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ABSTRACT 

 

In this dissertation, I explore the systematic failure of the current state of the art statistical 

techniques to detect gender salary inequity in a special case to propose a more 

appropriate quantitative method for analyzing gender salary discrimination. This research 

contributes in three key areas for the development of the quantitative analysis of salary 

inequity detection. I uncovered salary inequities within gender groups that can mask the 

salary discrimination between these groups. I then proposed the Two-stage Classification 

Regression as an appropriate novel statistical method. Finally, the additional propositions 

made can enhance future salary inequity research.  

 

Regardless of the outcome of any gender salary inequity study, we can often find a 

subgroup of females that is discriminated against when compared to the rest of females. 

Likewise, a subgroup of males may also be victim of salary inequity when compared to 

other males. In this context, the first main discovery is that the existence of salary 

inequities within gender groups can prevent regular statistical techniques from detecting 

salary inequity between males and females. Detecting this form of salary inequity will 

increase the sensitivity of the statistical test and hedge its potentially higher risk to the 

institution. 

 

Facing such a statistical problem, the second main contribution was devising a novel 

statistical approach that can not only succeed where other techniques systematically fail, 

but also provide a new framework for a more informative statistical analysis. In addition, 
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a more comprehensive definition of salary inequity that goes beyond the simple measure 

of gender salary gap was derived. 

 

The third significant contribution is a set of propositions aiming at framing the agenda for 

future research on salary inequity studies. A statistical test was proposed to determine 

when the outcomes of these the linear regression and reverse regression techniques can 

be expected to be the same. Also, the probability model which is not estimable, but the 

most robust model was shown to be equivalent to the logistic regression model which is 

easily estimable, but somewhat difficult to interpret. The goal is to create theoretical 

supports for better statistical and econometric analyses.  
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Chapter 1 

HISTORY AND DEFINITION OF SALARY INEQUITY 

The principle of equal pay for equal work may now have a very strong moral 

foundation, and is even enjoying a growing universal acceptance as part of fundamental 

human rights nowadays. This has not always been the case in the past. Uneven job access 

and discrimination in work compensation were still legal practices in a recent past. While 

slave work has been legal business practice at a more distant past, there is still more than 

a fierce opposition to the establishment of labor unions. These practices are not isolated. 

Property rights and voting rights have also been denied to certain groups of individuals. 

Women working for the federal government have been deprived of their jobs or had their 

salaries reduced by law. Although the legality of discrimination may be part of a distant 

memory, unfair practices in the labor market have not totally disappeared. After the 

initial major legal act to support Equal Pay for Equal Work (i.e. the 1964 Title VII), the 

labor market forces did not produce the expected normalization over time. As a part of 

the Civil Rights movement of the 1960’s, the struggle for equal pay intensified with the 

addition of law enforcement and mass education. In academia, the stage was set for 

statistical and econometric models of discrimination in the labor market to play a 

fundamental role in the detection of systematic work compensation inequities.  The 

development and improvement of such models have proven over the years to be critical 

for an equitable payroll management, the implementation and enforcement of salary 

equity laws in a context marked by increasing subtle forms of discrimination. As a result, 

the need for improving or creating new analytical methods to detect gender salary 
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inequity has to grow with the sophistication of discrimination practices. Now, let’s 

review the evolution of pay equity from a historic perspective. 

1.1 The Evolution of Salary Equity  

The struggle against all forms of discrimination in the US has drastically improved 

working conditions in the past half century. This can be seen in the general enjoyment of 

civil rights and liberties, affirmative action, equal employment and opportunity, equal 

pay, etc… and the current pursuit of comparable pay. At the same time, careful 

observation of these results suggests that the march toward equity is at best a work in a 

rather slow progress. Not only are the forms of discrimination changing from legally 

accepted practices to more subtle or hidden behavior, but the battlefronts are also 

constantly switching between a legislative body that is slow in enacting new laws and an 

executive branch that is ill-equipped, thus overwhelmed with the implementation and 

enforcement of the existing laws. As a result, different cities, counties, states, and regions 

approach the eradication of unfair practices with different means and vigor. More 

importantly, looking forward to the goal of an ideal society free of systematic labor 

inequities, one realizes that the process is going to take some time if such a proposition is 

feasible.  

 

The existence of and interaction between many forms of discrimination that combine to 

create and materialize in salary inequity make the isolation of any one cause of gender 

salary bias very difficult. Particularly when discrimination is differentially applied to 

individuals within the groups of interest (i.e. females are not equally discriminated 



 16

against). Salary inequity evidenced in compensations’ difference may arise as a result of 

access and selection bias, differential promotion, unequal support, and overtime and 

bonus preferential treatment. The history of labor discrimination is shaped by all the 

victories and setbacks of the early abolitionist and more recent civil rights movements. 

For example, the equal pay legislation allowed women to legally claim the same 

treatment as men in the same job, but failure to pass the comparable pay law allows the 

possibility of entire female dominated job categories to be discriminated against. As a 

consequence, the proper definition of salary equity is also bound to change with the 

prevailing laws and application of the time, although much needed by the court of law to 

resolve cases before their jurisdiction. Documenting cases of salary inequity in court 

typically involves data collection and analysis that have to meet certain standards for 

admissibility as evidence in courts. A minimum level of expertise is needed to fully 

understand the nature of the inference. As a result, analytical methods are also 

conditioned by the definitions of the time, and promoted by the success obtained in 

courts, and not necessarily the scientific method involved. For example, the measurement 

of gender salary bias was irrelevant when women were not legally allowed to work 

outside of their households. Not surprising then, the implementation of the equal pay act 

generated a huge interest in defining salary bias while the academic community was 

challenged to come up with adequate methods of its measurement. As a consequence, the 

synergetic multiple interactions created a dynamic environment where even analytical 

methods are bound to evolve. A review of salary equity statistical models in the context 

of their creation suggests that such an evolution did take place (see chapter 3).  
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As we can see, the history of pay equity can be traced back to human rights movement, 

but its evolution is the result of synergetic interplays between law, labor economics, 

social implications, moral acceptance, statistics/econometrics measurements, and other 

political considerations. The evolution of the definition certainly inspired the empirical 

research on its quantification. But, the technical problems encountered in estimation and 

the solutions proposed also affected the evolution of the definition.  

 

Before we can chart the evolution of pay inequity or salary discrimination definition over 

time, let’s first define salary and discrimination.  

 

1.2 The Concept of Salary  

From the many definitions of salary, the Webster’s is the most general considered in this 

study.  

 

Definition 1.1 Salary is the recompense or consideration paid, or stipulated to be paid, to 

a person at regular intervals for services (Webster).  

 

This definition is applied in the context of a market economy where work can be freely 

exchanged for money. Employers are willing to pay as low a salary as they can find 

workers, and employees are seeking the highest compensation offered. The terms salary, 

compensation, wage, pay, paycheck will be used interchangeably as having the same 

meaning.  
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1.3 The Concept of Discrimination  

The struggle for pay equity is part of the evolving sense of fairness and justice. Slave 

work was once accepted as legal practice; unionization and union demands were 

outlawed as an illegal restraint of trade; women workers had no right to their earnings; 

lowly paid child labor was common; unequal pay for women was an accepted practice. 

 

Today, most Americans support equal pay for work of comparable (not merely identical) 

value. From the confines of labor discrimination of the past that were deeply rooted in the 

legal and economic system to the legislative continuous struggle for fairness today, 

equity has certainly seen quite an evolution. The American dictionary proposes the 

following definition. 

 

1.3.1 Class Discrimination 

Definition 1.2 Discrimination is a treatment or consideration based on class or category 

rather than individual merit, partiality or prejudice (American Dictionary). 

 

This definition suggests that unjust treatment is based on class or category.  It also 

proposes individual merits as the basis for equity treatment. It follows that any member 

of the group discriminated against with poor individual merits or performance attributes 

may be erroneously considered as a victim of injustice. Likewise, any member from the 

beneficiary group of unequal treatment with exceptional merits may not profit from the 

injustice.  
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In practice, identifying and detecting cases of discrimination can be very challenging. 

