribution per unit of human capital increases the probability of an individual selecting an occupation, while increasing the second moment of the earnings distribution per unit of human capital reduces the possibility of an individual selecting an occupation, suggesting that individuals do not like uncertainty.
Another interesting study is by Sunden et al. (2007) who analyze the effect of individual’s risk preferences on occupation choice. Using the German Socio Economic Panel Data, which contains a measure of risk preference, the authors find that riskier occupations as characterized by a higher variation in earning are better compensated. Further, they report that more risk tolerant individuals choose occupations with higher earnings variability. 
DeLeire and Levy (2004) look at the effect of risk of injury on occupational choice and find that injury risk considerably affects individual’s occupation choice and this effect is more pronounced for women and married people.  
Altogether, these studies define a new perspective that departs from the traditional studies on occupational choice that focus on the expected lifetime earnings and personal characteristics or the demand conditions. The study by Orazem and Mattilla (1991) provides support to the claim that occupational choices are affected by the moments of the wage distribution. However, the question of why this wage distribution arises and how this wage distribution affects occupational choice is not touched upon. This paper attempts to explain wage distribution in term of individual and firm level heterogeneity. Further wage distribution is conceptualized as a measure of earnings risk and is estimated empirically as the variance of the residual term of the Mincer wage equation and the effect of earnings risk on occupational choice is analyzed.  Since individuals self-select into occupations, the choice of occupation is not exogenous; thus, the study also controls for the issue of self-selection while estimating earnings risk. 

In the light of the findings of the study by Sunde et al. (2006) that individuals’ risk preferences affect their occupational choice, the study of occupational choices is further extended to see how risk aversion affects occupational choices. In the absence of a suitable measure of risk preferences gender and marital status is used as a proxy for risk aversion. 

3. Theory 

The wages received by a worker can be segregated into two components, namely an explained portion and an unexplained part. The explained portion of the wage consists of the compensation paid for personal characteristics such as education, experience, race, region, location of the worker, and other factors that affect wages. The unexplained part of the wage is represented by the stochastic disturbance term not accounted for by observed individual characteristics.  The explained part of the wage is the same for the workers with similar observed characteristics, but the unexplained part varies. The variance of this unexplained portion of the wage is the earnings uncertainty or the earnings risk. 

This earnings risk arises because of firm specific differences in wages or unobserved individual heterogeneity. Firm specific heterogeneity allows different firms to pay a different wage than the market clearing wage, leading to a wage distribution within an occupation. Thus, within each occupation there may be some firms offering a higher wage (also referred to as an efficiency wage) in order to increase productivity, reduce work shirking and reduce turnover among workers, leading to a wage distribution within an occupation. Imperfect information may also create differences in the wage paid by firms. Under the imperfect information scenario, firms do not have complete information about the wages that other firms are offering: different firms might be offering different wages, thus leading to a distribution of wages in an occupation. 

Besides differences in the wage offered by a firm, there are also differences in individual ability that are not usually observed, which causes a spread of wages across individuals in an occupation. At first glance, it appears that the differential payment for unobserved individual ability should not end up in the unexplained portion of the wage and therefore should not constitute a part of earnings risk. People self-select into an occupation based on their ability. If this self-selection is perfect, they have perfect knowledge of how their ability is going to be compensated in the labor market. Therefore they do not face any uncertainty about their wages. However, it is often the case that self-selection is not perfect. People presume that they can excel in one particular occupation and thus they choose that occupation, but only upon entering in the job market they realize their worth. Thus, quite often individuals cannot fully predict ex ante how well they are going to perform in an occupation. They have some rough estimate of how their ability is going to be valued in the labor market. As a result, part of the variation in wages exists because of unobserved individual heterogeneity that is unknown to both the individual and researcher. 

Thus, the variance in wages due to individual level heterogeneity that is not known to the individual and firm level heterogeneity, which allows different firms to pay different wages, is the measure of earnings risk. Earnings risk is estimated empirically as the variance of the residual term of the risk augmented log wage equation
 that controls for self-selection. 

The next question that follows is why the distribution of wages is a measure of earnings risk. An illustration of how the wage distribution is a measure of earnings risk is as follows. A worker faces several different occupations, and taking into consideration the earning risk, makes an occupational choice decision. After having selected an occupation, the worker looks for a job within that occupation. Job search theory predicts that the wages offered to the workers are random draws from the existing wage distribution.  Each of the wage draws from the wage distribution is exhaustive. Thus, once a wage offer is rejected, it is not available in the future. The wage offer is either accepted or rejected depending on the reservation wage of the worker. The reservation wage is determined by the conditions prevailing in the labor market such as the job destruction rate, the arrival rate of job offers, and unemployment insurance benefits. This reservation wage is the same for all the workers in an occupation.  Thus, the reservation wage is the highest wage offer in an occupation that is not accepted by any worker. Above this wage level there is distribution of wages from which a worker gets a random draw. The wider the distribution, the higher is the probability of getting either a very high or low wage job. The worker faces the uncertainty of whether to accept the offer or turn it down and continue searching for a higher wage offer.  Information is imperfect: the worker does not know what would be the next wage offer. If she turn down the existing wage offer, it is quite possible that in the future she might have to settle for a wage offer below the initial wage offer. Thus, there is a risk. 

It could be contended that information is imperfect only in the short run, and that in the long run a worker can accumulate information and choose a job that maximizes her wage. However, it is argued that even in the long run the information will be imperfect. Stiglitz (1985) is of the view that the condition of imperfect information is going to prevail in the long run too. This is because there are new entrants into the labor market who will have imperfect information and they will be replacing those who acquire information. “This 'flow of ignorance' is just large enough to offset the 'flow of knowledge' resulting from search behavior, and equilibrium with imperfect information is sustained.” (Stiglitz 1985). 
Imperfect information would also prevail in view of the business cycle shocks that hit the economy, rendering the information collected obsolete. Also, the cost of collecting information in terms of the time spent looking around for the wages offered by other firms and the search cost associated with looking for another job might prohibit workers from collecting more information and start a new job search.  All these factors suggest that an occupation in which the distribution of wages is wider would pose a higher earnings risk as there will be a higher uncertainty regarding the exact wage an individual will get. Thus, workers who are more risk averse will choose occupations with low earnings risk and workers who are less risk averse will choose occupations with a higher earnings risk. 

4. An Econometric Model of Occupational Sorting By Earnings Risk 
The empirical model of occupational choice is estimated in three stages. Estimation of this model relies on a backward induction. The final stage three involves estimating a conditional logit model of occupational choice using the occupational categories as the dependent variable and predicted wage, earnings risk, and occupational attributes as independent variables. The data do not contain a measure of earnings risk. Rather, earnings risk is extracted from a log wage equation in stage two.
Estimating this log wage equation presents an econometric challenge in itself.  Individuals self-select into occupations. A log wage equation that is estimated with a sample of workers who had elected to work in their respective occupation cannot represent all other workers who elected to work in other occupations, unless an appropriate adjustment for this selection mechanism is made to the regression model.  Moreover, earnings are risky. Typically, a wage model with occupational self-selection is phrased in terms of wage offers: workers accept the wage offer in one occupation after comparing offers from all occupations. In the present case, the wage offer may be indicative of the earnings that the worker eventually receives, but it cannot represent the paycheck that he will receive each and every pay period: in each occupation, wages are uncertain. All this implies that (i) occupational wages differ in the degree of their variability, (ii) observed occupational wages are partially reflective of the wage offers that workers use as a basis for their occupational choice, and (ii) occupational wage offers include a compensation for risk.  The log wage model employed in stage two must incorporate these notions in order to be inherently consistent with the gist of the occupational choice model of stage three.

The observed variation in occupational wages represents variation in wage offers and inherent earnings risk among occupational workers.  But this is not the earnings risk that any randomly selected worker from the labor force faces.  Based on some unobserved heterogeneity, workers select their occupation.  In doing so, they predict, to the extent possible, their position in the wage distribution. Thus, the earnings variation that an individual is exposed to is less than the earnings variation that is implied by the wage offer while accounting for the degree of occupational earnings risk, which the standard model of sample selection readily estimates.  The sample selection model also infers the earnings risk implied by the sample selection, which therefore should be inserted into the log wage equation.  The observed variation in occupational wages is an inaccurate measure of earnings risk; it may be higher or lower than the variation (or, risk) implied by the sample selection model.

Technically, the wage equation controls for self-selection by including a self-selection correction term. This self-selection correction term is obtained from estimating the reduced from multinomial logit model in stage one.
The three steps are worked out in detail in the following subsections.

4.1 Econometric Structure of the Model of Occupational Choice
Each individual i may select from J mutually exclusive occupations denoted by the subscript j. Utility U in occupation j for an individual i is a function of individual characteristics 
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Individual selects occupations based on their personal characteristics and the occupational requirements. The utility of an individual from a particular occupation also depends on how his/her individual characteristics match with the occupational requirement. Men are physically stronger than women and will get a higher utility from working in occupations that require physical strength. Likewise, utility from an occupation that requires physical strength will also vary by age and health of an individual. For this reason, such occupations may employ people ranging mostly from age 18 to 40. Individuals also differ in their skill levels or the way they can manage complex tasks.  Because of their greater household responsibility women may prefer flexible working hours or working in offices and may derive more utility from occupations possessing these attributes.  Thus, depending on their skills, different individuals will derive different utility from working in the same occupation.  A person’s preference for occupational attributes 
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where 
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[image: image27.wmf]ji

ji

j

i

j

j

ji

R

X

y

2

'

2

'

1

0

e

b

b

b

+

+

+

=







       (3) 

