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I. Introduction


All around America, and around the world for that matter, divorce is on the rise.  It’s an unavoidable fact in today’s society, but are some more prone to divorce than others.  This paper will take a look at selected variables in an attempt to find a correlation between the variables and divorce rates.


Seven independent variables have been selected based on the availability of information and theoretical relevance for the equation.  Regression analysis will be utilized to help explain why divorce has been on the rise, using the ordinary least squares method.  The paper is divided into six more sections.  Section II will describe each variable and its theoretical backing, while Section III will provide descriptive statistics.  Section IV covers a test for multicollinearity; Section V tests for heteroskedasticity, Section VI displays the results of the regression analysis, and Section VII provides a conclusion and suggestions for future studies. 

II. Empirical Analysis

In an attempt to find what causes the variation in the divorce rate across states, Equation 1 is designed using year 2000 cross sectional data set consisting of 50 observations of the 50 states.  The method used to estimate Equation 1 is OLS (ordinary least squares) utilizing the EViews program.
Equation 1:
Divorce Rate = F (LAW, INC, LF, MET, POV, EDU, REL) + error term
Table 1 below provides a description of each independent variable and its expected effect on the dependent variable, divorce rate.  The divorce rate is calculated based on the number of divorces per 1,000 population in a given state.
Table 1: The Independent Variables Included in Equation 1 and their Expected Signs of the Estimated Coefficients.

The Dependent Variable is the Divorce Rate per 1,000 Population.
	Independent Variables
	Definition
	Expected Effect on the Divorce Rate per 1,000 Population

	LAW
	The number of years since the no-fault law was enacted.
	Positive

	INC
	The median income for a four-person family.
	Ambiguous

	LF
	Percentage of females age 16+ who participate in the labor force.
	Positive

	MET
	Percentage of the state population that lives in metropolitan areas. 
	Positive

	POV
	Percentage of state population that lives in poverty.
	Ambiguous

	EDU
	Percentage of state population age 25+ with a bachelor’s degree or higher.
	Ambiguous

	RELIG
	The combined percentage of Jewish and Christian adherents per state.
	Negative


Many other factors, some that can not be quantified, play a role in the divorce rate, but many researchers seem to focus on the above independent variables.  The seven independent variables listen in Table 1 above are the seven most spoken of causes of divorce in research papers.


The first independent variable, no-fault divorce law (LAW), takes into account the number of years since the no-fault law was enacted in each state.  No-fault divorce laws play a critical role in how often divorce is sought out. They enable those who file for divorce not to spend the time or the money on placing blame on one party.  In other words, it allows for a ‘quick and easy’ divorce.  The laws were enacted in varying years in each state, so the longer the law has been in place, the more efficient it should have become.  Also, the longer the law is in place, the more people become aware of it and utilize it.  This would lead one to expect a positive correlation between the length of time the law has been in place and the divorce rate.  A 1995 experiment run by three professors from the University of Oklahoma (Nakonezney, Rogers and Shull) found that, holding all else constant, the presence of no fault divorce laws “had a significant positive effect on the divorce rate across the 50 states (Nakonezny p. 477).”  Some of the other factors that this team took into consideration were educational and income related. The team took into consideration the year that the no fault divorce law was enacted in each state, then compared the pre and post law divorce rates.  They concluded that after the no- fault law was enforced in each state that the divorce rate did in fact increase.  It is because of these finding that the expected sign of the (LAW) coefficient is positive.

It is the same set of researches from the University of Oklahoma who support the theory that median family income (INC), measured for a four-person family, is a determent of divorce rates.  In their 1995 study, the researchers concluded that the income level played a significant role in divorce rates, exhibiting a positive correlation (Nakonezny p. 484).  It stands to reason that if a man and woman collectively make a relatively good amount of money, neither has to be scared of monetary shortages both during and after a divorce.  Typical human nature would dictate greed as an issue for divorce.  The more inflow of money there is, the more choices of what to buy or what to invest in.  This brings up more issues that could spark a fight.  Whereas, if there is a relatively low income level, living ‘check to check’ per say, then the money typically goes toward necessities first.  Also, it could be said that the formation of a family unit tends to produce two breadwinners, making each more financially independent and increasing the chance for divorce.  On the other hand, an opposite effect could be seen.  Most marital fights are generally based on the issue of money (Lorenz), or the lack of it.  So, along this line of thought, one could reason that a decrease in income also leads to an increase in fights, and then to divorce.  Hence, the expected sign of the (INC) coefficient is ambiguous. 