When there is no clear evidence of disparate treatment (e.g. as in certain past laws), a 

critical mass of victims may be needed to show that disparate impact could not have 

happened by random chance. But the rebuttal may point to a few counter-examples to 

dismiss evidence of discrimination as simple poor judgment. In cases of gender salary 

inequity for example, not all females are underpaid when compared to their male 

counterparts, likewise not all males are better compensated than their female peers. And 

it is still possible that a larger proportion of all those underpaid, and/or a smaller 

proportion of all those not underpaid are females. Because actions to eradicate 

discrimination are inline with the pursuit of equity, Thesaurus proposes the following 

definitions that account for this observation. 

  

1.3.2 Discrimination as Opposite of Equity 

Definition 1.3 Equity is the state, action, or principle of treating all persons equally in 

accordance with the law: due process, justice (Thesaurus). 

 

This definition has a direct application for statistical analysis. When testing for gender 

salary inequity, the analyst assumes that there is equal compensation treatment for equal 

merit, and evidence from the observed data is used to decide whether there is a departure 

from the equity assumption. For the Human Rights Organization, discrimination is 

defined at a more personal level. 
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1.3.3 Comparative Discrimination 

Definition 1.4 Everyone, without any discrimination, has the right to equal pay for equal 

work (Universal Declaration of Human Rights1).  

 

Discrimination here is taken in the broadest sense and is defined as the treatment of one 

person unfairly over another according to factors unrelated to their ability or potential, 

such as age, disability, sex, or national origin, but also hair color, dressing style, diet 

choice, etc…  

 

The distinction between the individual and group unit of analysis has profound 

implications in the measurement and detection of discrimination. In a class action case 

where discrimination has been established for salary, damage compensation can be very 

difficult or impossible to achieve without defying the very purpose under consideration, 

because not all individuals in the group suffered the injustice. On the other hand, when 

the unit of analysis is at the individual level, it becomes difficult to establish 

discrimination, since linking the systematic unjust treatment of an individual (without 

regard to class) to a class is difficult. The civil rights law encompasses both concerns in 

its definition. 

                                                 
1 From Article 23, line 2 of the Universal Declaration of Human Rights. This declaration is the first 
international statement to use the term "human rights". 
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1.4 The Evolution of Salary Discrimination Concept  

For any institution, the production of goods and/or services is obtained by combining 

labor and investment capital. In the short run, the investment capital can be considered 

fixed, the maximization of the output depends more on the workforce that is sensitive to 

its compensation among other things. There is a strong relationship between productivity 

and salary. But productivity is the result of complex interaction between many employees 

with different qualifications, performing similar or complementary tasks. It is in the 

active management of productivity that many complexities arise and complicate the 

salary determination procedure. As a result, even a genuine attempt to compensate 

workers proportionately to their productivity may not be an easy task. These multiple 

sources of complex salary discrimination are further compounded by human biases 

against a particular individual and some of the strategic corporation considerations. It 

then becomes necessary to identify biases, and manage them appropriately for efficiency 

reasons, and not for social fairness. There is a cost to institutions for real or perceived 

salary discrimination. The evolution of the definition of salary inequity is next presented 

for each decade starting from the 1930’s. 

 

1.4.1 Context and Major Events of the 1930’s 

The 1930’s are historically referred to as the decade of the great economic depression, 

marked by an unprecedented tension in the job market that resulted in very high 

unemployment rates. It is also the decade of the birth of the New Deal public policy 

response to unemployment woes, characterized by the beginning of the national labor 

market management by federal laws and regulations that continue to the present times.   
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In 1932, the Federal Economic Act was passed to deprive wives of federal employees of 

their government jobs. In addition, new regulation on layoffs recommended that spouses 

of working husbands be first in line to loose their employment.  

 

In 1935, the National Recovery Act recommends that women who work for the 

government be paid 25% less than their male counterparts in the same jobs.  

 

These are clear cases of disparate treatment based on gender. The intensity of the 

discrimination seems to follow the labor market cycle. Inequity laws appear to increase in 

economic recession times when there are layoffs, and reduced in times of economic 

expansion marked by labor shortage.  

 

1.4.2 Context and Major Events of the 1940’s 

In 1942, men are gone overseas to fight the Second World War. The pool of workers is 

seriously reduced for an indeterminate and uncertain period. The War Labor Board 

enacted a new regulation demanding that women be equally compensated as men for the 

same job. The enforcement of the ruling was so slow that the war came to an end before 

it could be implemented. In the euphoria of after war victory marked by a resurgence of 

male-dominated workforce, there was no support for salary equity laws. The two very 

mild recessions of 1945 and 1949 did not last long enough to have any serious impact on 

the job market. 

 



 23

1.4.3 Context and Major Events of the 1950’s 

The legislation was inactive in the 1950’s as the two recessions experienced in this 

period were short-lived. Two senators from Oregon (Sen. Wayne Morse and Rep. Edith 

Green) introduced an ambitious Equal Pay Bill that did not have enough support to pass. 

Another version of the bill sponsored by two representatives from New York (Katherine 

St. George and Jessica Weis) was not successful. The post-second world war was marked 

by some growing pains of salary inequity problems into a major social problem that 

caught the attention of scholars. As a result, several theories of salary discrimination 

were proposed to illuminate the many issues surrounding the nature of the problems. 

 

1.4.3.1 Taste models of salary discrimination 

Definition 1.5 Salary discrimination of fellow workers is … a desire to avoid members of 

certain groups (Gary Becker, 1957). 

  

Because this behavior is mostly motivated by each employer’s utility function that 

includes personal biases, Becker predicted that such practices would not survive in a 

competitive labor market. Over time, market forces would require employers’ efficiency 

to guide the institution’s survival. A direct adverse consequence is underemployment due 

to the misallocation of society’s human resources to the most productive activities. The 

sub-optimal labor market results in lost opportunities to society. If Becker’s predictions 

do hold despite the fact that increased competition resulted in more labor market 

efficiency, other explanations have to be explored. In spite of all the laws enacted in 

recent decades, labor market discrimination has yet to disappear. Instead, salary inequity 
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has evolved and migrated into forms that are very difficult to detect, or areas not yet 

covered by the legislation.  

 

1.4.4 Context and Major Events of the 1960’s 

The decade started with the 1961 recession followed by Esther Peterson’s2 successful 

labor activism. She was very instrumental in gathering data to push legislation to a bill 

that did not include a comparable worth and strong enforcement provisions. The Equal 

Pay Act was finally passed in 1963, providing women with equal pay for equal work. 

 

In 1964, the momentum of the struggle against discrimination results in the enactment of 

the Civil Rights Bill that specifically banned employment discrimination in Title VII. 

Unequal job access and salary discrimination practices were outlawed. With this victory, 

the new battlefronts shifted to the areas of law enforcement and implementation. 

 

1.4.5 Context and Major Events of the 1970’s 

The sudden sharp rise in oil prices shocked the economy twice, leading to the recessions 

of 1970 and 1974.  

 

In 1974, Machine and Furniture workers successfully sued Westinghouse that still had a 

wage rate structure of the 1930’s when salary discrimination against women was legal. 

 

                                                 
2 Esther Peterson was President Kennedy’s Assistant Secretary of Labor and Director of the Women's 
Bureau. She led the successful campaign for equal pay for equal work legislation and directed the first 
President's Commission on the Status of Women. 
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In 1979, the National Committee on Pay Equity was created with the support of the more 

than twenty most powerful equity organizations in the country. The charge to the new 

entity is to provide education, to organize the lobby, and to build the coalitions needed to 

support and advance the pay equity agenda. This structure provides the needed support to 

implement or enforce the laws banning labor discrimination. Scholars continue to 

propose theoretical background to define and/or explain salary discrimination. 

 

1.4.5.1 Market Salary Discrimination 

Becker (1971) proposed: 

Definition 1.6 A competitive market discrimination coefficient for labor of different 

productivity is the difference between their observed wage ratio and the wage ratio that 

would prevail in the absence of discrimination (Becker 1971).  

 

1.4.5.2 Residual Salary Discrimination 

In 1973, Robert J. Flanagan claimed: 

Definition 1.7 Salary Discrimination is an unexplained residual (Robert J. Flanagan, 

1973).  

 

The salary gap does not indicate discrimination as long as it is explainable. Any portion 

not explained will be attributed to discrimination. In statistical terms, such a residual 

salary will have to be significantly larger than a salary gap that may happen simply by 

random chance to amount to discrimination in compensation. 
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1.4.5.3 Productivity Salary Discrimination 

For D. Agner and G. Cain (1977): 

Definition 1.8 There is economic discrimination when workers do not receive pay or 

remuneration commensurate with their productivity. Group discrimination in labor 

market is evident when the average wage of a group is not proportional to its average 

productivity. 