Thus, how exactly wages vary with occupational characteristics is not accounted for, and just an implicit relationship is assumed. 
4.2 Stage One: Reduced Form Multinomial Logit Model 
Earnings risk is estimated as the variance of the error term of the above wage equation. However, one shortcoming of estimating earnings risk from equation (3) is that it does not control for self-selection. The issue of self-selection must not be ignored because people self-selection into occupation based on some heterogeneity, such as ability to succeed in a particular occupation. Due to this heterogeneity, the actual variance in wages for an individual who choose an occupation will be related to but not equal to the observed variance, as estimated by the variance of the disturbance term of the wage equation (3). Therefore, in order to control for the issue of self-selection, I estimate a multinomial logit model, where the utility function is obtained by substituting the predicted wages from equation (3) into the equation (2) which yields the following utility function.
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Earnings risk is further written as 
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 and equation (4) absorbing occupational attributes is written in a generalized manner as:
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where 
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 is the disturbance term. It is not possible to estimate the multinomial logit model with a complete set of interactions of all the X variables. The likelihood function is unlikely to converge as there will be some empty cells that match particular demographic groups of workers to particular occupations. Note, however, that the quadratic term arises because it is hypothesized that earnings risk interacts with individual characteristics.  Rather than specifying such a general model, let us suppose that the effect of earnings risk varies only by gender and marital status. In that case, it is not required to include the complete set of interactions of all the variables, but only those with marital status and gender. This is equivalent to estimating the model separately for men and women and including dummy variable for the marital status, ignoring the quadratic term in equation (5). Thus, equation (5) becomes the basis of estimation of reduced form multinomial logit model. 
An individual decides to choose an occupation by comparing the utility from different occupations and chooses the one that gives the highest utility. Define 
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Let 
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where 
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 has a logit distribution.  Therefore, the probability that an individual chooses occupation j equals


[image: image44.wmf]]

max

[

Pr

]

1

Pr[

ki

j

k

ji

j

U

U

ob

I

¹

³

=

=

,

which leads to 


[image: image45.wmf]Pr[

]

1

Pr[

=

=

j

I



 EMBED Equation.3  [image: image46.wmf]]

1

1

*

*

-

£

-

ji

ji

ji

ji

v

v

e

e

]

        
[image: image47.wmf])

(

*

1

1

ji

ji

v

v

e

-

-

+

=

 
[image: image48.wmf]*

ji

ji

ji

v

v

v

e

e

e

+

=


        
[image: image49.wmf]å

=

=

å

+

=

=

m

j

v

v

e

v

v

ji

ji

J

k

ij

v

ij

ij

e

e

e

e

e

1

ln

1

               



       (8)

The probability computed from this equation is used to derive the self-selection term that is inserted in the wage equation (3) to control for self-selection. 
4.3 Stage Two: Correction for Self Selection 
Self-selection has an impact on the estimates of the wage equation due to the correlation of the disturbance term of the wage equation 
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The expected conditional wage of a worker who is employed in occupation j is then given as 


[image: image63.wmf]ji

j

j

ji

j

i

j

j

n

ji

n

ji

ji

R

X

A

y

E

1

2

'

1

0

]

|

[

l

r

s

b

b

b

h

+

+

+

=

£

       


 (9)

In this expression the term 
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where the error term 
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Another term in equation (10) merits further discussion. 
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where 
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The current literature, in its oversight of self-selection, assumes that 
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 and self-selection is an issue, the current literature has actually taken an average of equation (11) as the measure of earnings risk for occupation j,  thus overstating the earnings risk for some and understating it for others. This misspecification of the earnings risk may have further implications over and above those caused by the omission of self-selection.


In equation (10), 
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which may also be written as 
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or 
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Technically, the disturbance term 
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Equation (12'') could be used to derive an estimate of the risk premium 
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In this expression, 
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Out of the J occupational categories the individual chooses only one, and the analysis above indicates how earnings risk and predicted wages are calculated for only that particular occupation. But the question remains how we might compute earnings risk and predicted wages for the other occupations that the individual did not select. The expressions are in fact quite similar. Define 
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. Then, the expected wage that individual i would have received if she had chosen occupation j (but did not) is 
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and the earnings risk is found by
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4.4 Stage Three: Conditional Logit Model of Occupational Choice 

Now that we have availed ourselves of predicted wages and earnings risk measures, let us return to the occupational choice model given in equation (2), reproduced here: 
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Under the assumption that 
[image: image135.wmf]ji

e

 has an extreme value distribution, the probability that individual i selects occupation j is computed as before (section 4.6.2):
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Careful examination of this formula reveals that 
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 is common in all terms of this ratio and therefore drops out. The coefficient 
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 takes care of the varying effect of earnings risk by gender and marital status; and 
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 represents the effect of predicted earnings on occupation choice. 
5. Data
The data used is the Merged Outgoing Rotation Groups (MORG) file from year 1998 to 2002. The analyses focus on full-time employees. The sample is restricted to individuals working between 30 and 70 hours a week in the age range of 16-66 years.  The MORG data does not have a unique individual identifier, making it difficult to track individuals across the years. A unique identifier is created by using a combination of household identification number, state, line number of individual, sex, race, age, and interview month. This identifier is then used in the regression analysis to control for the fact that observations are correlated.  

Another drawback of the MORG data set is that it does not contain any information about the requirements of job such as specific skills requirement, nature of job or working conditions. For the purpose of the study I need to have information on these variables. Therefore, I use data from the Dictionary of Occupation Titles (DOT) which contains information on 12,741 jobs. These jobs are classified into census occupations based on 3 digit census occupational category. The DOT data set has 63 variables related to the requirements of a job. It is not possible to use all these variables for the purpose of analysis; however, omitting some of the variables might lead to a loss of information. This dilemma is overcome through the use of factor analysis, which is a data reduction technique that explains the variability among observed random variables in terms of a few underlying random variables labeled as factors. I use the results of factor analysis done by Hartog and Vijverberg (2005) on the DOT data in their study on labor demand.  
The DOT data obtained from factor analysis is merged with the MORG 1998-2002 data based on the 3-digit occupational codes, yielding a comprehensive data containing information on earnings, personal and social characteristics and occupational requirements. The four factors used in the study are General Intellectual Requirement, Specific Vocational Preparation, Physical Demands, and Environmental Conditions. A brief description of these factors is given in the Appendix A. The model of occupational choice is finally estimated on the data obtained from merging MORG data with DOT data.  Table 1 summarizes the 18 occupational categories that are used as dependent variables and Table 2 gives the descriptive summary statistics of the independent variable. 

Besides these variables the multinomial logit model in stage one also make use of variables marital status, citizenship status and mean education of the household to identify the self-selection correction term.
 The variables marital status and citizenship status are present in the data.  Mean education of household is calculated as the mean of  the education of all members above 16 and below 66 years of age in a household, irrespective of the fact whether they are working. Mean education for single individual household is set equal to 12 years. Also I created a variable living which is set equal to 1 if the person is living with someone and equal to 0 if not.  This serves as an additional instrument in the multinomial logit model.   For women in the extractive occupations and plant operators, there were only 88 observations, which, upon further inspection, caused convergence problems when the multinomial logit model was estimated. Therefore, I excluded this occupational category for women. Thus, the occupational choice model is estimated on this sample of 304,253 men and 262,635 women. 
6. Results
6.1 Results – Stage One and Stage Two 
The self-selection correction term is calculated from the predicted probabilities obtained from the estimation of the multinomial logit model.
  The wage equation is corrected for selectivity and estimated separately for men and women by occupation. The self-selection term estimated from the multinomial logit model in stage one is added to the wage equation as a regressor. The primary objective of estimating the wage equation is to calculate the earnings risk associated with an occupation, controlling for the issue of self-selection. The estimates of the wage equation are reported in Table 3(a) for men and Table 3(b) for women. The main motive for estimation of wage equation is to derive a measure of earnings risk controlling for self-selection.  The effect of self-selection can be interpreted in terms of the sign of the parameter on the self-selection term for the 18 occupation being considered. The self-selection correction term is counter-intuitive and demands an explanation. As mentioned before, it is formulated as a negative term, namely 
[image: image141.wmf]ji

ji

ji

P

P

)]

(

[

1

1

-

F

-

=

f

l

. Therefore, a negative parameter estimate on self-selection correction term suggests that there is positive selection into occupation. In case of positive selection, the expected wage of an individual choosing an occupation will be higher than the expected wage of a randomly selected individual assigned to that occupation. Vice versa, a positive parameter estimate on self-selection implies that there is negative self-selection in the occupation, suggesting that the expected wage of an individual choosing an occupation will be lower than the expected wage of a randomly selected individual assigned to that particular occupation. Though one might expect the coefficient on self-selection to be negative for a majority of occupations (positive selection), it is not the case.  Instead, there is negative selection into most of the occupations, which seems somewhat implausible. However, it is possible that people who in principle are better suited for these occupations have expertise for other occupations too and in fact selected those occupations. Thus, workers who ended in these occupations are not as able as the overall average worker.  Also, individuals may choose occupations based both on pecuniary wage incentives and non-pecuniary factors such as prestige or social status attached to an occupation, irrespective of whether they are suited for the occupation. Thus, there is a possibility of negative selection in occupations. For men occupations with positive self-selection are Teachers and Librarians, Technicians, Administrative Support, Extractive Occupations and Plant Operators and Handlers and Laborers. However, the selection is significant only for occupations Teachers and Librarians and Helpers, Handlers and Laborers.  For women there is positive selection into several occupations but the effect is only significant for occupation Service, Farming, Precisions Workers and Machine Operators.  Another component of the wage equation is earnings risk which is not known at this stage and thus is imputed in the wage equation implicitly in the form of term 
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 . The R-Squares of the regression though not very high are acceptable within the context of cross-section estimation. 

After having estimated the wage equation for both men and women for each occupation, I calculate earnings risk as the variance of the disturbance term of the wage equation that controls for self-selection using equation (11). The obtained value of earnings risk is then substituted in the wage equation and the predicted wage is calculated. Predicted wage and earnings risk are also calculated for all the other occupations, which an individual did not select, using equation (15) and (16). Having obtained the measure for earnings risk and predicted wages for all the occupations for all individuals, let us move on to discuss the results obtained from the conditional logit model of occupational choice. 
6.2 Results – Stage 3: Conditional Logit Model  of Occupational Choice 
The conditional logit model of occupational choice is estimated separately for men and women by their marital status. The Wald test led to the rejection of hypothesis that the parameter estimates of male and female sample are the same.
 Further, a Wald test across married; widowed, divorced and separated; and single men and women led to the rejection of the null hypothesis that the estimated parameters are same across all the groups of men and women. Thus, the conditional logit model of occupational choice is estimated separately for male and female by their marital status – married; widowed, divorced or separated; and single. 

For men and women respectively, Tables 4(a) and 4(b) report parameter estimates from conditional logit models without controlling for occupational attributes. The coefficient on the predicted log wage is positive and significant for all groups of men and women. These results confirm the predictions of the human capital theory, which states that occupational choice is governed by wages. As expected, the coefficient on earnings risk is negative for all groups, supporting the hypothesis that an increase in earnings risk has a negative effect on occupational choice. 