The next independent variable is the female labor force participation (LF), measured as the percentage of women in the labor force
 by state.  The expected sign of the labor force coefficient should be positive.  Theoretically, the higher the labor force participation rate among women, the higher the probability for divorce.  This theory is supported by a notable study conducted by Johnson and Skinner from the University of Virginia (1986).  They cite the effects of separation and divorce on both men and women.  It would seem as though after a divorce, the work effort and hours spent working increases substantially for women, while it marginally drops for men.  They state that on average, a year proceeding divorce, women increase their work hours in the labor market from an annual rate of 1024 hours to 1551 (p. 455).  This might suggest that women are foreseeing the end of the marriage and are attempting to become more financially independent before the split, so it won’t be such a shock to the pocketbook later.  But this theory would bring about the eternal question, the chicken or the egg?  Can causality be proven in such a scenario?  No, regression analysis can not prove the direction of causality.  So, as to whether divorce increases labor force participation, or if higher work hours contribute to divorce, the question will remain unanswered.
The increased work hours of the female could have lead to the higher dissatisfaction of both parties in the marriage, and ultimately to the divorce.  Economic theory suggests that marriage could result in a higher degree of specialization of both parties, one which ultimately benefits both spouses.  If the wife has a lower opportunity cost for home production, then it would stand to reason that she could work more in the home than her husband, utilizing the economic theory of comparative advantage
.  In this situation, the wife would be trading some of her household services for a portion of her husband’s income.  But, if the woman were to be divorced, she would need to become more economically self sufficient because of the potential loss of the portion of her husband’s income.

Metropolitan population (MET) is a key factor in divorce rates as well.  Calculated by government statisticians, the metropolitan population statistic is comprised of metro and micropolitan areas, each of which are divided on county lines to prevent state to state overlap.  A metro “area must have at least 1 urbanized area of 50,000 or more inhabitants.  Each micropolitan statistical area must have at least 1 urban cluster of at least 10,000 but less than 50,000 population.”  Generally speaking, a state with a high overall population tends to incorporate many urban areas into its borders.  
Beth Shelton from the State University of New York argues that the ease of mobility in the state has a positive relationship with the divorce rate (1987).  She discusses the facts that urban areas tend to have less strict social codes and norms and religious backings.  These effects can lead to an increase in divorce.  Also, the heterogeneity of metropolitan areas is much higher, so there are more ‘fish in the sea’ for people of urban areas.  The contrary is true in the rural areas.  Where population is low, there are fewer prospects for another suitor.  Also, in rural areas, there tends to be a higher emphasis on family farm work vs. market work.  This leads back to the theory of specialization.  It would be harder for a man, or a woman, to leave a marriage where work is not centered around the labor market.  Not only are a man and woman in a marital union, but also partners in business.  They depend on each other to help run the farm.  In the event of a divorce, not only has each lost a life partner, but a business partner as well, making it more difficult to go though a divorce.  It can then be expected that the sign of the (MET) coefficient to be positive.