 

Although commensurability leaves some room for speculation about its interpretation, 

this definition went further to define productivity as the physical output or job 

performance. This frame of reference for job discrimination is the foundation of the much 

debated principle of “Comparable Worth “. More important in Agner and Cain 

development of the subject, there are some pertinent observations that are mostly 

overlooked, and typically not analyzed or tested in the literature. 

• It is necessary to distinguish group discrimination from individual 

discrimination that is independent of group membership. The current labor 

market and legal systems create an incentive for any member of a protected 

class to claim group discrimination rather than individual bias, to take 

advantage of the law. Such an incentive is made even stronger because it is 

not common practice to separate the sources of discrimination. It would be a 

losing proposition in court to argue preference for one particular type of 

discrimination, since the premise is automatic admission of guilt. It would 

also be difficult in practice to measure and allocate salary discrimination to 

different sources. 
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• Within group or individual discrimination is inevitable. This proposition 

suggests that in the case of group discrimination, certain individuals will 

suffer doubly as they are also victims of within group or individual bias. 

 

The possibility that group discrimination may be absent even though the wages of 

individuals with the same ability in different groups are not generally equal is a challenge 

for salary equity analysis methods. When the individual inequities are offset between 

groups in a way that reduces group discrimination, a different analysis method will be 

needed to investigate, and possibly test such a complex situation. Within group inequities 

constitute a form of confounding.      

 

1.4.6 Context and Major Events of the 1980’s 

Starting with the 1981 Supreme Court ruling that Title VII encompasses salary inequity 

even for different jobs, the decade saw increased activities on many local state and 

federal fronts. As a direct result, prison matrons from the Washington County in Oregon 

who earned 70 cents to the dollar for male prison guards were brought up to 95 cents.  

 

Immediately following the Washington County (Oregon) V Gunther case above, the 1974 

suit against Westinghouse is settled with new contracts that upgraded 85 female-

dominated types of jobs, and provided victims with wage adjustments on top of 

cumulative back-pays. 
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In the same 1981-year, the first city workers to successfully go on strike are from San 

Jose in California. They were able to obtain 1 million and a half dollars in compensation 

equity adjustments as well as more in subsequent contracts. 

  

In 1982, Minnesota is the first state of the union to pass a pay equity law for government 

workers that resulted in 90% of the recipients of salary boosts being women.  

 

In 1983, female advertised jobs in New Hampshire are upgraded, while in New York the 

911 emergency services is sued to upgrade the female-dominated emergency operator job 

to the male-dominated fire dispatcher standard. The state of Washington is found guilty 

for practicing wage discrimination, and legislation is introduced in congress to study pay 

equity in federal employment.   

 

In 1984, the pay equity momentum suffers some open setbacks at first. A Federal Pay 

Equity bill passes the House with an overwhelming majority, but is surprisingly defeated 

in the senate by a very narrow margin. As chair of the US Commission on Civil Rights, 

Clarence Pendleton makes a vicious attack on Pay Equity that he is in charge of 

promoting by qualifying it as “the looniest idea since Looney Tunes”. But the year ended 

with a resounding first strike for pay equity victory in the private sector by the Yale 

clerical and technical workers.  

The year 1985 is full of activities and very similar to the previous year. The progress 

seems to be stalling in the federal legislative arena while some local victories are 

observed. Once again, the Federal Workers Pay Equity was able to pass the House, but 
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failed in the Senate. This time, an attack on Pay Equity comes from the EEOC chairman 

(Clarence Thomas), who declares comparable worth not worthy of consideration in 

discrimination complaints. In the meantime, the American Federation of State, County, 

and Municipal Employees (AFSCME) union successfully negotiated a $12 million by 

Los Angeles (California) and $100 million by Eugene (Oregon) pay equity settlements. 

 

In 1987, a Gender and Race Pay Equity bill for federal workers is introduced in congress 

following world premiere of a Pay Equity Bill for both public and private sectors of the 

economy in Ontario (Canada).  

 

During the years 1988 and 1989, the Pay equity Bill was able again to pass the House. 

Activities at the state level continue to soar. As many as 20 states make compensation 

adjustments, and 24 others launch Salary Equity studies for government workers. The 

national Committee on Pay Equity is gaining strength and popularity with a membership 

of more than 120 organizations at its 10th anniversary. 

 

The implementation and enforcement of salary equity laws appear to be slowly taking 

hold. 

 

 

1.4.6.1 Stereotype Salary Discrimination 

Definition 1.8 Statistical discrimination refers to a situation where an employer acts on a 

“true stereotype” (Stewart Schwab, 1986). 
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Unlike the taste model where the employer has a distorted utility function to optimize, 

the statistical discrimination model is based on market forces, but the limitation or the 

high cost of individual information constrain the employer to assess workers based on 

group information that is easy and cheap to collect. In a recent development, Racio and 

Francisco (2000) distinguished three different sources of labor discrimination. 

 

1.4.6.2 Average of Productivity-based Salary Discrimination 

Definition 1.9 Statistical discrimination is observed when there is a difference in group 

average productivities (Racio and Francisco, 2000).  

 

The information about individuals is incomplete, and their expected performance is 

estimated by the average performance of the group. Those at the high end of the 

performance scale suffer discrimination, while those at the bottom benefit from it. 

 

1.4.6.3 Variance of Productivity-based Salary Discrimination 

Definition 1.10 Statistical discrimination is observed in the case of variance difference in 

group productivities (Racio and Francisco, 2000).  

 

Variance in this case is measures risk. The employer would rather choose an individual 

from a group with lower performance variance because the risk would be lower. 
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1.4.6.4 Reliability of Productivity-based Salary Discrimination 

Definition 1.11 The low reliability level of screening instruments to predict the 

productivity of certain groups may induce statistical discrimination because the higher 

the reliability of screening instruments, the better the performance prediction, and the 

lower the risk of recruiting a low performing individual (Racio and Francisco, 2000). 

 

We will retain the possibility that job information deficit and poor screening instruments 

can also lead to differential job access. And when coupled with lower than expected 

comparative compensation, the victim group may be quickly moved in the diminishing 

marginal returns on human capital investment. The ensuing job training reduction due to 

a market response disincentive will ultimately disqualify the group from competing for 

such jobs, achieving the self-fulfilling prophecy of a lack of skills or training of the 

group. As such, we agree with Jeremiah Cotton (1988) that the theories of human capital 

investment and economic discrimination taken together suggest that differences in the 

average wages of racial groups occur both because of differences in their average skills 

or productivity characteristics and differences in the way the market treats or evaluates 

membership in a particular group, the level of skills notwithstanding. 

 

In 1989, the quest for the reduction of flagrant inequalities in the labor market led Morley 

Gunderson to first ask the relevant questions in the context: “Do earning gaps reflect 

discrimination? Do policies affect earning gaps? What is the magnitude of the gap? How 

much of it can be attributed to discrimination? To what extent do productivity-related 

factors reflect discrimination prior to entry into the labor market? ” He then noticed that 



 32

the appropriate measure of earnings gap depends in part on the purpose of the analysis”. 

He suggested controlling for occupational differences when the study is about unequal 

pay for the same work, and not to do so otherwise, because occupational distribution may 

be in itself a discriminatory factor.  

 

1.4.6.5 Work Value Salary Discrimination 

Definition 1.12 Pay Equity or Equal Pay for Comparable worth is about Equal pay for 

work of Equal Value (EEOC3).  

 

The practical challenge for the EEOC is to determine or measure equal worth in the labor 

market place.  

 

1.4.7 Context and Major Events of the 1990’s 

A significant number of the federal government high-level executives and legislators take 

the debate about equity in the work place to the public forum.  They are supported by 

labor unions. Unfortunately, the short-term results are not commensurate with the effort.  

 

The AFSCME helped thousands of 911-service female operators obtain one million 

dollars of back pay in New York in 1991, and pay equity in Detroit in 1993. Secretary of 

Labor Robert Reich was concerned by the lack of pay equity enforcement structures. 