Other than wages and earnings risk there are other occupational attributes that may affect occupational choice. Therefore, another conditional logit model is estimated including the occupational variables. The occupational requirement is captured by four variables –intellect, specific vocational preparation, physical demands and environmental conditions. The estimates are presented in Tables 5(a) and 5(b) for men and women respectively.  Controlling for occupational attributes, the effect of predicted wages on occupational choice remains positive for all groups of men and women.  The results suggest that occupational choice of men is more affected by predicted wages than the occupational choice of women. Also, single men are found to give the highest weight to the predicted wages. More interesting is the effect of earnings risk that is still negative and significant for all groups of men and women. The effect of earnings risk varies by group. I hypothesized that occupational choices of married people are most affected by earnings risk; however, this holds true only for women. For men, the results are contradictory, and it is found that single men are the most risk averse in their occupational choice.  Comparison between men and women reveals that married women are more risk averse than married men, while single women and married and divorced women are less risk averse than their male counter parts. 

 The effect of the intellect, which measures the general educational requirement of a job, is negative for all groups, suggesting that, holding all other factors constant, higher educational requirement of an occupation has a negative effect on occupational choice. Thus, the utility that an individual derives from an occupation is decreasing in the general educational requirement of an occupation. These results are a bit surprising, considering the fact that general education is more versatile than specific job training and therefore makes a person eligible for a wide range of occupations, but acquiring a general education is of course costly nonetheless. Also, it appears from the estimates that single individuals are most unlikely to invest in general education, followed by widowed, divorced or separated men and married men. For women also, the effect of intellect is negative but with an opposite pattern from that among men. Thus, married women are most unlikely to choose jobs that have a high general educational requirement. Single women are least affected by higher general educational requirements, suggesting that single women are more likely to be found in jobs that have a higher general education requirement. 
The second occupational feature that is being considered is specific vocational preparation requirement of an occupation. Since specific vocational preparation is suited for a particular occupation only, investment in SVP could become futile in case of an occupational shift. Thus, it is quite possible that people will not prefer occupations that have a higher SVP requirement. However, the estimation results suggest that the effect of specific vocational preparation is positive across all groups of men suggesting that the probability that an individual is found in an occupation rises with SVP.  This illustrates the common complaint that young labor market entrants find it hard to find a starting job.
Also, the physical demands in an occupation can significantly affect occupational choice. Therefore, I also look at the impact of the physical demands on occupational choice. Although one would expect that the utility that an individual derives from an occupation should be decreasing in the physical demands of an occupation, surprisingly, the effect of physical demands is positive across all groups of men and women. 
Besides physical demands, another occupational attribute mostly disliked by workers is being exposed to harsh environment conditions. Therefore, the model also analyzes the effect of environmental conditions on occupational choice. It is indeed found that, holding all other factors constant, the effect of environmental condition on occupational choice is negative for both men and women. 

While going through the estimation results, an issue that needs to be considered is the presence of multicollinearity in the data. Since the variables are occupation-specific, it is quite probable that they are highly correlated. The positive effect of physical demands could be due to the high correlation of physical demands with environmental conditions.
 Thus, the finding that physical demands have a positive effect on occupational choice could be because the negative effect of physical demand is annulled by the negative effect of environmental conditions. In order to check this, I look at the effect of physical demands and environmental conditions by entering them separately in the occupational choice model and found that for both men and women physical demands and environmental conditions has a negative effect on occupational choice when entered separately. But when physical demand is added together with environmental conditions, the negative effect of physical demands vanishes. 

6.3 Potential Issues and Robustness Test
The estimation results do support the hypothesis that earnings risk has a negative effect on occupational choice. Further, it also confirms the finding that predicted wages have a positive effect on occupational choice. However, there are some issues that arise in calculating earnings risk from the selectivity-corrected wage equation that need to be addressed. Recall that earnings risk controlling for self-selection is calculated as 
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. It is observed that the correlation between the disturbance term of the occupational choice equation and the wage equation is very strong for some of the occupations. These high correlations also inflate the coefficients on selectivity term 
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, making earning risk negative for some of the occupations. Under such circumstances, it is plausible that the results of the estimated model are not reliable. Therefore, as a robustness check, I restricted the value of the correlation coefficient between -1 and +1, adjusted the coefficients on the selectivity term accordingly, and re-estimated earnings risk. Restricting the value of correlation coefficient yields a positive measure of earnings risk for all occupations. The parameter estimates on self-selection, adjusted for correlation between –1 and +1, are given in column 3 of Table 6(a) for men and Table 6(b) for women. In order to check the robustness of the results of the previous model, I estimated the conditional logit model with these new measures of earnings risk. The estimates from these models are reported in Table 7(a) and 7(b) for men and women. Although the estimates have become smaller, the results are quite robust for both male and female sample.

Though the value of the correlation coefficient now lies in the statistically approved range of (-1, +1), it is still quite a large value. Such a high correlation violates the subjective belief about the selection mechanism. Therefore, adopting the quasi-Bayesian approach, I restricted the correlation coefficients between +0.75 and –0.75, rejecting all values greater than +0.75 and smaller than –0.75. The parameter estimates on self-selection obtained after adjusting the correlation between +0.75 and –0.75  is given in column 4 of Table 6(a) and Table 6(b) for men and women. Earnings risk and predicted wages are calculated based on these parameters estimates and again a conditional logit model of occupational choice is estimated. The estimates are similar to the previous models supporting the robustness of the results (Tables 8(a) and 8(b)). 

The finding that there is negative selection into most of the occupations is a bit implausible and causes apprehension on the results of the conditional logit model. Thus, as a further robustness check, I calculated earnings risk based on the belief that there is no negative selection. For all the occupations that have negative selection, I set the parameter estimate on selectivity equal to 0, implying that there is no selection. Also for occupations in which there was a positive selection, I adjusted the correlation coefficient such that the correlation between the disturbance term of the occupational choice and wage equation is not less than –0.75. Based on these adjustments I calculated predicted wage and earnings risk and re-estimated the conditional logit model of occupational choice. The results that wages have a positive effect and risk have a negative effect still hold true confirming the findings of the previous models (Table 9(a) and Table 9(b)). 

6.4 Marginal Effects of Earnings Risk on the Probability of Occupational Choice 
The conditional logit model gives one parameter estimates for all the occupations. However, since explanatory variables are occupation specific, the marginal effect due to the change in the level of a variable such as, say, earnings risk will differ across different occupations. For some occupation, the change in the probability due to the change in earnings risk will be higher than others. The lower parameter estimates of earnings risk for women in the conditional logit model of occupational choice suggest that occupational choices of women are less affected by earnings risk than the occupational choices of men implying that women show lower risk aversion in occupational choice. However, it is still possible that for women the marginal effect is stronger. The parameter estimates just suggest the direction; however, in order to truly make comparisons, the marginal effects should be calculated. Therefore, marginal effects for men and women are calculated based on the parameter estimates of the occupational choice model in Table 7(a) and 7(b) at the mean value of earnings risk.
The marginal effects of earnings risk  for men and women are reported in Table 10 (a) and 10 (b) . As is seen in conditional logit model there is a large difference in the parameters estimates on earnings risk   for men and women. The parameter estimate for men is   -211.848 while for women it is -143.082. The marginal effects are calculated based on a one unit increase in standard deviation in an occupation. For example a one unit increase in standard deviation of earnings risk  in occupation 1 for men decreases the probability of choosing occupation 1 by 0.17 percentage points, while for women the probability decreases by a mere 0.08 percentage points. These marginal effect are not comparable between men and women because theses effects are calculated for a one unit increase in standard deviation of earnings risk  and the standard deviation of earnings risk  differs across occupation.  

In order to compare the effect of earnings risk for men and women I calculated the marginal effects for a 0.005 unit increase in earnings risk for all the occupations. Table 11 reports the marginal effects of a 0.005 unit increase in earnings risk in all occupations for men and women. Thus, for example with an increase in risk by 0.005  for executives and managers occupation, the probability for men to choose the occupation decreases by 17 percentage point while the probability of women to choose executives and manager occupation decreases by 14 percentage point. For nine occupations the marginal effect for women is larger than men implying that women occupational choice will be more affected by an increase in earnings risk in these occupations. For example, in occupation Engineers and Scientists a 0.005 increase in earnings risk decreases the probability of women by approximately 4 percent; however, it just decreases men’s probability of choosing that occupation by a mere 0.000278 percentage point. Thus, the calculation shows that the marginal effect differs across occupations. Between men and women for some of the occupations women’s occupational choice are more affected by an increase in risk while for others men occupational choices are more affected by an increase in earnings risk. 

7. Conclusion
The aim of this paper is to look at the effect of earnings risk on occupational choice, controlling for wage and occupational attributes. The estimation results of the conditional logit model of occupational choice lend support to the hypothesis that earnings risk has a negative effect on occupational choice and that the effect varies by gender and marital status. Though it was hypothesized that women’s occupational choice will be more affected by earnings risk, the estimations results indicate that this is not the case. The conditional logit model of occupational choice yields a high parameter estimates for men implying that men are more affected by earnings risk in choosing occupation. This finding is in conformity with the traditional role of men as the main earning member of the household. Calculation of marginal effect reveals that earnings risk has a different impact across occupations. For some occupations, women have a higher marginal effect for an increase in earnings risk, while for others men have a higher marginal effect. Thus, it cannot be said with certainty whether men or women are more risk averse in choosing occupation. 

The paper also provides support to the claim of the human capital model that predicted wages are the significant determinant of occupational choice. Also, the paper analyzes the effect of occupational attributes and finds that occupational requirements significantly affect choice. Intellect which measures general educational requirement have a negative effect on occupational choice while the effect of specific vocational is positive. Physical demands tend to have a positive effect on occupational choice and environmental conditions have a negative effect on occupational choice. 
Appendix A
Composition of the Dictionary of Occupational Title Factors
Factor 1 – Intellect 
Factor 1 loads heavily on general intellect, verbal ability and numerical ability and is labeled intellect.  
Factor 2 – Specific Vocational Preparation (SVP) 
Factor 2 is the specific vocational preparation requirement (SVP) of an occupation. SVP is defined as the time required by a typical worker to learn the techniques, acquire the information and develop the facility needed for average performance in the job. The definition suggests it refers to broadly defined training or specific experience needed before one may qualify for the job. SVP is measured on a time scale of 9 time intervals.
Factor 3 – Physical Demands 
The third factor, physical demands, is obtained from the variables that define physical activities. It loads highly on variables such as strength, climbing, balancing, stooping, kneeling, crouching, crawling and captures the physical demand for an occupation.
Factor 4 – Environmental Conditions  

The factor, environmental conditions, is obtained from the variables which defines the atmospheric conditions: exposure to the outside weather conditions, to hot and cold temperatures, to wetness and to atmospheric conditions. 