Somewhat in key with the income variable, is the independent variable of the percentage of a state’s population living in poverty (POV). The poverty rate is defined by the U.S. Census Bureau and is the percentage of the population below an income threshold level, which varies for the size of the household.  It’s theorized that the worse off an economy, the lower the chance for divorce.  Logically, this makes a lot of sense.  Generally speaking, when a whole economy is worse off, the average wages for an individual decrease and there is less money available.  This leads directly to the thoughts surrounding financial independence.  The less financially independent both parties are in a marriage, the harder a divorce would be.  If a wife, or a husband, could leave the union without fear of having a monetary shortcoming during the transition and post divorce, the party would be more apt to pursue the divorce.  Also, when income and wages trend downward, there tends to be a corresponding increase in production of home goods, making the producer of the home goods more indispensable to the marriage (Blackburn p. 479).  But, as is the argument with the median income variable, the lack of money could actually cause more marital problems and lead to a higher chance for divorce.  Due to these facts, the sign of the (POV) coefficient is expected to be ambiguous.

Even without any theoretical backing, it would be common sense that the higher educational attainment of marriage partners, the less likely the chance for divorce.  Education (EDU) is measured by the percentage of state population, age 25+, having a bachelor’s degree or higher. Common sense would guide one to the thought that someone with a higher level of education would step back and examine all of the costs and benefits of an action before making a final decision.  It makes sense that this thought process could be applied to the marriage process.  When a man or woman chooses a partner, they weigh certain costs and benefits of such action.  Such costs and benefits may not be purely monetary though, it could consist of emotional virtues.  If a man wants to have a child, and the woman doesn’t, then this is a cost for the man, giving up the possibility of having a child in the future.  Thus, we’d expect someone with higher education to more thoroughly examine these issues before engaging in the act of marriage, leading to fewer bumps down the road and a lower chance for divorce.  In fact, in a 1995 study, Paul Nakonezny and partners found that higher educational attainment did in fact have a negative effect on divorce rates.  However, as education rises, income usually follow suit.  If this were true, based on the theoretical backing for the INC variable, one should expect divorce rates to rise.  Thus, the (EDU) coefficient should have an ambiguous sign.

Many of the papers that have included the aforementioned variables, have also touched upon the role that religion plays in the occurrence of divorce.  For the purpose of this paper, one variable describes religion.  The Christians include the percentage of the state population that defines themselves as Christian adherents, and the Jews include the percentage of the state population that defines themselves as Jewish adherents.  Together, the Christian and Jewish adherent percentages make up the religion variable (RELIG), to attempt to capture a broader sense of the religious background of a state.  Many religions are very strict on the policy of divorce.  Take Catholics for example; if a Catholic were to try to get a divorce, the church itself might become unfriendly with that individual.  Also, in some religions, a divorce does no do anything because the church does not recognize paper divorces.  The church states that even in a paper divorce, the two are still married for eternity in God’s eyes.  Even if a religion isn’t that strict, it still sets another huddle on the road to divorce.  It’s another cost, or even moral dilemma that a person must consider.  All of the articles for this paper have noted the effects of religion on divorce rates, and Stephan Somogyi (1941), as well as the Oklahoma researchers (1995), found that the presence of religion has a negative effect on divorce rates.
III. Descriptional Statistics

Table 2: Description of Statistics:  Maximums, Means, and Minimums for Each Variable and the State Associated with Each Value in Year 2000.
	VARIABLE
	MAX
	MEAN
	MIN

	DIV
(Divorces per 1,000)
	6.8

Nevada
	4.19
	2.4

Massachusetts

	LAW
(Years law  has been in force)
	52 years
Oklahoma
	32.22 years
	18 years
Utah

	INC
(Median family income)
	$82,702
Connecticut
	$60,289
	$44,537
Arkansas

	LF
( % of women in the labor force)
	70.3%
Minnesota
	61.7%

	51.3%
West Virginia

	MET
(% living in metropolitan areas)
	100%
New Jersey
	67.9%
	27.8%
Vermont

	POV
(% of population living in poverty)
	18.8%
New Mexico
	11.1%
	6.5%
New Hampshire

	EDU
(% of age 25+ with bachelor’s degree or higher)
	33.2%
Massachusetts
	23.8%
	14.8%
West Virginia

	RELIG
(Combined % of Jews and Christians by state)
	74.5%

Utah
	49.64%
	31%
Oregon



Table 2 illustrates the mean of each variable for all fifty states, using this information, generalizations about the nation can be made for the year 2000.  Roughly 4.19 persons of every 1,000 population experienced a divorce.  The average length of time that no-fault divorce laws have been in place in the United States is 32.22 years, while the average income for a four-person family is $60,289.  Females in the United States were also very active in the labor market, 61.7% of women participate in the labor force.  67.9% of the population lived in metropolitan areas, while 11.1% of the U.S. population lived in poverty.  23.8% of the American population age 25+ had a bachelor’s degree or higher.  Of Americans, 48.34% of the population defined themselves as Christian adherents.