                                                 
3 The Equal Employment Opportunity Commission (EEOC), created within the Civil Rights Act of 1964, 
is a federal agency in charge of ending employment discrimination in the US. In practice, it can bring law 
suit on behalf of alleged victims of labor discrimination against private employers. It also serves as an 
adjudicatory for claims of discrimination brought against federal agencies. 
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The Fair Pay Act calling for equal pay for equivalent jobs was introduced in congress in 

1994, 1995, twice in 1997, and in the senate in 1996. The Fairness Act focusing on 

providing more resources and enforcement for the Equal Pay Act was introduced in the 

Senate in early 1997 and in the House in midyear 1997. With the help and support of the 

first lady, the vice-president and his spouse as well as many legislators, President Clinton 

spearheaded the public debate on this issue by declaring April 11, 1997 “National Pay 

Inequity Awareness Day”, holding a national press conference on the 35th anniversary of 

the Equal Pay Act on June 10, 1998, highlighting Equal Pay as one of his priorities in the 

annual State of the Union Speech in January 19, 1999, and organizing a roundtable 

national discussion in the White House on April 7, 1999. 

 

1.4.7.1 Labor Market-based Salary Discrimination 

In 1993, Van Wagner stated that the reasons for the average salary gap between women 

and men come from the labor market.  

Definition 1.13 The “Supply-Side” attributes the gap to individual characteristics, and 

the “Demand-Side” to the factors such as discrimination in hiring or allocation of 

rewards (Van Wagner, 1993).   

 

 

1.4.7.2 Protected Class Salary Discrimination 

Definition 1.14 Discrimination is an unfavorable or unfair treatment of a person or class 

of persons in comparison to others who are not members of the protected class because of 
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race, sex, color, religion, national origin, age, physical/mental handicap, sexual 

harassment, sexual orientation or reprisal for opposition to discriminatory practices or 

participation in the Equal Employment Opportunity process (civil rights law of 1964). 

 

Federal Equal Employment Opportunity (EEO) laws prohibit any employer from 

discriminating against persons in all aspects of employment, including recruitment, 

selection, evaluation, promotion, training, compensation, discipline, retention and 

working conditions, because of their protected status. In this case, unfair treatment is not 

necessarily unlawful discrimination. Treating a person unfavorably in comparison to 

others violates EEO laws only when that person's protected status is a factor in the 

disparate treatment or impact. By linking discrimination to protected status, the civil 

rights laws appear to establish non-protected groups as potentially immune to unfair 

treatment. This restriction excludes reverse discrimination, at least in the legal realm.  

 

The danger is that the majority of the protected group can be discriminated in a way that 

is statistically masked by the discrimination of a few members of the non-protected class. 

Current analytical statistical methods fail to detect such discrimination schemes. This 

research provides a paradigm shift in the estimation approach of salary inequity between 

groups. 

 

In light of all these observations, employment decisions should be based only on job-

related merit factors, and employees should avoid any conduct that undermines fair and 

equal treatment. Likewise, an employer may not extend preferential treatment to any 
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person or group because of any characteristic not related to job-productivity. EEO merely 

demands that all persons receive the same opportunities for hiring, training, promotion, 

etc... And when those opportunities have not been available to all groups in the past 

because of discrimination, affirmative action employment is required to overcome the 

effect of such bias. Thus, the application of affirmative action may potentially contain 

some form of reverse discrimination in favor of groups discriminated against in the past.  
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Chapter 2 

THE CASE FOR SALARY EQUITY 

 

Because the struggle for the application of the principle of equal pay for equal work has 

historically been part of the civil rights movement, salary equity is generally perceived as 

an important element in the pursuit of social justice. Typically, the economic implications 

are not considered. In a market economy, we would like to argue that the management of 

salary equity should primarily be motivated by economic efficiency of the labor market 

reasons, and the social justice gains are just side benefits. 

 

2.1. Regulation in the Labor Market 

The existence of federal and state laws regulating wages, hours, and conditions of the 

work place has certainly helped institutions and corporations organize the administration 

of their compensation systems. The analysis of the evolution of salary discrimination in 

the previous chapter suggests that market forces have not yet eliminated the need for 

regulations, as more laws are needed to ensure equity. Policies and strategies adopted by 

many corporations and institutions are more focused on simply avoiding litigation in the 

court of law. 

 

 But, even though the absence of salary inequity law suits is a reflection of cost saving, a 

strategy based on legal compliance and protection is limited in scope for a successful 

human resource productivity optimization. Simply avoiding the direct costs (lawyer fees 

and potential punitive damages) of salary inequity litigation in courts certainly has some 
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benefits for the institution. But, the productivity losses as a direct consequence of a salary 

inequity perception even in the absence of litigation have more profound bearing on the 

success of the institution.  

 

It turns out that organizational behavior research in motivational theories suggests that 

major gains can accrue from paying a great deal of attention to equity issues, because 

they explain some of the complexities of employee performance and turnover in an 

organization (Mahmud Zaman, 2003). The two main motivational theories by Adams 

(1963) and Vroom (1964) are explored to explain the relationship between equity 

concerns and work performance. First, we will look at the legal framework where only 

extreme cases of inequity are regulated and litigated. 

 

2.2 Legal Case for Salary Equity  

Equal pay for equal work is a fundamental principle aiming at promoting equality in the 

workplace. The Equal Pay Act (EPA) of 1963 provides the legal ground to implement 

and enforce this principle. When a salary inequity law suit is brought to justice, the 

institution is forced to incur at the minimum the defense lawyer fees. And if violations of 

the EPA were established in the court of law, the institution would be held liable and 

penalized for the damages. Beside these financial costs incurred in the short run by the 

employer in such cases, we can add the long term productivity losses due to the 

institution’s tarnished reputation, and the cost to rebuild its image. These expenses have 

the potential in the case of class action salary inequity law suits to undermine the future 

of the institution. Thus the need for a quality salary equity policy is needed to hedge the 
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risk of financial stress, and the social fairness consequences would simply be additional 

benefits. To appreciate the impact of these legal costs to the institution, let’s analyze how 

they can be minimized. 

 

2.2.1 How to minimize legal costs 

Assuming that the employer is the defendant in a salary inequity law suit, the two main 

legal options at the onset of the trial are to either negotiate a settlement out of court, or let 

the litigation process take its course. 

 

An efficient legal defense would propose a settlement out of court when the jury is 

expected to find the case has merit. Likewise, the course of action would be litigation if 

the jury were expected to find the case has no merit. This would be the most cost 

effective way to manage the legal costs. In fact, the settlement strategy clearly limits the 

preparation and litigations expenses, but is more importantly negotiated to be 

significantly lower than the punitive monetary relief added to the unforeseen cost of 

public relations. Choosing to litigate so as to get the case thrown out of court would cost 

only the preparation and litigation fees estimated to be lower than any acceptable 

settlement. The problem is that even an excellent legal team can loose in court. Of the 

two different possible miscalculated scenarios with high potential costs, the least costly 

occurs when a settlement offer is accepted for a case that the jury would have found had 

no merit. The little saving on preparation and litigation fees typically cannot compensate 

for the settlement payment. The mistake the institution does not want to commit happens 

when the choice to litigate is followed by a non-favorable jury verdict. Then, in addition 
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to all the preparation and litigation fees, a heavy punitive monetary relief is assessed on 

top of lost wages and adjustments to bring salaries to par. As we can see, legal costs can 

affect the effectiveness of the institution, but these effects may be negligible when we 

look at the productivity losses due to the simple perception of salary inequity.  

 

2.3 Productivity Case for Salary Equity 

Two main competing theories have bee developed by Adams (1963) and Vroom (1964). 

 

2.3.1 Adams’ theory of motivation  

The motivation theory by Adams (1963), when applied to work-compensation 

relationship suggests that an employee evaluates his/her inputs to the job and what is 

received in return compared to what is received from the contributions made by peers in 

similar conditions. Because equity is a cognitive process, it is the employee’s perceptions 

that will mostly determine his/her judgment of whether the compensation situation is 

equitable. Through the lens of their individual biases, employees cannot possibly 

perceive their salary cases the same. In addition, salary administrators who are more than 

likely going to interpret the situation differently from the employees may unknowingly 

compound the problem. This makes the creation of an environment of perceived 

compensation equity in the institution very difficult to achieve, since the problem seems 

to be a recurring and evolving process. In the end, employees want a compensation 

treatment that they perceive to be fair. 
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If an employee perceives his/her salary-to-work ratio less or more than that of other co-

workers, the result is the perception of inequity. Negative inequity is observed when the 

ratio is less than that of others, and positive inequity is obtained when the ratio is greater 

than that of co-workers similarly situated. Likewise, equity is observed only if the ratio is 

perceived to be the same for every one. In the case inequity is prevalent, employees 

typically feel compelled to restore equity as much as possible for the work-compensation 

to remain acceptable. According to Adams’ theory of equity (1963), employees will 

attempt to restore equity regardless of whether they are negatively or positively impacted 

by salary inequity. The assumption made here is that victims of inequity have feelings of 

anger or frustration while beneficiaries express guilt. In practice, a test performed by 

Zaman (2003) found that Adams’ theory held in the Netherlands where victims expressed 

hostility to the compensation system, and beneficiaries experienced guilt. But in the US, 

overcompensated employees did not express any guilt from positive inequity, although 

underpaid workers reacted according to Adams’ theory. 