	Table 1 : Occupation Classification & Distribution by Gender

	
	
	
	

	Occupations 
	Men 
	Women 

	1
	Executive & Managers
	44,928
	43,150

	2
	Engineers & Scientists
	19,010
	5,376

	3
	Health 
	3,910
	12,902

	4
	Teachers and Librarians 
	9,862
	23,142

	5
	Social Scientists & Lawyers
	3,109
	2,298

	6
	Social Workers / Writers
	6,788
	7,821

	7
	Technicians
	10,109
	11,318

	8
	Sales 
	29,721
	27,208

	9
	Administrative Support 
	18,523
	66,915

	10
	Service
	29,201
	35,632

	11
	Farming, Forestry, and Fishing
	6,891
	1,344

	12
	Mechanics and Repairers 
	22,381
	1,105

	13
	Construction 
	23,163
	481

	14
	Extractive Occupations & Plant Operators
 
	2,320
	           88

	15
	Precision Workers
	12,789
	4,244

	16
	Machine Operators
	22,939
	13,038

	17
	Transportation & Material Moving
	21,458
	2,023

	18
	Handlers, Laborers and Cleaners
	17,151
	4,638

	 
	Total 
	304,253
	262,723


	
	Table 2 : Descriptive Statistics of MORG-DOT Variables

	
	
	
	
	
	

	Variable
	Definition
	Mean
	Std. Dev.
	Min
	Max

	Lnwage
	Log Wages
	2.56996
	0.55256
	0
	4.56574

	Age 
	Experience
	23.2864
	11.3728
	0
	49

	Educ
	Education 
	13.6822
	2.59204
	0
	20

	Intellect 
	General Educational Requirement
	0.20166
	0.91634
	-1.5229
	1.84991

	SVP
	Specific Vocational Preparation
	2.41002
	1.92058
	0.09551
	6.47096

	Phy Dem
	Physical Demands
	0.01917
	0.64941
	-0.5524
	2.32932

	Env Con
	Environmental Conditions
	0.01781
	0.28393
	-0.259
	1.28289

	
	
	
	
	
	

	Number of Observations N = 566,976
	
	
	
	

	Table 3(a) Wage Regressions Estimates – Men

	OCC
	1
	2
	3
	4
	5
	6
	7
	8
	9

	Age 
	0.039
	0.038
	0.044
	0.038
	0.048
	0.052
	0.048
	0.057
	0.039

	 
	(28.15)
	(24.00)
	(7.46)
	(14.42)
	(9.14)
	(15.86)
	(22.50)
	(45.99)
	(32.01)

	Age2
	-0.058
	-0.05
	-0.055
	-0.042
	-0.058
	-0.081
	-0.072
	-0.094
	-0.056

	 
	(22.86)
	(15.90)
	(4.72)
	(8.31)
	(5.87)
	(12.70)
	(15.39)
	(35.48)
	(21.41)

	Educ 
	-0.07
	-0.097
	0.276
	0.088
	0.271
	0.057
	0.078
	-0.081
	0.1

	 
	(3.11)
	(2.24)
	(1.53)
	(3.00)
	(1.03)
	(1.39)
	(0.91)
	(4.58)
	(5.05)

	Educ2
	0.354
	0.324
	-0.734
	-0.046
	0.673
	-0.176
	-0.057
	0.603
	-0.203

	 
	(5.24)
	(2.65)
	(1.56)
	(0.53)
	(0.95)
	(1.43)
	(0.20)
	(9.78)
	(2.75)

	Metro
	0.106
	0.097
	0.059
	0.11
	0.209
	0.259
	0.162
	0.172
	0.112

	 
	(12.41)
	(6.62)
	(1.87)
	(5.85)
	(4.52)
	(12.80)
	(9.59)
	(16.20)
	(9.53)

	Black 
	-0.121
	-0.033
	0.197
	-0.039
	0.149
	-0.114
	-0.157
	-0.182
	-0.057

	 
	(9.62)
	(1.70)
	(4.15)
	(1.74)
	(2.86)
	(4.12)
	(7.62)
	(11.52)
	(4.71)

	Hispanic
	-0.079
	0.037
	0.065
	0.033
	0.04
	-0.027
	-0.108
	-0.106
	-0.104

	 
	(5.96)
	(1.77)
	(1.29)
	(1.26)
	(0.72)
	(0.87)
	(4.99)
	(6.99)
	(8.59)

	Asian 
	0.04
	-0.073
	0.033
	-0.028
	0.174
	0.031
	-0.001
	-0.21
	-0.05

	 
	(-2.33)
	(-3.96)
	(-0.70)
	(-0.78)
	(-2.15)
	(-0.78)
	(-0.05)
	(-9.11)
	(-2.92

	Indian 
	-0.109
	-0.076
	0.201
	-0.059
	0.191
	0.121
	-0.097
	-0.127
	-0.038

	 
	(3.17)
	(1.92)
	(2.78)
	(0.84)
	(1.37)
	(1.95)
	(2.19)
	(2.96)
	(1.04)

	Lambda 
	0.154
	0.312
	0.279
	-0.132
	0.476
	1.173
	-0.21
	0.753
	-0.056

	 
	(2.82)
	(4.80)
	(0.88)
	(2.53)
	(2.42)
	(4.41)
	(0.84)
	(5.02)
	(0.37)

	Tau 
	-1.458
	0.2
	0.438
	-0.788
	1.13
	13.578
	-3.009
	5.624
	1.453

	 
	(5.16)
	(0.53)
	(0.16)
	(2.52)
	(0.57)
	(3.80)
	(1.11)
	(4.45)
	(0.97)

	R-Square
	0.283
	0.187
	0.217
	0.308
	0.231
	0.177
	0.235
	0.303
	0.255

	N
	44928
	19010
	3910
	9862
	3109
	6788
	10109
	29721
	18523

	OCC
	10
	11
	12
	13
	14
	15
	16
	17
	18

	Age 
	0.029
	0.016
	0.023
	0.038
	0.017
	0.035
	0.035
	0.023
	0.015

	 
	(25.88)
	(7.25)
	(13.36)
	(28.94)
	(2.46)
	(18.09)
	(32.73)
	(14.72)
	(8.54)

	Age2
	-0.049
	-0.03
	-0.029
	-0.059
	-0.023
	-0.05
	-0.054
	-0.038
	-0.025

	 
	(20.53)
	(6.83)
	(8.82)
	(18.77)
	(1.93)
	(14.24)
	(23.82)
	(14.00)
	(7.69)

	Educ 
	-0.003
	0.006
	-0.128
	0.009
	-0.054
	0.024
	0.073
	-0.114
	0.066

	 
	(0.55)
	(0.62)
	(6.73)
	(0.95)
	(1.12)
	(2.32)
	(8.36)
	(6.56)
	(9.25)

	Educ2
	0.193
	-0.058
	0.881
	0.14
	0.425
	0.08
	-0.278
	0.801
	-0.362

	 
	(7.46)
	(1.29)
	(10.23)
	(2.43)
	(2.04)
	(1.46)
	(5.25)
	(8.57)
	(8.30)

	Metro
	0.118
	0.077
	0.134
	0.102
	0.157
	0.084
	-0.007
	0.128
	0.021

	 
	(13.88)
	(3.34)
	(17.52)
	(12.42)
	(4.00)
	(8.04)
	(0.66)
	(13.35)
	(2.45)

	Black 
	0.052
	0.173
	0.053
	-0.162
	-0.125
	-0.121
	-0.06
	-0.172
	0.002

	 
	(3.89)
	(7.32)
	(3.08)
	(8.83)
	(2.80)
	(6.93)
	(5.19)
	(11.99)
	(0.18)

	Hisp
	-0.034
	0.004
	-0.065
	-0.151
	-0.089
	-0.188
	-0.154
	-0.116
	0.062

	 
	(3.35)
	(0.16)
	(4.77)
	(15.05)
	(2.05)
	(13.22)
	(14.68)
	(10.11)
	(5.81)

	Asian 
	-0.088
	0.199
	-0.027
	-0.063
	-0.033
	-0.18
	-0.048
	-0.022
	0.064

	 
	(-5.03)
	-4.47
	-1.03
	-1.97
	-0.4
	-6.75
	-2.23
	-0.71
	-2.71

	Indian 
	0.026
	0.021
	-0.018
	-0.057
	-0.075
	-0.049
	-0.098
	0.01
	0.042

	 
	(1.01)
	(0.55)
	(0.48)
	(2.13)
	(0.91)
	(0.96)
	(3.44)
	(0.28)
	(1.56)

	Lambda 
	-0.217
	0.683
	0.207
	0.379
	-0.221
	0.117
	0.187
	0.524
	0.204

	 
	(2.82)
	(9.68)
	(1.92)
	(4.61)
	(0.70)
	(0.81)
	(2.48)
	(6.87)
	(3.07)

	Tau 
	2.31
	1.996
	-3.753
	3.559
	12.134
	1.562
	4.558
	0.081
	2.198

	 
	(3.78)
	(4.44)
	(3.58)
	(4.67)
	(2.00)
	(0.85)
	(7.26)
	(0.11)
	(3.87)

	R-Square
	0.3
	0.227
	0.224
	0.27
	0.17
	0.241
	0.228
	0.139
	0.196

	N
	29201
	6891
	22381
	23163
	2320
	12789
	22939
	21458
	17151

	t-statistics are in parentheses below the estimated coefficients. 