Interestingly, in Table 2 it’s the New England states that had the lowest divorce rates, highest education rates and income levels, and the lowest poverty rates.  While a New England state did not have the highest percentages of population who were religious, many of the states were among the top ten in this country.  This suggests a positive relationship between divorce and poverty, and an inverse relationship between education and divorce, as well as income and divorce and religion and divorce.  West Virginia also came in last for both education and female labor force participation rates.  The low education rates in the state could explain the low labor force participation among women.  Utah topped the religious adherents category.  Utah’s high level and geographic collectivity of Mormons is probably what put it at the top of both Categories.  
IV. Multicollinearity Test


According to A.H. Studenmund, multicollinearity (the correlation of independent variables with each other) can take on two forms.  The first of which is perfect multicollinearity (p. 244).  In this scenario, two or more independent variables have a perfect (error free) linear relationship with each other.  Perfect multicollinearity results in the inability to estimate the coefficients of an equation due to the fact that not all other independent variables can be held constant.  Imperfect multicollinearity occurs when two or more independent variables have a strong, but not error free, linear relationship that is severe enough to affect the estimation of the equation.  One good thing is that even if multicollinearity exists in an equation, the coefficient estimates will still remain unbiased.  Often, multicollinearity has little to no effect on the overall fit of an equation or on nonmulticollinear independent variables.  On the other side, multicollinearity does present some consequences as well.  The variances and standard errors of the estimated coefficients will increase, resulting in the corresponding t-statistics to decrease.  Also, the equation can become very sensitive to the insertion or deletion of another independent variable or observations.  

To test for the existence of multicollinearity in Equation 1, the correlation coefficients between all independent variable was found.  Table 3 includes a correlation coefficient matrix which shows the relationship of each independent variable with another.  As a general rule, severe multicollinearity exists when the correlation coefficient between two independent variables exceeds an absolute value of  .7.  Another rule of thumb that can assist in the detection of multicollinearity is if the absolute value of the correlation coefficient between two independent variables is higher than each variable’s respective correlation coefficient with the dependent variable. 
	
	DIV
	LAW
	INC
	LF
	MET
	POV
	EDU
	RELIG

	
	
	
	
	
	
	
	
	

	DIV
	 1.000000
	-0.237181
	-0.454261
	-0.336682
	-0.187223
	 0.327035
	-0.465696
	-0.337523

	LAW
	
	 1.000000
	 0.196294
	 0.046860
	 0.178750
	-0.016099
	 0.223930
	-0.263421

	INC
	
	
	 1.000000
	 0.378404
	 0.607750
	-0.738832
	 0.759365
	-0.060103

	LF
	
	
	
	 1.000000
	-0.253491
	-0.627167
	 0.410330
	 0.040348

	MET
	
	
	
	
	 1.000000
	-0.204867
	 0.435799
	-0.009554

	POV
	
	
	
	
	
	 1.000000
	-0.499125
	 0.065821

	EDU
	
	
	
	 
	
	
	 1.000000
	-0.045555

	RELIG
	
	
	
	
	
	
	
	 1.000000

	
	
	
	
	
	
	
	
	