 

2.3.2 Vroom’s expectancy theory of motivation 

The expectancy theory of motivation (Vroom, 1964) can be described as a positive 

relationship between the level of reward obtained and the amount of work performed. 

Simply put, Robins (2001) observed: “the strength of a tendency to act in a certain way 

depends on the strength of an expectation that the act will be followed by a given 

outcome and on the attractiveness of that outcome to the individual” (p. 117). When 

applied to the work-compensation realm, an individual will tend to behave and perform at 
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work in a way to maximize the chances of achieving the desired level of compensation. 

And the effort one is willing to invest is proportionate to the expected reward level.  

 

Empirical results established in a study of baseball players by Harder (1991) suggested 

that in the case of salary inequity, the performance of a player remained at the same level 

if it would affect future earnings, validating the expectancy theory. And the performance 

tended to decrease when it had no effect on future earnings, as suggested by Adams 

theory. In other words, workers will reduce their effort to bring in line the perceived 

negative inequity whenever this behavior has no effect on future earning power, while 

they will still strive on activities that are believed to provide potential future benefits.  

 

In any case, the potential negative impact of salary inequity on the bottom line of the 

organization is real, although its full extent may be difficult to measure. Even when there 

is no legal action, perceived inequity may push workers to produce below their peak 

performance, or discourage the zeal to produce above the required level. The former is a 

direct productivity loss, and the latter an opportunity loss of productivity to the 

organization. These losses are the results of a low morale and reduced trust in the system 

for workers, who are victims of inequity. In the end, the organization is not getting the 

work performance expected from the job description. Thus, there appears to be a synergy 

between salary equity and job performance. 
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2.3.3 Relationship between salary equity and job performance 

In what follows, the motivation and expectancy theories presented above are used to 

derive a positive relationship between the perception of salary equity by workers and 

their job performance. In case of negative inequity, Harder (1991) established that 

workers who are victims maintained the same performance for activities that are strongly 

related to future salaries as explained by Adams’ theory. At the same time those activities 

with no direct impact on future earning potential suffered a substantial performance 

decrease as suggested by Vroom’s theory. This is part of the general behavioral rationale 

to alter the contributions and/or compensation to foster equity. Workers may also ask for 

a salary increase, or attempt to bring the performance of others to par. If the results of 

these attempts are not satisfactory, another option is to leave the institution. It appears 

that salary equity adjustments are likely to increase productivity. And inequitable salary 

increases may fail to increase productivity. Inequity can also result in a turnover problem 

that increases the cost of doing business. This is evidence that the administration of a 

compensation policy is not neutral to personnel motivation. And more importantly, the 

perception of equity is intimately related to personnel productivity. This suggestion is 

supported by several previous empirical studies. De Boer et al (2002) were able to show 

that unfairness at work is a good predictor of absenteeism. Employee theft in the case of 

pay cuts has been found to be a reaction to underpayment inequity (Greenberg, 1990). 

Moorman (1991) found that the employee perception of fairness has a great influence on 

his/her citizenship behavior at work. Pfeffer and Langton (1993) established that wage 

dispersion had a significant effect not only on productivity, but also on job satisfaction as 

well as collaborative work. Jin and Shu (2003) found that the interaction between the 
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compensation and job performance does influence the perception of equity. This last 

finding suggests that the equity-performance relationship is circular. The perception of 

equity certainly fuels performance, but that perception is in turn fueled by the interaction 

between the compensation structure and the achievement orientation.   

 

Note that all of these negative salary inequity adjustments by workers don’t need any 

litigation. But yet, the employer is not getting the most or the best out of its personnel. 

There is a gap between the observed productivity under salary inequity and the work 

performance expected under salary equity. 

 

2.4 Other consequences of salary inequity 

There are three other main negative consequences resulting from situations of salary 

inequity that are relative to personnel recruitment, then retention, and the returns on 

human capital investment. 

 

2.4.1 Recruitment 

Recruitment is that unique opportunity for any corporation to bring in quality work force. 

But reaching and landing high performers is quite a challenge. More frequently than in 

the past, new potential employees enquire about the compensation system as they want to 

optimize their future earnings. Beyond the attraction to a tradition of excellence and a 

reputation of sensitivity to employee wellness, any perception or anticipation of salary 

inequity is a red flag, particularly for talented women and individuals from minority 

groups that traditionally have been discriminated against. Failure to recruit an 
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outstanding candidate in these circumstances can result in settling for a less qualified 

candidate, corresponding to a net productivity loss to the institution. This opportunity 

cost is often not accounted for until the lost talent makes a significant contribution to the 

competition. Effective management of the outside perception of a fair salary 

compensation system is one of the crucial elements to attract a diverse and competent 

workforce. 

 

2.4.2 Retention 

Institutions pursuing high performance that have been successful in recruiting top talent 

constantly face the challenge of retaining these valuable employees because they are 

highly sought-after by the competition. Even if adequately paid, any perception of 

inequity no matter how slight it is can make outside offers more interesting then the 

salary amount. This is more pervasive as even a false rumor can spread very rapidly. A 

higher than normal turnover rate is very costly to the institution’s bottom line. Some of 

the hardships include: 

• The cost of an interim hire to fill the position temporarily 

• The cost of advertising the open position well enough to attract qualified 

replacement candidates 

• The time devoted to the selection process 

• The cost of training the new recruit  

• The lost productivity due to all the activities above 
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The cost of replacing a worker is estimated to be four times the annual salary of the lost 

employee on average. This burden can take a huge toll on the corporation’s financial 

health when the turnover is high. 

 

2.4.3 Productivity Returns on Personnel Investment 

For every employee, the recruitment costs and all the orientation and salary expenses 

constitute an investment for which the returns are measured in terms of productivity to 

the company. According to Adams (1963), an employee who perceives inequity will 

spend part of the workday engaged in activities and strategies that will bring equity. 

These non-productive exercises come at a price corresponding to reduced worker 

productivity, contributing to a decrease in the returns on the investment. The expectation 

theory by Vroom (1964) suggests that such an employee will disengage from activities 

that have no bearing on their future earnings such as collaboration and over time work to 

take advantage of what is offered that maximizes future marketability. Again, the 

potential peak productivity cannot be achieved, resulting in opportunity losses for the 

corporation.  

 

2.5 Conclusion: Why pursue salary equity? 

As mentioned earlier, the total cost of a salary inequity litigation case can quickly amount 

to an unbearable burden on the institution’s financial health and even compromise its 

viability in the future. This risk is unfortunately not always well understood, and as a 

consequence not adequately measured. Some institutions simply buy insurance and/or 

staff a general counsel office to hedge such risks. In either case, it is an additional cost to 
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doing business that may significantly reduce the institution’s competitiveness in the 

market place. In the short run, settlements and lawyer fees paid directly reduce the 

financial resources of the company. More importantly, the stress to both the victim(s) and 

management workers directly involved in the litigation process is a handicap to 

productivity. In the long run, the negative publicity will negatively affect the turnover 

rate, and make the recruitment of quality employees more difficult. Even when no legal 

action is taken, experience shows that disgruntled employees not only produce below 

their potential, but are more likely to quit the job. The outcome is reduced productivity 

that coupled with a costly high turnover rate can seriously take a toll on the financial 

health of the institution. In the end, salary equity may be pursued for moral reasons of 

social justice and fairness, but ultimately, it is more important to consider it a strategic 

business decision, because the perception of an equitable compensation system is critical 

for promoting and maintaining higher levels of productivity of workers for the benefit of 

the institution. 
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Chapter 3 

LITERATURE REVIEW AND STATISTICAL ISSUES IN INEQUITY 

DETECTION TESTING 

 

Before we take a look at the literature, it is important to note that the details of the 

mathematical definitions of the classical linear regression model, the reverse regression 

model, the logistic regression model, and others are presented in the next chapter. This 

chapter intends to identify some of the statistical problems that are relevant for the 

pursuit of this research.  