	Table 3 (b) Wage Regression Estimates – Women

	OCC
	1
	2
	3
	4
	5
	6
	7
	8
	9

	Age 
	0.03
	0.042
	0.026
	0.025
	0.051
	0.046
	0.032
	0.018
	0.025

	 
	(20.53)
	(11.14)
	(9.84)
	(16.82)
	(8.41)
	(17.34)
	(16.27)
	(9.25)
	(44.35)

	Age2
	-0.046
	-0.065
	-0.039
	-0.03
	-0.073
	-0.077
	-0.049
	-0.035
	-0.039

	 
	(16.56)
	(7.44)
	(8.17)
	(10.15)
	(6.21)
	(14.25)
	(11.29)
	(10.16)
	(32.27)

	Educ
	-0.081
	0.173
	-0.022
	-0.008
	0.431
	-0.064
	0.031
	-0.024
	0.022

	 
	(2.89)
	(2.43)
	(0.27)
	(0.13)
	(3.32)
	(1.35)
	(0.22)
	(1.27)
	(0.76)

	Educ2
	0.512
	-0.484
	0.247
	0.204
	1.119
	0.345
	0.187
	0.401
	0.077

	 
	(5.79)
	(2.41)
	(1.03)
	(1.21)
	(2.87)
	(2.37)
	(0.37)
	(5.16)
	(0.69)

	Metro
	0.136
	0.102
	0.118
	0.142
	0.166
	0.167
	0.133
	0.243
	0.156

	 
	(15.21)
	(2.81)
	(10.29)
	(13.65)
	(3.72)
	(10.58)
	(12.47)
	(25.09)
	(32.22)

	Black
	-0.01
	-0.079
	-0.073
	0.027
	0.104
	-0.052
	-0.031
	-0.277
	-0.001

	 
	(0.97)
	(3.37)
	(4.28)
	(2.27)
	(2.30)
	(2.87)
	(2.00)
	(19.20)
	(0.23)

	Hispanic
	-0.035
	-0.04
	-0.044
	-0.018
	0.016
	-0.026
	-0.084
	-0.215
	-0.06

	 
	(3.01)
	(1.06)
	(1.53)
	(1.11)
	(0.26)
	(1.09)
	(4.69)
	(15.75)
	(9.54)

	Asian 
	-0.012
	-0.003
	0.039
	0.051
	0.083
	0.058
	0.007
	-0.242
	-0.018

	 
	(0.82)
	(0.10)
	(1.80)
	(1.74)
	(1.21)
	(1.44)
	(0.27)
	(12.03)
	(1.64)

	Indian 
	-0.032
	0.039
	0.015
	-0.03
	0.033
	-0.027
	-0.082
	-0.179
	0.004

	 
	(1.12)
	(0.35)
	(0.29)
	(1.04)
	(0.58)
	(0.60)
	(1.83)
	(6.17)
	(0.23)

	Lambda
	-0.126
	0.359
	0.349
	0.313
	1.039
	0.475
	-0.085
	0.651
	-0.036

	 
	(1.60)
	(2.40)
	(2.53)
	(5.79)
	(6.01)
	(1.97)
	(0.30)
	(5.43)
	(0.60)

	Tau 
	-2.88
	1.709
	2.118
	0.605
	6.865
	1.661
	-1.555
	9.738
	-0.366

	 
	(6.16)
	(1.40)
	(2.04)
	(2.75)
	(5.09)
	(0.59)
	(0.54)
	(10.00)
	(1.39)

	R- Sq
	0.269
	0.178
	0.169
	0.34
	0.244
	0.25
	0.23
	0.332
	0.149

	N
	43150
	5376
	12902
	23142
	2298
	7821
	11318
	27208
	66915

	OCC
	10
	11
	12
	13
	15
	16
	17
	18
	 

	Age 
	0.016
	0.014
	0.032
	0.048
	0.033
	0.02
	0.016
	0.018
	 

	 
	(17.92)
	(3.65)
	(3.86)
	(5.25)
	(11.62)
	(14.64)
	(2.76)
	(10.82)
	 

	Age2
	-0.028
	-0.025
	-0.05
	-0.095
	-0.051
	-0.03
	-0.016
	-0.032
	 

	 
	(14.98)
	(2.80)
	(2.85)
	(4.33)
	(9.69)
	(11.12)
	(1.39)
	(8.37)
	 

	Educ
	0.016
	0.004
	0.006
	0.098
	0.036
	0.051
	0.104
	0.053
	 

	 
	(2.85)
	(0.22)
	(0.15)
	(1.45)
	(2.35)
	(6.40)
	(1.83)
	(3.79)
	 

	Educ2
	0.017
	0.048
	0.176
	-0.382
	-0.124
	-0.3
	0.694
	-0.311
	 

	 
	(0.53)
	(0.56)
	(1.04)
	(1.06)
	(1.26)
	(5.22)
	(2.49)
	(3.39)
	 

	Metro
	0.089
	0.033
	0.197
	0.182
	-0.005
	-0.054
	0.11
	-0.021
	 

	 
	(13.79)
	(1.06)
	(3.94)
	(3.23)
	(0.21)
	(3.96)
	(4.05)
	(1.25)
	 

	Black
	0.036
	0.193
	-0.091
	-0.151
	-0.058
	0.014
	0.034
	-0.003
	 

	 
	(3.79)
	(2.79)
	(2.19)
	(1.35)
	(2.63)
	(1.07)
	(0.85)
	(0.17)
	 

	Hispanic
	-0.057
	0.067
	-0.096
	-0.24
	-0.025
	-0.031
	0.057
	-0.003
	 

	 
	(6.72)
	(1.59)
	(1.68)
	(2.23)
	(0.94)
	(1.74)
	(1.46)
	(0.12)
	 

	Asian 
	-0.008
	0.065
	-0.216
	-0.539
	0.134
	0.078
	-0.02
	-0.036
	 

	 
	-0.54
	-0.67
	-3.19
	-1.45
	-2.28
	-2.94
	-0.23
	-1.14
	 

	Indian 
	0
	0.056
	-0.045
	-0.001
	-0.145
	-0.051
	0.075
	-0.032
	 

	 
	(0.01)
	(0.93)
	(0.44)
	0.00 
	(2.55)
	(1.56)
	(1.02)
	(0.76)
	 

	Lambda
	-0.327
	0.378
	2.548
	0.364
	-0.51
	-0.415
	0.618
	-0.144
	 

	 
	(7.28)
	(2.98)
	(1.72)
	(0.38)
	(2.61)
	(7.12)
	(1.68)
	(0.85)
	 

	Tau 
	-0.706
	-2.2
	60.568
	27.174
	-0.065
	-0.428
	6.386
	3.63
	 

	 
	(3.06)
	(2.28)
	(1.72)
	(1.14)
	(0.03)
	(1.35)
	(0.99)
	(1.73)
	 

	R- Sq
	0.137
	0.197
	0.158
	0.188
	0.181
	0.173
	0.117
	0.12
	 

	N
	35632
	1344
	1105
	481
	4244
	13038
	2023
	4638
	 

	t-statistics are in parentheses below the estimated coefficients.


	Table 4 (a) Occupational Choice Estimates – Men 

	(Without Any Occupational Attributes)

	 
	All Men 
	Married 
	Wid/Div/Sep
	Single 

	Predicted Wage
	0.031
	0.04
	0.009
	0.02

	 
	(106.82)
	(110.00)
	(10.52)
	(32.81)

	Earnings Risk 
	-16.05
	-15.771
	-14.817
	-17.33

	 
	(464.94)
	(367.36)
	(153.93)
	(241.14)

	N
	304253
	190760
	37262
	76231

	Log likelihood
	-705062.82
	-437549.11
	-87348.967
	-179779.85

	Chi-Square
	521700.84
	308988.456
	64434.523
	168374.322

	z-statistics are in parentheses below the estimated coefficients.

	
	
	
	
	

	Table 4 (b) Occupational Choice Estimates – Women 

	(Without Any Occupational Attributes)

	 
	All Women 
	Married
	Wid/Div/Sep
	Single 

	Predicted Wage
	0.524
	0.53
	0.537
	0.507

	 
	(1124.65)
	(827.66)
	(490.70)
	(600.48)

	Earnings Risk 
	-18.693
	-17.422
	-19.403
	-20.852

	 
	(397.78)
	(273.34)
	(191.23)
	(220.97)

	N
	262635
	143447
	56801
	62387

	Log likelihood
	-524527.68
	-285486.63
	-111943.26
	-126548.87

	Chi-Square
	1286106.5
	691481.304
	247252.538
	370971.073

	z-statistics are in parentheses below the estimated coefficients.


	Table 5 (a) Conditional Logit Occupational Choice Estimates – Men 

	(With Occupational Attributes)

	 
	 
	 
	 
	 

	 
	All Men 
	Married 
	Wid/Div/Sep
	Single 

	Predicted Wage
	1.632
	1.482
	1.676
	2.171

	 
	(200.41)
	(153.81)
	(54.06)
	(109.82)

	Earnings Risk 
	-292.079
	-270.267
	-280.058
	-380.207

	 
	(239.18)
	(173.92)
	(87.86)
	(138.99)

	Intellect
	-23.908
	-21.834
	-25.294
	-30.906

	 
	(254.72)
	(205.20)
	(66.53)
	(123.67)

	SVP
	12.262
	11.338
	12.07
	15.909

	 
	(259.42)
	(195.37)
	(81.67)
	(138.68)

	Phys Demand
	3.171
	3.055
	2.035
	4.191

	 
	(78.09)
	(59.02)
	(24.28)
	(52.55)

	Env Conditions
	-4.864
	-4.34
	-5.946
	-6.223

	 
	(80.84)
	(61.90)
	(26.78)
	(47.65)

	N
	304253
	190760
	37262
	76231

	Log likelihood
	1069637.406
	722194.263
	114102.255
	216120.878

	Chi-Square
	1069637.41
	722194.26
	114102.25
	216120.88

	
	
	
	
	

	Table 5 (b) Conditional Logit Occupational Choice Estimates – Women 

	(With Occupational Attributes)

	
	
	
	
	

	 
	All Women 
	Married 
	Wid/Div/Sep
	Single 

	Predicted Wage
	0.826
	0.806
	1.017
	0.760

	 
	(74.57)
	(43.09)
	(34.95)
	(43.95)

	Earnings Risk 
	-248.064
	-299.788
	-276.302
	-204.786

	 
	(86.440)
	(50.520)
	(45.460)
	(51.410)

	Intellect
	-25.387
	-31.315
	-28.123
	-21.169

	 
	(99.160)
	(55.410)
	(50.110)
	(62.150)

	SVP
	9.754
	12.017
	10.663
	8.058

	 
	(100.690)
	(56.970)
	(50.810)
	(61.240)

	Phys Demand
	72.481
	89.843
	78.405
	58.354

	 
	(97.000)
	(54.580)
	(48.090)
	(61.580)

	Env Conditions
	-218.567
	-264.031
	-237.532
	-180.240

	 
	(98.300)
	(56.250)
	(49.600)
	(60.450)