Table 3: Correlation Matrix for Equation (1) Independent Variables.
** Correlation coefficients in bold reflect an absolute value of .7 or greater while the highlighted cells reflect the correlation coefficient of each independent variable with the dependent variable.
As seen in Table 3, the correlation coefficient between the percentage of state population living in poverty (POV) and the median income for a four-person family (INC) is .738.  The correlation coefficient between the percentage of state population age 25+ with a bachelor’s degree or higher (EDU) and the median income for a four-person family (INC) IS .759, also above the .7 level.  Upon examination of each aforementioned independent variable’s correlation coefficient with the dependent variable, there is also a suggestion of multicollinearity because the correlation coefficients are more highly correlated with each other than they are with the dependent variable.
There are several methods to deal with a problem of multicollinearity.  One can do nothing if simply using the model to forecast, drop a redundant variable, transform the multicollinear variables, or increase the size of the sample.  For Equation 1, the proper choice is to drop a redundant variable and formulate a new equation.  Equation 1-A will exclude the income independent variable (INC) since it was a sticking point with both POV and EDU.  Equation 1-B will include the income (INC) variable while excluding education (EDU) and poverty (POV).
V. Heteroskedasticity

Heteroskedasticity occurs when the observations of the error term are drawn from a distribution with a non-constant variance (Studenmund p. 345).  Since this empirical model is based on cross-sectional data, the probability for heteroskedasticity is higher than it would be for time-series data.  Heteroskedasticity is a problem that violates one of the classical assumptions made when using the ordinary least squares (OLS) method in regression analysis.  The assumption is made that all of the “observations of the error term are drawn from a distribution with a constant variance (p. 345).”  If the model is heteroskedastic, then the OLS method may no provide the least variance estimator.


According to Studenmund, there are two forms of heteroskedasticity.  Pure heteroskedasticity occurs as a result of the error term of a correctly specified equation does not cause a bias in coefficient estimates, but does increase the variance and standard errors of the estimated coefficients, making the t-statistics unreliable (p. 346).  Impure heteroskedasticity is the result of a specification error in the equation and does cause a bias in the estimated coefficients (p. 351).

To test for heteroskedasticity, the White Test will be used.  Before starting, however, a set of hypotheses are set.  The null hypothesis states that homoskedasticity exists, while the alternate hypothesis projects heteroskedasticity.


Ho:  Homoskedasticity


Ha:  Heteroskedasticity

The White Test runs a regression model with the squared residuals of the original equation as the dependent variable and the original independent variables, “squares of all original independent variables, and the cross products of original independent variables constitute the independent variables (p. 360-362)” in the new equation.  After running the regression, nR2 (R2 * the number of observations) is found and compared to the chi-square with the appropriate degrees of freedom.  The degrees of freedom in this equation is equal to the number of independent variables (p. 361) in the new regression equation.  If nR2 > chi-squared then we would reject the null hypothesis and suspect heteroskedasticity.  

Using EViews, the White test was preformed on both equations.  For Equation 1-A, the nR2 was equal to 30.03, less than the chi-squared of 40.11 at the 5% significance level and a degrees of freedom of 27.  Thus, there is not enough evidence to reject Ho, so there is no heteroskedasticity.  For Equation 1-B, the nR2 was equal to 25.98, less than the chi-squared of 31.41 at the 5% significance level and a degree of freedom of 20. Again, there is not enough evidence to reject Ho, so there is no problem with heteroskedasticity.
VI.  Empirical Model Results

Table 4 below reports the results of both Equation 1-A and Equation 1-B
Table 4 Results of the Estimation of Equations 1-A and 1-B

	Independent

Variables
	Specification
	Expected Sign of Coefficients

	
	Equation 1-A
	Equation 1-B
	

	Intercept

	10.53191

(3.069005)
	12.32526
(5.506952)
	

	LAW

	-0.048407

(-2.182514)**
	-0.049084
(-2.289897)**
	Positive

	INC

	
	-5.05e-05
(-2.207469)**
	Ambiguous

	LF
	-0.022280

(-0.467104)
	-0.028330
(-0.694569)
	Positive

	MET
	0.000107
(0.012865)
	0.004932
(0.509304)
	Positive

	POV
	0.047282

(0.778428)
	
	Ambiguous

	EDU
	-0.077941
(-1.989733)*
	
	Ambiguous

	RELIG
	-0.041903

(-3.533505)***
	-0.042117

(-3.624391)***
	Negative

	Adjusted R2
	.353720
	.367546
	


Note:  t-statistics are given in parentheses. 