 

Most salary inequity studies use direct multiple regression (DMR) models to estimate the 

gender salary gap. A level α statistical parametric test is typically used to evaluate 

whether there is enough evidence to reject the null hypothesis of no salary gap. Other 

statistical models such as reverse multiple regression (RMR) and logistic regression 

(LRM) are alternative models used in the literature (see Green and Ferber, 1984, and 

Goldberger, 1984). When there is not enough evidence to reject the null hypothesis, we 

infer that there is no salary inequity between groups. And in practice we may conclude 

that there is no need for any corrective measure, although there might be some isolated 

cases of egregious salary bias in both the male and female gender groups.  

 

When the evidence gathered from the data analysis is strong enough to reject the null 

hypothesis, we infer group salary systematic inequity, followed by recommendations of 

corrective measures to bring salary of individuals biased against to par. It is also advised 
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to perform periodic test updates to monitor the equity process over time. The use of these 

quantitative models poses some statistical problems that can affect the outcome of the 

study. But statistical methods to investigate salary equity have not always been the tools 

of choice. We will first analyze the growing role of statistical modeling in salary equity 

litigation. 

 

3.1 The Growing Role of Statistics in Salary Equity Litigation 
 
It is the Title VII Griggs v. Duke Power Co.4 (1971) case that marked the turning point in 

the role of statistics in employment litigation. On appeal to the highest court, the 

Supreme Court ruled in favor of Griggs based on data evidence. More importantly, 

statistics become de facto admissible as evidence in the court of law. This landmark case 

saw the creation of what later became known as the disparate impact discrimination. 

Such lines of argumentation rely specifically on statistical evidence. Before then, only 

disparate treatment discrimination was admissible. Plaintiffs at the time had great 

difficulties to argue their case because some labor practices that may appear neutral on 

the face of it, may have had serious discriminatory implications.  With the ruling of the 

Supreme Court, there is no longer any need to show any intent of discrimination. Because 

the results of statistical analyses can now weight quite heavily in the court decision, the 

methodology used has to be easy to explain and stand scrutiny. It follows that research in 

this area has also attracted a lot of interest from economists, statisticians, and lawyers. 

Expert testimonies for plaintiffs and defendants are fueling the methodological debate 

                                                 
4 Gray (1993) explains that the criterion in Griggs was the requirement of a high-school diploma to work as 
a power line repairperson. Plaintiffs were able to statistically show a significant difference in the 
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and research.  The most intuitive method is the paired comparison. The limitations of this 

technique might be explained by its lack of statistical sophistication. 

 

3.2 The Paired-Comparison Technique 
 
The paired-comparison technique (see Pezzulo and Brittingham, 1979) originally looked 

to find the most egregious cases of salary discrimination in a group to demonstrate a 

group bias. These individuals will be matched on qualifications to a select subgroup from 

the advantaged group to establish salary inequity. Unfortunately, even if this approach 

may suggest a discrimination of a group, it fails to determine the extent of the 

discrepancy. It is possible in some cases that no match is found for certain individuals. 

More over, the more variables one accounts for in the matching process the less likely a 

match is to be found. This method is very intuitive in the sense that it is easy to interpret 

its results. The statistical sophistication and computations are limited to basic operations. 

The paired-comparison method is best used only as a first cursory step in the analysis 

process (Pezzulo and Brittingham, 1979). Note that the more paired-comparison cases of 

salary discrimination are found, the more likely group salary discrimination will be. A 

counter argument to the paired-comparison method might be to find another match in the 

opposite group with similar or lower salary. If this were to happen, it will be very 

difficult to establish salary inequity between groups. This corresponds to a situation 

where some individuals in the opposite group are also victims of salary discrimination. 

This method also fails to address the situation where there might exist some salary 

inequity within groups, which is the main statistical problem of this research. 

                                                                                                                                                 
proportion of workers with the required diploma between Whites and Blacks. Furthermore such a 
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3.3 The Classical Multiple Linear Regression Model 
 
Published studies on salary equity in the literature mostly use linear regression modeling 

as the analytical method of choice (Oaxaca, 1973, Bayer & Astin, 1975, Tuckman & 

Tuckman, 1976, Barbezat, 1987,    Bellas, 1993, Ransom & Megdal, 1993, Ashraf, 1996, 

Toutkoushian, 1999, 2003). Early publications in the late 1960’s and 1970’s did not need 

complex modeling techniques to detect gender salary inequities as the average gap was in 

double digits: 16% for a 1966 data set (Tolles and Mellichar, 1968), 21% for a 1969 data 

set (Barbezat, 1987), 14% for a 1970 data set (Johnson and Stafford,  ). These gaps 

decreased somewhat in the following years: 8% for a 1977 data set (Barbezat, 1987), and 

9% for a 1984 data set (Barbezat, 1989b). With the tightening of these gaps, more 

questions were raised about the appropriateness of the statistical techniques used. The 

need for the gender salary equity methodology to evolve and become more standardized 

in light of the many different statistical problems (Reagan & Maynard, 1974) came as no 

surprise. And the research questions are still getting more refined: “What would the pay 

gap be in the absence of discrimination?” (Barbezat, 2002). This question is the focus of 

this research.  

 

The classical linear regression model is a measure of the linear association between a set 

of explanatory variables considered fixed and a response variable assumed stochastic in 

nature. Every paired-comparison is made possible (Pezzulo and Brittingham, 1979) by a 

process that controls for the differences in the predictors through their predictions. An 

outcome of predicting salary using a classical linear regression model is the ability to 

                                                                                                                                                 
requirement was shown to be totally unrelated to job performance prior to its enactment.  
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determine the effect of each predictor (e.g. rank, highest degree, experience, etc…). 

Evidently, the particular effect of the gender variable is the focus of the analysis. And an 

advantage is that the gender comparison will be made after accounting for differences in 

all the other predictors in the model. More specifically, classical linear regression models 

are well suited for monitoring affirmative action plans (Barbezat, 2002). This statistical 

technique provides means for a proper remedial action for removing the gender salary 

inequities when uncovered. The use of a dummy variable for gender can detect gender 

inequity, and the residuals are good starting points for correcting salary biases.  

 

The classical linear regression model unfortunately is not void of statistical problems in 

practice, although there are ways to deal with some of them. Confounding is the first 

statistical problem.  

 

It is possible that salary inequity is just a part of a whole culture of employment 

discrimination practices that may include recruitment and promotion biases. It follows 

that some of the predictors may be already biased. Preliminary analyses should be 

performed, particularly on merit and promotion to estimate these inequities.   

A second confounding statistical problem is observed in unequal gender distribution by 

discipline. The problem occurs when certain disciplines have none or very few women or 

men. The estimation process lacks the necessary control group for certain parameters 

estimates. These parameter estimates are then not only biased, but also unreliable. For 

example, the predicted low salaries of faculty in a female dominated discipline such as 

nursing may already have a hidden gender salary inequity due to the female high 
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concentration. In this case, the structure of the data cannot allow the analyst to separate 

the confounding effect. In our case study, we chose to exclude the college of nursing 

from the study because the entire faculty was female. 

 

In spite of the classical linear regression model flexibility that increases its attractiveness 

(Kieft, 1974), the interpretation of the results has to be done with some reservation. 

Because salaries are not typically assigned according to a mathematical formula, but the 

result of negotiations, the statistical predictions are just approximations. At this time 

there is no standard to determine the admissibility of a particular model. The explanatory 

power of the model measured by the R-square varies widely from one study to the next in 

the literature. Pezzulo and Brittingham (1979) observed a range of the R-square from 

0.22 to 0.95. 

 

Statistical models are estimated using a finite number of predictors. Not only can hard-to-

quantify attributes be very costly to collect, but also the poor precision can sometimes 

compromise the results, particularly if correlated with the gender. Because these 

variables may not be available, the model will suffer from omitted variables. Some other 

variable may not be measurable directly. Latent variables will pose a different challenge. 