	N
	262635.000
	143447.000
	56801.000
	62387.000

	Log likelihood
	-128388.840
	-65516.867
	-26762.246
	-32792.464

	Chi-Square
	23963.850
	11341.080
	5469.440
	9017.330


Table 6(a) Adjusted Parameter Estimates on Self-Selection – Men

	Occ
	Observed Correlation
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	Adjusted Self-Selection Estimates 
(-1 to +1)
	Adjusted Self-Selection Estimates 
(-0.75 to +0.75)
	Adjusted Self-Selection Estimates 
( -0.75 to 0)

	1
	0.455
	0.154
	0.154
	0.154
	0.000

	2
	0.733
	0.312
	0.312
	0.312
	0.000

	3
	1.022
	0.279
	0.273
	0.205
	0.000

	4
	-0.560
	-0.132
	-0.132
	-0.132
	-0.132

	5
	0.976
	0.475
	0.475
	0.366
	0.000

	6
	1.415
	1.172
	0.829
	0.622
	0.000

	7
	-0.645
	-0.210
	-0.210
	-0.210
	-0.210

	8
	1.224
	0.753
	0.615
	0.461
	0.000

	9
	-0.300
	-0.056
	-0.056
	-0.056
	-0.056

	10
	-0.679
	-0.217
	-0.217
	-0.217
	-0.217

	11
	-1.021
	-0.683
	-0.669
	-0.502
	-0.502

	12
	0.490
	0.207
	0.207
	0.207
	0.000

	13
	0.733
	0.379
	0.379
	0.379
	0.000

	14
	-0.515
	-0.221
	-0.221
	-0.221
	-0.221

	15
	0.340
	0.117
	0.117
	0.117
	0.000

	16
	0.568
	0.187
	0.187
	0.187
	0.000

	17
	0.881
	0.523
	0.523
	0.446
	0.000

	18
	-0.532
	-0.204
	-0.204
	-0.204
	-0.204


Table 6(b) Adjusted Parameter Estimates on Self-Selection – Women

	Occ
	Observed Correlation 
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	Adjusted Self-Selection Estimates (-1 to +1)
	Adjusted Self-Selection Estimates (-0.75 to +0.75)
	Adjusted Self-Selection Estimates ( -0.75 to 0)

	1
	-0.425
	-0.126
	-0.126
	-0.126
	-0.126

	2
	1.491
	0.359
	0.241
	0.181
	0.000

	3
	0.790
	0.349
	0.349
	0.331
	0.000

	4
	0.763
	0.313
	0.313
	0.307
	0.000

	5
	1.504
	1.039
	0.691
	0.518
	0.000

	6
	1.078
	0.475
	0.441
	0.331
	0.000

	7
	-0.310
	-0.085
	-0.085
	-0.085
	-0.085

	8
	1.286
	0.651
	0.506
	0.380
	0.000

	9
	-0.114
	-0.036
	-0.036
	-0.036
	-0.036

	10
	-0.906
	-0.327
	-0.327
	-0.271
	-0.271

	11
	-1.926
	-0.378
	-0.196
	-0.147
	-0.147

	12
	4.774
	2.548
	0.534
	0.400
	0.000

	13
	4.546
	0.364
	0.080
	0.060
	0.000

	14
	-1.692
	-0.510
	-0.302
	-0.226
	0.000

	15
	-1.346
	-0.414
	-0.308
	-0.231
	-0.231

	16
	2.951
	0.618
	0.209
	0.157
	0.000

	17
	-0.886
	-0.144
	-0.144
	-0.122
	-0.122


	Table 7 (a) Conditional Logit Occupational Choice Estimates – Men 

	(Adjusted for Correlation between -1 to +1)

	
	
	
	
	

	 
	All Men 
	Married 
	Widowed
	Single 

	Predicted Wage
	1.111
	1.045
	1.188
	1.227

	 
	(217.27)
	(162.03)
	(72.10)
	(122.74)

	Earnings Risk 
	-211.848
	-202.147
	-215.654
	-232.943

	 
	(268.55)
	(201.41)
	(113.92)
	(142.17)

	Intellect
	-16.417
	-15.512
	-17.961
	-17.83

	 
	(300.39)
	(231.14)
	(98.95)
	(154.23)

	SVP
	8.607
	8.224
	8.901
	9.381

	 
	(284.66)
	(218.36)
	(111.35)
	(144.04)

	Phys Demand
	2.424
	2.361
	2.087
	2.726

	 
	(95.03)
	(71.17)
	(35.05)
	(56.05)

	Env Conditions
	-2.923
	-2.712
	-3.579
	-3.069

	 
	(81.43)
	(59.42)
	(28.41)
	(51.10)

	N
	304253
	190760
	37262
	76231

	Pseudo
	-338976.92
	-221845.15
	-38021.078
	-77764.893

	Chi-Square
	3085161.183
	1753009.3
	345292.08
	1246720.59

	
	
	
	
	

	Table 7 (b) Conditional Logit Occupational Choice Estimates – Women 

	(Adjusted for Correlation between -1 to +1)

	 
	
	
	
	

	 
	All Women 
	Married
	Widowed
	Single

	Predicted Wage
	0.297
	0.287
	0.292
	0.266

	 
	(303.84)
	(444.30)
	(209.49)
	(261.42)

	Earnings Risk 
	-143.082
	-136.617
	-150.752
	-120.664

	 
	(178.83)
	(242.84)
	(116.09)
	(125.04)

	Intellect
	-12.923
	-12.926
	-14.986
	-12.061

	 
	(152.08)
	(221.54)
	(111.81)
	(120.39)

	SVP
	4.975
	4.863
	5.485
	4.394

	 
	(158.83)
	(226.12)
	(111.85)
	(118.36)

	Phys Demand
	27.943
	24.629
	23.824
	18.56

	 
	(122.45)
	(155.95)
	(67.40)
	(63.35)

	Env Conditions
	-101.859
	-93.483
	-96.932
	-77.108

	 
	(158.72)
	(211.18)
	(97.61)
	(97.87)

	N
	262635
	143447
	56801
	62387

	Pseudo
	-186481.99
	-360711.16
	-74752.255
	-95912.058

	Chi-Square
	4092758.63
	9000267.643
	2339084.596
	2747319.893

	Table 8 (a) Conditional Logit Occupational Choice Estimates – Men 

	(Adjusted for Correlation between -0.75 to +0.75)

	
	
	
	
	

	 
	All Men 
	Married 
	Widowed
	Single 

	Predicted Wage
	0.113
	0.094
	0.16
	0.132

	 
	(72.57)
	(51.80)
	(31.73)
	(41.23)

	Earnings Risk 
	-48.72
	-47.001
	-54.612
	-49.3

	 
	(160.40)
	(133.23)
	(56.51)
	(74.50)

	Intellect
	-3.926
	-3.734
	-4.65
	-3.901

	 
	(147.04)
	(119.32)
	(55.10)
	(68.95)

	SVP
	2.142
	2.149
	2.342
	1.953

	 
	(161.29)
	(138.59)
	(56.29)
	(66.46)

	Phys Demand
	0.771
	0.709
	0.888
	0.937

	 
	(130.01)
	(91.87)
	(54.02)
	(79.56)

	Env Conditions
	-0.788
	-0.767
	-0.93
	-0.794

	 
	(59.24)
	(42.05)
	(24.25)
	(36.57)

	N
	304253
	190760
	37262
	76231

	Pseudo
	-702833.18
	-433363.14
	-82218.51
	-184250.09

	Chi-Square
	1337671.256
	548965.538
	197600.934
	828599.388

	
	
	
	
	

	Table 8 (b) Conditional Logit Occupational Choice Estimates – Women 

	(Adjusted for Correlation between -0.75 to +0.75)

	
	
	
	
	

	Predicted Wage
	0.192
	0.188
	0.206
	0.2

	 
	(381.02)
	(235.24)
	(180.96)
	(202.03)

	Earnings Risk 
	-40.282
	-45.269
	-40.982
	-31.515

	 
	(131.45)
	(96.10)
	(61.90)
	(63.19)

	Intellect
	-6.52
	-6.702
	-7.233
	-5.809

	 
	(152.22)
	(101.54)
	(78.27)
	(78.98)

	SVP
	2.344
	2.506
	2.496
	1.949

	 
	(136.09)
	(95.69)
	(69.08)
	(64.28)

	Phys Demand
	9.925
	12.035
	8.814
	6.791

	 
	(70.13)
	(54.75)
	(32.39)
	(30.29)

	Env Conditions
	-36.98
	-42.587
	-35.153
	-28.408

	 
	(111.45)
	(81.85)
	(54.19)
	(54.75)

	N
	262635
	143447
	56801
	62387

	Log likelihood
	-543632.05
	-281546.86
	-116456.65
	-142779.92

	Chi-Square
	5393683.62
	2867803.875
	1131901.329
	1300094.401


	Table 9 (a) Conditional Logit Occupational Choice Estimates –Men 

	(Adjusted for Correlation between -0.75 to  0)

	
	
	
	
	

	 
	All Men 
	Married 
	Widowed
	Single 

	Predicted Wage
	0.132
	0.136
	0.154
	0.122

	 
	(73.62)
	(59.22)
	(27.63)
	(36.17)

	Earnings Risk 
	-14.149
	-13.248
	-16.772
	-14.722

	 
	(98.42)
	(73.35)
	(36.85)
	(54.07)

	Intellect
	-1.864
	-1.873
	-2.22
	-1.643

	 
	(112.89)
	(88.68)
	(44.12)
	(53.31)

	SVP
	0.638
	0.709
	0.701
	0.381

	 
	(86.95)
	(77.24)
	(30.52)
	(26.36)

	Phys Demand
	0.232
	0.173
	0.332
	0.402

	 
	(38.31)
	(22.24)
	(18.65)
	(32.63)

	Env Conditions
	-2.049
	-2.188
	-2.094
	-1.808

	 
	(87.96)
	(71.11)
	(30.35)
	(43.94)

	N
	304253
	190760
	37262
	76231

	Log likelihood
	-861027.95
	-532041.79
	-102072.62
	-223082.1

	Chi-Square
	540146.313
	250306.07
	87391.128
	265064.757

	
	
	
	
	

	Table 9 (b) Conditional Logit  Occupational Choice Estimates – Women 

	(Adjusted for Correlation between -0.75 to  0)

	
	
	
	
	

	 
	All Men 
	Married 
	Widowed
	Single 

	Predicted Wage
	0.231
	0.178
	0.277
	0.314

	 
	(113.33)
	(63.06)
	(55.45)
	(81.23)