* Denotes coefficients that are significant at the 10% level 

** Denotes coefficients that are significant at the 5% level 
*** Denotes coefficients that are significant at the 1% level 

Table 4 shows the adjusted R2 for both equations.  Both equations have a weak adjusted R2, but Equation 1-B provides a higher value.  According the Studenmund, the closer the adjusted R2 to 1, the higher the probability of the equation fitting the sample data (p. 115-140).

Prior to any further discussion of the statistical validity of each independent variable, the F-test will be run.  The F-test accounts for the theoretical validity and importance of the equations (p. 241). The F-test sets a null hypothesis that includes more than two coefficients, thus testing the overall significance of the entire equation.  The F-statistic for Equation 1-A is 5.47, greater than the critical F-value of 2.34, so the null hypothesis is rejected and the equation is statistically significant at the 95% confidence level.  The F-statistic for Equation 1-B is 6.69, also greater than the critical F-value of 2.45, again an indication that the null hypothesis can be rejected and the equation is statistically significant at the 95% confidence level.

To test whether the value of each independent variable is significantly different than zero, the t-statistic from each coefficient is used.  This approach, called the t-test, attempts to explain how well the independent variable explains the dependent variable.  In both equations, (RELIG) was a significant variable at the 1% level.  In Equation 1-A and 1-B, it was found that (LAW) was significant at the 5% level, while (EDU) was only significant at the 10% level.  All other variable in Equation 1-A were found to not be of significance.  In Equation 1-B, (INC) was significant at the 5% level while all other variables were not significantly different from zero.  
The independent variable of no-fault divorce law (LAW) was expected to have positive coefficient.  It was found, however, that the coefficient for (LAW) was negative in both equations.  Going back to descriptive statistics, the average time since enactment of no-fault laws was 32 years.  This is such a long time that the argument for more people learning about the law does not hold up.  Perhaps up to the first ten years more people might have found out about the law and utilized it, but after that timeframe, the general public had to have known about it.  After all, a whole generation has changed in the 32 year time frame.  Therefore, one would expect that the coefficient of (LAW) to be not significantly different from zero.  It is possible that an omitted variable is the cause for the wrong sign.  The true equation could look as follows:

Y= β0+ β1X1i + β2X2i + ………+ є1
where є1 is the error term.  But, if a variable is omitted, the equation would become

Y= β0+ β1X1i ………+ є1
Where є1 now is equal to є1* = є1 +  β2X2i.  The error term is now accounting for the effects of omitted variables.  
When an omitted variable is correlated with an included variable, a bias can occur, resulting in the sign of the estimated coefficient of the included variable to be misleading or untrue (Studenmund p. 157-159).  To try and determine what the omitted variable might be, one can rationalize through a process.  The expected sign of the (LAW) coefficient is positive, but a negative is found.  (LAW) must be picking up the effects of another variable, so the true estimated beta of (LAW) is exhibited below:

E(βLAW) = βLAW + bias

where the bias is expanded into the follow equation:

E(βLAW) = βLAW + βOMIT * α1
In the equation above, the estimated coefficient of (LAW) is a function of the true (LAW) coefficient plus the true coefficient of the omitted variable multiplied by the correlation coefficient that relates XLAW to XOMIT.  The regression analysis estimated the (LAW) coefficient to have a negative sign, but it is believed that the true coefficient of (LAW) is positive, so this means that the bias must be negative.  In order for the bias to be negative, either the true coefficient of the omitted variable must be negative in relation to divorce rates (DIV) or the correlation coefficient that relates XLAW to XOMIT must be negative.
In this case, it might be probable that the average age at marriage is the omitted variable causing the wrong sign for the coefficient of (LAW).  While no-fault divorce law and age at marriage are not directly correlated with each other, they are both directly correlated with an exogenous variable, time.  As time passes, the years since enactment of the no-fault law increases, as does the average age at first marriage.  As age increases, one would expect that better, more thought out choices are made in the decision to marry, so the chance for divorce decreases.  Thus, the true sign of the (LAW) coefficient could be positive, but the negative effect of the omitted age variable is picked up by (LAW).  The equation below can help to illustrate this point:
  (-)       (-)    (+)