 

When a direct multiple regression analysis is used to reject the null hypothesis of gender 

salary equity, one may conclude that for the same qualification or performance level, the 

male group earns a higher salary than the female group on average. This conclusion 

raises two different problems: 
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• From an application point of view, it is often the case that not all females suffer 

from salary bias. Conversely, some males may be underpaid when compared to 

equally qualified women. 

• From a methodological point of view, the above conclusion can be questionable 

when a reverse regression analysis does not confirm that for the same level of 

salary, the male group exhibits a higher level of qualifications or work 

performance. 

This dissertation intends to contribute a conceptual paradigm that combines the classical 

linear and logistic regression models to identify the individuals biased against regardless 

of group identification, followed by a test of salary equity between four subgroups that 

are more homogenous in terms of salary bias likelihood. 

Testing for salary discrimination between two groups is typically performed as if there 

were some homogeneity within each group. The reality is that there is some variability 

between members of the same group, and even possible glaring inequities. In certain 

circumstances, the within group inequities can compromise the discrimination test 

between groups. 

 

The general principle of "equal pay for equal work" implies that two individuals who 

perform the same amount/quality of work are to be equally compensated. Empirically, 

direct regression techniques are used to investigate this claim. The technique takes Salary 

as the response variable, and the explanatory variables are individual qualifications and 

work performance measures. As a result, a transformation of performance measures is 

used to predict salary. 
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Conversely, if the general principle of "equal pay for equal work" is deemed equivalent 

to "equal work for equal salary", then two individuals making the same salary should 

perform the same amount/quality of work. It follows that to investigate this claim one 

would technically use reverse regression techniques to predict amount/quality of work 

performance from salary. For the resulting transformation to generate the same 

conclusion for the test of salary inequity between two groups, the transformation has to 

be monotonic. This is not always the case in practice. 

 

3.4 The Reverse Regression Model 
 
Conway and Roberts (1983) introduced reverse regression modeling into salary equity 

studies as a statistical technique to investigate “placement discrimination”. This idea 

refers to the “shunting” or “steering” of females into lower job levels than their 

qualifications warrant. Unlike the classical linear regression model (direct regression) 

where average gender salaries are compared holding qualifications constant, the roles of 

salary and qualifications are reversed. In this application, it is more natural to compare 

the average qualifications of males and females, holding their salaries constant. In other 

words, while salary is regressed on qualifications and gender for direct regression, 

qualification is regressed on salary and gender in reverse regression. Reverse regression 

corresponds to the idea that discrimination is measurable by the disparity between 

average gender qualifications for a given fixed compensation level.   

One of the original motivations for Conway and Roberts to adopt the reverse regression 

approach was their observation that there may be measurement errors in the 

qualifications, particularly because certain measures may not be available. In this case, 
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qualifications would then be an imperfect measure of job productivity. This is a 

limitation for the classical linear regression model where qualification is assumed to have 

no measurement error. Otherwise, estimates of the regression coefficients might be 

biased (Madansky, 1959). Another advantage of the reverse regression is that it offers an 

alternative definition of equity measurement, and the results would be necessary 

complements to the classical linear model outcome (Conway & Roberts, 1983).  

 

Although Conway and Roberts proposed reverse regression as a complement to classical 

linear regression, discussion in the literature has been focused mainly on the 

appropriateness or choice of one of the two models, mainly because too often the results 

are very different (Whiteside & Narayanan, 1989), and even contradictory. More over, 

they identified multicollinearity of the predictors as the main source of the salary gap 

discrepancy between direct and reverse regressions. But Shigeru (1991) was able to 

eliminate multicollinearity as a source of the salary gap discrepancy. 

 

3.5 The Logistic Regression Models 
 
Blinder (1973) and Oaxaca (1973) were able to successfully use linear regression 

analysis to separate the part of the salary gender gap that is due to the difference in 

qualifications, and the residual part that is attributed to gender discrimination because the 

model cannot explain its source. This decomposition method typically estimates one 

regression model for each gender group. Most of the shortcomings of this decomposition 

framework came from Becker & Goodman (1991) and Gunderson (1989). With two 

different regressions (one for each gender group), the sample size is reduced making the 
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parameter estimates not as reliable as in a single equation. The choice of the control 

group is not clear between the two regressions. Robinson & Wunnava were able to 

empirically show that the decomposition gap is larger than normal, suggesting a bias 

upward. These limitations prompted Brewton & Freiberg (1995) to use a logistic 

regression model instead.  

Whereas classical linear regression models are used to test the equality of the average 

earnings of two gender groups given a set of individual characteristics and qualifications, 

it would be equivalent to test that salary cannot be used to significantly predict a 

worker’s gender after controlling for her/his personal characteristics and qualifications. 

These qualifications and personal characteristics are presumed to be legitimate 

determinants of the compensation process. This is a logistic regression framework as the 

response variable in this case is a dichotomous variable. It can also be considered a form 

of reverse linear regression because an explanatory variable (Gender) in the linear 

regression is now the response variable of the logistic regression while Salary moved 

from response to explanatory variable.  

 

The logistic regression approach not only fails to estimate the gender salary gap, but also 

presents some interpretation difficulties as the intuition of linear regression is lost, 

making the design of remediation process very difficult.  

In practice, the outcomes of these two different approaches do not necessarily match. As 

a consequence, the analyst may be faced in some cases with different legitimate analytic 

methods producing very different results. The concern for us is to examine the possible 
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relationship between these results. Which one of the analysis results should we choose? 

Are there any circumstances where one can be preferred?  

 

3.6 Problems with the Aggregate Gender Group Analysis Level 
 
The DMR approach applied to a faculty gender salary-equity study uses individual 

faculty members as unit of analysis, and makes inference at the aggregate group level. It 

follows that inferring gender equity does not preclude all individuals from being 

underpaid. Likewise, inferring gender inequity against women does not imply that all 

females are underpaid. More over, some males might also be underpaid.  

 

 Any remedial action uniformly applied to the group biased against is more likely to be 

sub-optimal because not every individual in that group is underpaid, nor is every worker 

underpaid at the same rate. Gender groups do not explain the source of bias as it merely 

predicts the average gap between groups.  

 

 In fact, the DMR implicitly assumes that the source of salary discrimination is the group. 

As a consequence, individuals are not victims of inequity independently of their group 

affiliation. This is rarely the case in applied work where not every member of the victim 

group is a victim. Conversely, certain members of the non-victim group are victims of 

salary discrimination. Even when the salary gap statistical test is able to determine the 

victim group, further determination of the subgroup of victims and the extent of 

individual cases is a crucial step to appropriately remedy the situation. 
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Ultimately, it may be more important to determine who the individual victims than the 

victim group are since better solutions are applied at the individual level, and not 

uniformly implemented to the group. In other words, since the solution is better applied 

at the individual unit of analysis, a method more focused on determining the victims has 

the potential to provide more insight into the salary equity structure of the population.                 

The focus of the DMR method on testing for the salary gap between groups has not 

always been the choice of researchers on the subject. Instead, attempts to establish group 

salary bias was inspired by the litigation in courts. The argument within the context of a 

class action lawsuit is more powerful and easier to establish statistically than individual 

cases. Furthermore, because there are some groups that are protected under the law (i.e. 

women and minority groups), the litigation has an interest in framing the debate in terms 

of group discrimination to align the law on its side. Since in practice, salary decisions are 

not made collectively for groups of individuals, but negotiated with individuals one at the 

time, the focus on groups may not have a chance to eradicate the problem at its source. In 

the case the group salary gap is identified as the source of inequity, it is not unusual for 

faculty salary remedies using DMR analysis to temporarily disappear, but reappear in the 

future. And alternatively, when the group salary gap is not a concern, a false sense of 

fairness can creep in, despite the fact that some individuals even from the protected 

groups may be victims of wage inequity. In the latter case, it is possible that: 

• The salary gap and/or the reduced number of the victims within the protected 

group do not amount to a significant salary at the group level. 

• The salary gap and/or the reduced number of the victims within the protected 

group are matched or even overmatched by the victims in the non-protected group 
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It is apparent that gender groups are not homogeneous in their salary treatment. 