	Earnings Risk 
	-1.135
	-3.111
	-4.885
	5.567

	 
	(4.45)
	(8.44)
	(7.94)
	(13.10)

	Intellect
	-4.247
	-4.142
	-5.236
	-3.709

	 
	(102.81)
	(68.26)
	(54.31)
	(55.13)

	SVP
	1.125
	1.176
	1.415
	0.784

	 
	(65.71)
	(46.91)
	(35.60)
	(27.66)

	Phys Demand
	0.713
	1.138
	0.795
	-0.152

	 
	(10.15)
	(10.43)
	(5.21)
	(1.43)

	Env Conditions
	-12.304
	-14.151
	-13.269
	-8.176

	 
	(67.52)
	(50.69)
	(31.67)
	(29.82)

	N
	262635
	143447
	56801
	62387

	Log likelihood
	-628648.84
	-334085.22
	-133587.04
	-158361.29

	Chi-Square
	829772.588
	469705.778
	191005.556
	174279.643


Table 10 (a) Marginal Effects of Earning Risk – Men
	OCC
	1
	2
	3
	4
	5
	6
	7
	8
	9
	P

	1
	-0.17735
	5.85E-07
	0.002221
	0.010311
	3.10E-13
	1.20E-29
	0.000148
	3.89E-17
	0.071758
	0.249089

	2
	4.39E-06
	-2.20E-05
	2.15E-07
	9.96E-07
	2.99E-17
	1.16E-33
	1.43E-08
	3.76E-21
	6.93E-06
	1.54E-05

	3
	0.003998
	5.15E-08
	-0.01941
	0.000908
	2.73E-14
	1.06E-30
	1.30E-05
	3.43E-18
	0.006316
	0.016933

	4
	0.005768
	7.43E-08
	0.000282
	-0.02698
	3.94E-14
	1.53E-30
	1.88E-05
	4.95E-18
	0.009114
	0.044324

	5
	3.60E-12
	4.64E-17
	1.76E-13
	8.17E-13
	-1.80E-11
	9.53E-40
	1.17E-14
	3.09E-27
	5.69E-12
	1.26E-11

	6
	0
	0
	0
	0
	0
	-1.30E-26
	0
	0
	0
	9.5E-27

	7
	0.000197
	2.54E-09
	9.64E-06
	4.47E-05
	1.34E-15
	5.21E-32
	-0.00097
	1.69E-19
	0.000311
	0.000924

	8
	1.05E-14
	1.35E-19
	5.12E-16
	2.38E-15
	7.15E-26
	2.78E-42
	3.42E-17
	-5.10E-14
	1.65E-14
	3.64E-14

	9
	0.007304
	9.41E-08
	0.000357
	0.001658
	4.98E-14
	1.93E-30
	2.38E-05
	6.26E-18
	-0.02429
	0.241043

	10
	0.001184
	1.53E-08
	5.79E-05
	0.000269
	8.08E-15
	3.13E-31
	3.86E-06
	1.02E-18
	0.001871
	0.004835

	11
	0
	0
	0
	0
	0
	0
	0
	0
	0
	1.52E-23

	12
	0.02506
	3.23E-07
	0.001226
	0.00569
	1.71E-13
	6.63E-30
	8.17E-05
	2.15E-17
	0.039597
	0.112527

	13
	7.39E-06
	9.52E-11
	3.62E-07
	1.68E-06
	5.05E-17
	1.96E-33
	2.41E-08
	6.34E-21
	1.17E-05
	2.57E-05

	14
	0.003897
	5.02E-08
	0.000191
	0.000885
	2.66E-14
	1.03E-30
	1.27E-05
	3.34E-18
	0.006158
	0.025417

	15
	0.029089
	3.75E-07
	0.001423
	0.006604
	1.98E-13
	7.70E-30
	9.48E-05
	2.49E-17
	0.045962
	0.277491

	16
	0.001828
	2.35E-08
	8.94E-05
	0.000415
	1.25E-14
	4.84E-31
	5.96E-06
	1.57E-18
	0.002889
	0.008251

	17
	1.20E-14
	1.55E-19
	5.90E-16
	2.74E-15
	8.22E-26
	3.18E-42
	3.92E-17
	1.03E-29
	1.90E-14
	4.18E-14

	18
	0.001268
	1.63E-08
	6.20E-05
	0.000288
	8.65E-15
	3.36E-31
	4.13E-06
	1.09E-18
	0.002004
	0.005461

	Total 
	-0.09775
	-2E-05
	-0.01349
	9.54E-05
	-1.7E-11
	-1.3E-26
	-0.00056
	-5.1E-14
	0.161709
	0.986335

	OCC
	10
	11
	12
	13
	14
	15
	16
	17
	18
	P

	1
	0.000584
	7.92E-27
	0.015455
	4.26E-07
	0.005459
	0.069424
	0.001241
	5.16E-17
	0.000752
	0.249089

	2
	5.64E-08
	7.65E-31
	1.49E-06
	4.12E-11
	5.27E-07
	6.70E-06
	1.20E-07
	4.98E-21
	7.26E-08
	1.54E-05

	3
	5.14E-05
	6.97E-28
	0.00136
	3.75E-08
	0.000481
	0.006111
	0.000109
	4.54E-18
	6.62E-05
	0.016933

	4
	7.42E-05
	1.01E-27
	0.001963
	5.42E-08
	0.000693
	0.008818
	0.000158
	6.56E-18
	9.55E-05
	0.044324

	5
	4.63E-14
	6.28E-37
	1.23E-12
	3.38E-17
	4.33E-13
	5.50E-12
	9.83E-14
	4.09E-27
	5.96E-14
	1.26E-11

	6
	0
	0
	0
	0
	0
	0
	0
	0
	0
	9.5E-27

	7
	2.53E-06
	3.44E-29
	6.71E-05
	1.85E-09
	2.37E-05
	0.000301
	5.38E-06
	2.24E-19
	3.26E-06
	0.000924

	8
	1.35E-16
	1.83E-39
	3.57E-15
	9.83E-20
	1.26E-15
	1.60E-14
	2.86E-16
	1.19E-29
	1.73E-16
	3.64E-14

	9
	9.39E-05
	1.27E-27
	0.002486
	6.86E-08
	0.000878
	0.011165
	0.0002
	8.30E-18
	0.000121
	0.241043

	10
	-0.00579
	2.07E-28
	0.000403
	1.11E-08
	0.000142
	0.001811
	3.24E-05
	1.35E-18
	1.96E-05
	0.004835

	11
	0
	-2.10E-23
	0
	0
	0
	0
	0
	0
	0
	1.52E-23

	12
	0.000322
	4.37E-27
	-0.1144
	2.35E-07
	0.003012
	0.038309
	0.000685
	2.85E-17
	0.000415
	0.112527

	13
	9.51E-08
	1.29E-30
	2.52E-06
	-3.60E-05
	8.89E-07
	1.13E-05
	2.02E-07
	8.40E-21
	1.22E-07
	2.57E-05

	14
	5.01E-05
	6.80E-28
	0.001326
	3.66E-08
	-0.01865
	0.005958
	0.000106
	4.43E-18
	6.45E-05
	0.025417

	15
	0.000374
	5.08E-27
	0.009899
	2.73E-07
	0.003497
	-0.09822
	0.000795
	3.31E-17
	0.000482
	0.277491

	16
	2.35E-05
	3.19E-28
	0.000622
	1.72E-08
	0.00022
	0.002795
	-0.00892
	2.08E-18
	3.03E-05
	0.008251

	17
	1.55E-16
	2.10E-39
	4.09E-15
	1.13E-19
	1.45E-15
	1.84E-14
	3.29E-16
	-5.90E-14
	1.99E-16
	4.18E-14

	18
	1.63E-05
	2.21E-28
	0.000432
	1.19E-08
	0.000152
	0.001939
	3.47E-05
	1.44E-18
	-0.0062
	0.005461

	Total 
	-0.0042
	-2.1E-23
	-0.08038
	-3.5E-05
	-0.00409
	0.048429
	-0.00555
	-5.9E-14
	-0.00415
	0.986335


Table 10 (b) Marginal Effects of  Earnings Risk – Women
	OCC
	1
	2
	3
	4
	5
	6
	7
	8
	9
	P