Bias = βOMIT * α1
The independent variable of median family income (INC) had no expected sign, but the actual coefficient turned out to be negative in Equation 1-B.  This negative coefficient could further support the idea that most marital fights are centered around the subject of money, but it would seem to point toward the argument for the lack of money causing higher divorce rates, as noted in the review of literature in Section II.  The independent variable for education (EDU) was also expected to be ambiguous in its coefficient but ended up with a negative sign in Equation 1-A. This finding enforces the thought that the more educated a person is, the better choices he/she makes, even concerning marital partners.  The independent variable for religious adherents (RELIG) was expected to have a negative coefficient and, (RELIG) did have a negative coefficient in both equations, backing previous empirical results that also found higher religion rates to deter divorce.  All other independent variables (LF, MET, POV) provided no statistical evidence that their coefficients were significantly different from zero.

  Since Equation 1-B has a higher adjusted R2, it is the equation that best fits the data, and it shall be discussed first.  In Equation 1-B, all else constant, a 1 year increase in the enactment of no-fault divorce laws (LAW) will decrease the number of divorces per 1,000 population (DIV) by .05 persons.   Similarly, a $1 increase in the average family income (INC) will only cause a minimal decrease in the number of divorces per 1,000 population.  Lastly, a 1% increase in religious adherents (RELIG) will decrease the divorces per 1,000 by .04 persons, holding all else constant. 

In Equation 1-A, ceteris paribus, a 1 year increase in the length of a no-fault divorce law (LAW) enactment will cause a .05 person decrease in the divorce rate per 1,000 population.  A 1% increase in the education rate (EDU) will cause a .08 person decrease in the number of divorces per 1,000 population.  Finally, a 1% increase in religious adherents (RELIG) will decreases per 1,000 population by .04 persons.


Overall, the low adjusted R2 can be explain because of the many omitted variables.  In doing the background research for this paper, many authors noted the significance of children and the age at marriage.  It was noted that children have a propensity to provide a detriment to divorce (Johnson, William).  Also, the younger a couple tended to be at the age of marriage, the higher the probability for divorce.  Many changes could be made to this study if repeated in the future.  Perhaps, it would be prudent to conduct this study as either a time-series analysis or a cross-sectional analysis on the national level in comparison to other countries.  One main problem was the availability and symmetry of information.  If done on a national level, the average age at marriage and children per married couple could be found, whereas on the state level, they couldn’t be found for each state.  Also, in relation to the independent variable of poverty (POV), the average welfare expenditures could be easily found.  All in all, the study would be better performed on a national level.
VII. Conclusion
The purpose of this paper is to find factors that affect divorce rates using cross sectional data from all 50 states in year 2000 and the OLS method of regression analysis.  While the F-test did find both equations to be statistically significant, the adjusted R2s are very low.  The sign for no-fault divorce law (LAW) was opposite of its expected sign, probably due to the omitted age variable.  The most significant variable in both Equation 1-A and Equation 1-B is religion (RELIG), according to the measure of the t-test.  Changing the education rate though, would produce the largest effect on the divorce rate because the education (EDU) coefficient is larger than the rest of the independent variables.
Using the information from the regression analysis, there are clear ways to improve and to worsen the divorce rate.  To lower the divorce rate, one should look toward improving the ease of no-fault divorce laws or look toward promoting higher income, education, and religion levels in the states.  Policies that positively affect any of the aforementioned variables could help to improve the divorce rate in the state, but huge changes would have to be made to truly affect the divorce rate because all of the coefficients for the independent variables are so low in value.  Again, if this study were taken to a broader level, more symmetrical information could be attained and more variables included in the analysis.  This addition of relevant variables, such as age at marriage and number of children, could significantly improve the quality and the overall fit of the regression equation  

In reference to the descriptive statistics concerning New England states, it would be interesting to do further research on just this area of the country.  Why are the divorce and poverty rates so low there while income, religion and education rates are so high?  It would seem that this is the ‘perfect’ America, if there is such a thing, a Mayberry.  Perhaps this has to do when the states were settled.  Since they were among the original colonies and first established states, maybe there is a solid fundamental and religious backing left over from the days of original colonization.  
Data Sources

●    The data for no-fault divorce laws was found using the Journal of Marriage and 

The Family.     

      ○   Source: Nakonezny
· The data concerning education rates was found using the State and County Quick Facts by the U.S. Bureau of the Census.
· http://quickfacts.census.gov/qfd/index.html
· The data on average income and poverty levels was found in the State and Metropolitan Area Data Book.

· http://www.census.gov/statab/www/smadb.html
· The data on female labor force participation was found in the U.S. Statistical Abstract.

· http://www.census.gov/prod/2002pubs/01statab/labor.pdf
· The data on state divorce rates was found in the U.S. Statistical Abstract.
· http://www.census.gov/prod/2004pubs/04statab/vitstat.pdf
· The data on state metropolitan areas was found in the U.S. Statistical Abstract.

· http://www.census.gov/prod/2003pubs/02statab/pop.pdf
· The data on religious adherents was found in the U.S. Statistical Abstract.
· http://www.census.gov/prod/2003pubs/02statab/pop.pdf
Works Cited
Blackburn, McKinley.  “The Effects of the Welfare system on Marital Dissolution.”  Journal of Population Economics 16 (2003): 477-500.

Glenn, Norval.  “A Reconsideration of the Effect of No-Fault Divorce on Divorce Rates.”  Journal of Marriage and the Family 59.4 (1997): 1023-1025.

Johnson, John.  “Do Long Work Hours Contribute to Divorce?”  Topics in Economic Analysis & Policy 4.1 (2004): 1-23.

Johnson, William, and Jonathan Skinner.  “Labor Supply and Marital Separation.”  The American Economic Review 79.3 (1986): 455-469.

Lorenz, Scott.  “Sex and Money Top Two Reasons for Marriage Problems says Author of ‘The Marriage Medics’.”  Press Release Newswire.  21 February 2005.  14 April 2005 <http://www.prweb.com/releases/2005/2/prweb210502.htm>.
Nakonezny, Paul, et. al.  “The Effect of No-Fault Divorce Law on the Divorce Rate Across the 50 States and Its Relation to Income, Education, and Religiosity.”  Journal of Marriage and the Family 57.2 (1995): 477-488.

Pindyck, Robert, and Daniel Rubinfeld.  Microeconomics 5th Ed. New Jersey:  Prentics Hall, 2001.
Shelton, Beth Anne.  “Variations in Divorce Rates by Community Size:  A Test of the Social Integration Explaination.”  Journal of Marriage and the Family 49.4 (1987): 827-832.

Somogyi, Stephen.  “Differential Divorce Rates by Religious Groups.”  The American Journal of Sociology 46.5 (1941): 665-685.

Studenmund, A. H. Using Econometrics: A Practical Guide 4th Ed. Boston: Addison 

Wesley Longman, 2001.

Trent, Katherine, and Scott South.  “Structural Detriments of the Divorce Rate:  A Cross-Sectional Analysis.”  Journal of Marriage and the Family 51.2 (1989): 391-404.

United States.  Bureau of the Census.  State and County QuickFacts.  Feb. 2005.
United States.  Bureau of the Census.  Statistical Abstract of the United States.  2002
�  Labor force refers to those non-instutionalized, age 16+, working for at least 1hr/week for pay/profit or working 15+ hours without pay in a family business.


�  Comparative advantage refers to the person who can produce one unit of good A without sacrificing as much of good B as another person would have to in order to produce the same one unit of good A. (Pindyck p. 585).”  