	1
	0.062234
	-0.00641
	-2.2E-06
	-2.3E-05
	-1.5E-13
	-5.7E-07
	-0.00489
	-7.4E-10
	-0.03226
	0.318135

	2
	-0.00641
	0.018725
	-5E-07
	-5.1E-06
	-3.3E-14
	-1.3E-07
	-0.00108
	-1.6E-10
	-0.00712
	0.070198

	3
	-2.2E-06
	-5E-07
	7.06E-06
	-1.8E-09
	-1.2E-17
	-4.4E-11
	-3.8E-07
	-5.7E-14
	-2.5E-06
	2.46E-05

	4
	-2.3E-05
	-5.1E-06
	-1.8E-09
	7.25E-05
	-1.2E-16
	-4.5E-10
	-3.9E-06
	-5.9E-13
	-2.6E-05
	0.000253

	5
	-1.5E-13
	-3.3E-14
	-1.2E-17
	-1.2E-16
	4.77E-13
	-3E-18
	-2.6E-14
	-3.9E-21
	-1.7E-13
	1.66E-12

	6
	-5.7E-07
	-1.3E-07
	-4.4E-11
	-4.5E-10
	-3E-18
	1.79E-06
	-9.6E-08
	-1.4E-14
	-6.3E-07
	6.23E-06

	7
	-0.00489
	-0.00108
	-3.8E-07
	-3.9E-06
	-2.6E-14
	-9.6E-08
	0.014546
	-1.2E-10
	-0.00543
	0.053572

	8
	-7.4E-10
	-1.6E-10
	-5.7E-14
	-5.9E-13
	-3.9E-21
	-1.4E-14
	-1.2E-10
	2.33E-09
	-8.2E-10
	8.11E-09

	9
	-0.03226
	-0.00712
	-2.5E-06
	-2.6E-05
	-1.7E-13
	-6.3E-07
	-0.00543
	-8.2E-10
	0.065565
	0.353499

	10
	-0.00055
	-0.00012
	-4.2E-08
	-4.3E-07
	-2.9E-15
	-1.1E-08
	-9.2E-05
	-1.4E-11
	-0.00061
	0.005978

	11
	-8.3E-05
	-1.8E-05
	-6.5E-09
	-6.6E-08
	-4.4E-16
	-1.6E-09
	-1.4E-05
	-2.1E-12
	-9.3E-05
	0.000915

	12
	-0.00306
	-0.00067
	-2.4E-07
	-2.4E-06
	-1.6E-14
	-6E-08
	-0.00051
	-7.8E-11
	-0.0034
	0.033482

	13
	-0.00047
	-0.0001
	-3.6E-08
	-3.7E-07
	-2.4E-15
	-9.1E-09
	-7.8E-05
	-1.2E-11
	-0.00052
	0.005105

	15
	-0.00011
	-2.5E-05
	-8.7E-09
	-9E-08
	-5.9E-16
	-2.2E-09
	-1.9E-05
	-2.9E-12
	-0.00013
	0.001239

	16
	-2.9E-05
	-6.5E-06
	-2.3E-09
	-2.3E-08
	-1.5E-16
	-5.7E-10
	-4.9E-06
	-7.5E-13
	-3.3E-05
	0.000321

	17
	-0.01355
	-0.00299
	-1E-06
	-1.1E-05
	-7.1E-14
	-2.7E-07
	-0.00228
	-3.5E-10
	-0.01506
	0.148493

	18
	-0.0008
	-0.00018
	-6.2E-08
	-6.4E-07
	-4.2E-15
	-1.6E-08
	-0.00013
	-2E-11
	-0.00089
	0.008779

	Total 
	1.38E-17
	-3E-18
	-7.1E-21
	-1.3E-19
	-1E-27
	1.56E-22
	-5.5E-18
	6.98E-25
	-5.8E-17
	1

	OCC
	10
	11
	12
	13
	15
	16
	17
	18
	
	P

	1
	-0.00055
	-8.3E-05
	-0.00306
	-0.00047
	-0.00011
	-2.9E-05
	-0.01355
	-0.0008
	
	0.318135

	2
	-0.00012
	-1.8E-05
	-0.00067
	-0.0001
	-2.5E-05
	-6.5E-06
	-0.00299
	-0.00018
	
	0.070198

	3
	-4.2E-08
	-6.5E-09
	-2.4E-07
	-3.6E-08
	-8.7E-09
	-2.3E-09
	-1E-06
	-6.2E-08
	
	2.46E-05

	4
	-4.3E-07
	-6.6E-08
	-2.4E-06
	-3.7E-07
	-9E-08
	-2.3E-08
	-1.1E-05
	-6.4E-07
	
	0.000253

	5
	-2.9E-15
	-4.4E-16
	-1.6E-14
	-2.4E-15
	-5.9E-16
	-1.5E-16
	-7.1E-14
	-4.2E-15
	
	1.66E-12

	6
	-1.1E-08
	-1.6E-09
	-6E-08
	-9.1E-09
	-2.2E-09
	-5.7E-10
	-2.7E-07
	-1.6E-08
	
	6.23E-06

	7
	-9.2E-05
	-1.4E-05
	-0.00051
	-7.8E-05
	-1.9E-05
	-4.9E-06
	-0.00228
	-0.00013
	
	0.053572

	8
	-1.4E-11
	-2.1E-12
	-7.8E-11
	-1.2E-11
	-2.9E-12
	-7.5E-13
	-3.5E-10
	-2E-11
	
	8.11E-09

	9
	-0.00061
	-9.3E-05
	-0.0034
	-0.00052
	-0.00013
	-3.3E-05
	-0.01506
	-0.00089
	
	0.353499

	10
	0.001705
	-1.6E-06
	-5.7E-05
	-8.8E-06
	-2.1E-06
	-5.5E-07
	-0.00025
	-1.5E-05
	
	0.005978

	11
	-1.6E-06
	0.000262
	-8.8E-06
	-1.3E-06
	-3.3E-07
	-8.4E-08
	-3.9E-05
	-2.3E-06
	
	0.000915

	12
	-5.7E-05
	-8.8E-06
	0.009284
	-4.9E-05
	-1.2E-05
	-3.1E-06
	-0.00143
	-8.4E-05
	
	0.033482

	13
	-8.8E-06
	-1.3E-06
	-4.9E-05
	0.001457
	-1.8E-06
	-4.7E-07
	-0.00022
	-1.3E-05
	
	0.005105

	15
	-2.1E-06
	-3.3E-07
	-1.2E-05
	-1.8E-06
	0.000355
	-1.1E-07
	-5.3E-05
	-3.1E-06
	
	0.001239

	16
	-5.5E-07
	-8.4E-08
	-3.1E-06
	-4.7E-07
	-1.1E-07
	9.21E-05
	-1.4E-05
	-8.1E-07
	
	0.000321

	17
	-0.00025
	-3.9E-05
	-0.00143
	-0.00022
	-5.3E-05
	-1.4E-05
	0.036275
	-0.00037
	
	0.148493

	18
	-1.5E-05
	-2.3E-06
	-8.4E-05
	-1.3E-05
	-3.1E-06
	-8.1E-07
	-0.00037
	0.002497
	
	0.008779

	Total 
	-3.3E-19
	-5.5E-20
	7.54E-18
	-4.3E-19
	7.5E-19
	1.45E-19
	-6.1E-17
	0
	0
	1


Table 11 Comparison of Marginal Effects of Earnings Risk

	Occupations
	Men
	Women

	Executive & Managers
	-0.1722
	-0.1482

	Engineers & Scientists
	-3.00E-06
	-0.0446

	Health
	-0.0105
	-2.00E-05

	Teachers & Librarians
	-0.0468
	-0.0002

	Social Scientists & Lawyers
	-1.00E-12
	-1.00E-12

	Social Workers / Writers
	-6.00E-29
	-4.00E-06

	Technicians
	-0.0007
	-0.0346

	Sales
	-2.00E-16
	-6.00E-09

	Administrative Support
	-0.2315
	-0.1561

	Service
	-0.0028
	-0.0041

	Farming, Forestry, Fishing
	-4.00E-26
	-0.0006

	Mechanics and Repairers
	-0.0685
	-0.0221

	Construction
	-2.00E-06
	-0.0035

	Extractive Occ & Plant Operators
	-0.0254
	-0.0008

	Precision Workers
	-0.2275
	 

	Machine Operators
	-0.0059
	-0.0002

	Transportation & Material Moving
	-2.00E-16
	-0.0864

	Handlers, Laborers and Cleaners
	-0.0016
	-0.0059
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� This is also the usual way of calculating earnings risk in the literature. However, a few studies have estimated earnings risk or income risk as the standard deviation of wages or coefficient of variation in income.   


� The proof of the equation is given in Greene (2003: 788). 


� The self-selection term is a non-linear transformation of the variables that affect occupational choice. However since variables that affect occupational outcome also affect wage hence relying on non-linear transformation is not enough. Therefore, I include variables marital status, citizenship status and mean education of the household in the occupational choice which are not present in the wage equation to identify the selection correction term. 


� For brevity the multinomial logit estimates are not discussed, but they can be made available upon request. 


� The calculated Wald test statistics with 6 degrees of freedom is  83240.987


� The correlation between physical demands and environmental condition is reported to be 0.6967. 


� Occupation 14 is not included for women in regression analysis. 


� The marginal effects are calculated for a 0.005 unit increase in earninsg risk in all occupations. 





PAGE  
3

_1251746560.unknown

_1251790810.unknown

_1255264152.unknown

_1255272250.unknown

_1255862767.unknown

_1255863534.unknown

_1255871102.unknown

_1256022962.unknown

_1255871142.unknown

_1255864942.unknown

_1255870932.unknown

_1255863312.unknown

_1255863422.unknown

_1255863298.unknown

_1255862639.unknown

_1255862691.unknown

_1255849123.unknown

_1255265107.unknown

_1252183330.unknown

_1254915442.unknown

_1255263998.unknown

_1254916146.unknown

_1255163865.unknown

_1254916192.unknown

_1254915763.unknown

_1252183426.unknown

_1252183715.unknown

_1252184329.unknown

_1254689657.unknown

_1252183465.unknown

_1252183394.unknown

_1251803037.unknown

_1252183247.unknown

_1252183288.unknown

_1252183148.unknown

_1251792286.unknown

_1251792367.unknown

_1251792715.unknown

_1251803010.unknown

_1251792409.unknown

_1251792331.unknown

_1251792217.unknown

_1251748130.unknown

_1251748938.unknown

_1251748974.unknown

_1251749795.unknown

_1251786244.unknown

_1251790611.unknown

_1251790751.unknown

_1251787119.unknown

_1251787276.unknown

_1251788045.unknown

_1251788093.unknown

_1251787185.unknown

_1251786941.unknown

_1251786994.unknown

_1251786721.unknown

_1251750066.unknown

_1251750366.unknown

_1251751229.unknown

_1251785708.unknown

_1251751059.unknown

_1251750148.unknown

_1251749976.unknown

_1251749122.unknown

_1251749593.unknown

_1251749643.unknown

_1251749070.unknown

_1251748797.unknown

_1251748527.unknown

_1251748629.unknown

_1251748401.unknown

_1251747910.unknown

_1251747949.unknown

_1251748007.unknown

_1251747722.unknown

_1251747765.unknown

_1251747836.unknown

_1251747617.unknown

_1250852071.unknown

_1251744770.unknown

_1251745522.unknown

_1251746279.unknown

_1251746500.unknown

_1251746081.unknown

_1251745270.unknown

_1251745365.unknown

_1251744962.unknown

_1251738825.unknown

_1251742545.unknown

_1251743074.unknown

_1251739111.unknown

_1251738651.unknown

_1250852870.unknown

_1250150576.unknown

_1250151398.unknown

_1250152028.unknown

_1250152263.unknown

_1250152276.unknown

_1250152416.unknown

_1250754417.unknown

_1250152289.unknown

_1250152076.unknown

_1250152198.unknown

_1250151609.unknown

_1250152007.unknown

_1250151503.unknown

_1250151364.unknown

_1250151387.unknown

_1250151342.unknown

_1239340688.unknown

_1239800437.unknown

_1250150465.unknown

_1250150519.unknown

_1250149784.unknown

_1239572573.unknown

_1239572608.unknown

_1239572692.unknown

_1239572209.unknown

_1238009407.unknown

_1238010238.unknown

_1238010325.unknown

_1236836556.unknown

_1238008774.unknown

_1234607875.unknown

_1234608464.unknown

_1234605200.unknown

_1232882295.unknown