 

3.7 The Within Gender Salary Inequities Statistical Problem 
 
Let’s start from a situation where it has been clearly determined through some reliable 

statistical method that there is strong statistical evidence to reject the null hypothesis of 

gender equity. It is then established that females are discriminated against, therefore they 

deserve a salary increase to match that of comparable males. The problem at hand now is 

to reduce the observed gender salary gap under the constraint of a fixed and limited 

dollar amount. Traditionally, the most common solution has been to allocate the limited 

remediation funds in higher proportion to the female most egregious cases of salary 

discrimination. Increasing the salary of any female in this group reduces the gap to the 

expected salary of a comparable male. As the salaries of more females discriminated 

against are brought to parity with that of comparable males, the gender salary is further 

reduced. And when enough of these women cases are resolved, the gender salary gap 

disappears and becomes statistically non significant.  

 

Even though it is more logical to treat the worse cases of discrimination first, the gender 

salary will not be any different regardless of who in the female group is given priority. It 

turns out that the gap will be the same if those of the females who are not discriminated 

against or even earning higher salaries than comparable males are given priority for 

salary increases. This result is a direct consequence of the basic definition of an average. 

To realize this, notice that the sum of all the salaries in both scenarios will be exactly the 

same. More importantly, because the variance is different for the two scenarios, the 
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significance of the test statistic will be different. We may then have a situation where the 

salary inequities within gender groups can mask the salary inequity between gender 

groups. This finding is better explained in the following Monte Carlo simulations. 

 

3.8 Simulation of the mean difference 
 
The experiment consists of comparing the statistical significance of two different 

scenarios for bringing the women group average salary to par with that of the male group. 

It is assumed that both groups are equally qualified so that there is no reason to account 

for individual characteristics. The t-test is the statistical test of choice here as the 

individual salaries are generated from a normal distribution. The steps of the experiment 

are presented below: 

• For an equal number in each group, generate male salaries from a normal 

distribution, generate female salaries from the same distribution and subtract a 

fixed amount to create a salary gap between male and females. 

• Compute the male average salary and variance that is going to remain fixed 

during the whole experiment 

• Rank female salaries in ascending order, and separately in descending order 

• Scenario 1: Add the correction salary increase to the first female in the order 

(female with the lowest salary). Compute the new average salary and variance for 

females. Compute the corresponding t-test to test the equality with the male 

average. 

• Scenario 2: Repeat scenario 1 on the other set of salaries. This will correspond to 

the female with the highest salary. 
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• Repeat scenario 1 and scenario 2 for a fixed number of females. The result is two 

series of t-tests corresponding to the two scenarios.  

• Compare the two series of t-tests. 

Before presenting the results of the experiment, we can show analytically that the t-

statistic in scenario 2 is lower than the t-statistic of scenario 1. We start by showing that 

the variance in scenario 2 is higher than the variance in scenario 1. 

Having n observations on a continuous random variable denoted by 

1 2 n 1 nS {x , x ,..., x , x }−= , 

let’s rank the observations in ascending order. We obtain: 

(1) (2) (i) (n 1) (n)S {x , x ,..., x ,..., x , x }−=  
 
where (1)x is the minimum, (i)x is the thi ascending ordered statistic, and (n)x is the 

maximum. Similarly, we can rank the same sample in descending order to obtain:  

[1] [2] [ j] [n 1] [n]S {x , x ,..., x ,..., x , x }−=  
 

where [1]x is the maximum, [ j]x is the thj descending ordered statistic, and [n]x is the 

minimum. Now, for a positive quantity c added to the first ordered statistic in each 

scenario, we obtain the following sums of squared differences from the average. In 

scenario 1, we get: 

 
 1 2 2 2 2

1 (1) (2) (i) (n)SS (x c X) (x X) ... (x X) ... (x X)= + − + − + + − + + −  

and              1 2 2 2 2
2 [1] [2] [i] [n]SS (x c X) (x X) ... (x X) ... (x X)= + − + − + + − + + −  

or                 1 2 2 2 2
2 (1) (2) (i) (n)SS (x X) (x X) ... (x X) ... (x c X)= + + − + + − + + + −  

 
It then follows that the difference is: 
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1 1 2 2 2 2
2 1 (1) (2) (i) (n)

2 2 2 2
(1) (2) (i) (n )

2 2 2 2
(1) (n) (1) (n)

(

SS SS (x X) (x X) ... (x X) ... (x c X)

             -(x c X) (x X) ... (x X) ... (x X)

               (x X) (x c X) -(x c X) (x X)

               (x

− = − + − + + − + + + −

+ − − − − − − − − −

= − + + − + − − −

= 2 2 2 2
1) (n) (1) (n )

2 2
(1) (n) (n)

2 2
(1) (n) (1)

(n) (1) (n)

X) ((x X) c) -((x X) c) (x X)

               (x X) (x X) 2c(x X)

                (x X) (x X) 2c(x X)
               2c(x x ) 0   since x is the maximum, and

− + − + − + − −

= − + − + −

− − − − − −

= − ≥ (1)x  is the minimum.

 

 

Since the variance is obtained by dividing the sums of squared differences by the sample 

size, we can conclude that the variance of the second scenario is greater than the variance 

of the first scenario when a positive constant is added to the first order statistic. 

 

Now assume the variance of scenario 2 is greater when we have added a positive constant 

to the first, second, up to the kth ordered statistic. Then at the (k+1) order, the difference 

between the sums of squared difference is given by: 

 

 

k 1 k 1 k 2 2
2 1 2 (n k 1) (n k 1)

k 2 2
1 (k) (k)

k k
2 1 (n k 1) (k)

SS SS SS (x X) (x c X)

                     (SS (x X) (x c X) )

                     (SS SS ) 2c(x x )

+ +
− + − +

− +

− = − − + + −

− − − + + −

= − + −

 

 

Assuming that (k)x is less than the median, and (n k 1)x − + is greater than the median, and 

since c is positive, the quantity k 1 k 1
2 1SS SS+ +− will be positive, because 

(n k 1) (k)2c(x x ) 0− + − ≥  and k k
2 1SS SS 0− ≥ by assumption. We don’t need to go beyond the 

median on either ranking, as the corrective effect would be compensating between both 

scenarios. This completes the proof that the variance of scenario 2 is greater provided 

that we do not add corrections beyond the median. 
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Now we want to show that the ordering of the variances implies the reverse ordering for 

the t-statistic. The two t-statistics can be written as: 

 

( ) ( )m f1 m f 2
1 22 2 2 2

m f1 m f 2

2
m m

2 2
f1 f 2 f1 f 2

X X X X
T          and        T

S S S S
m f m f

where X  and S  are respectively the mean and variance of males, 
and X ,X ,S ,S  are respectively the means and variances for females i

− −
= =

+ +

n scenarios 1 and 2.
 
 

The number of males is m and the number of females is f. Because we already showed 

that 2 2
f 2 f1S S≥ , this would imply that 2 1T T≤  since the numerators of both t-statistics are 

equal. This completes the proof that although the gender salary gap is the same in both 

scenarios, it would be statistically less significant when there is a larger inequity in the 

female group. 

 

As expected, the results of the simulation show that as more females are receiving the 

correction for gender salary inequity, the gender gap of the second scenario is less 

significant. Partial results are summarized in the Figure 3.1 below. Graphs on the left 

column depict difference between the T-statistics of scenario 1 minus the T-statistic of 

scenario 2. Graphs on the right show the difference between the P-value of scenario 2 

minus the P-value of Scenario 1. The first row of graphs show the results when the 

corrections are done in fixed lump sum salary increase, while in the second row, 

corrections are done in percentage salary increase. The T-statistic difference can be as 

high as 1.5, corresponding to a P-value difference of 12 % which is significant. With a 

12% P-value difference, we can easily have a situation where the corrections using the 
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same amount of salary increases may yield a statistical significance of the gender gap in 

scenario 1, while the same difference is not significant in the second scenario.  

 

Figure 3.1: Significance Comparison of Scenarios 1 & 2 
 
 
 

 
The above figure shows the summary for a simulated gender salary gap of $15,000 for a 

simulated nominal salary distribution by a normal distribution with mean $85,000, and 

standard deviation $15,000. In appendix, you will find additional graphs showing the 

results for simulated gender salary gaps ranging from $5,000 to $30,000, and increasing 

by units of $5,000. The results are very similar. 
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3.9 The Need for a Robust Statistical Method 
 
In light of all these statistical issues that may not always lead the analyst to a consistent 

choice of the method to use, nor account for the potential inequities within gender 

groups, it would be helpful at least in practice to have a framework that effectively 

accounts if not solves these statistical issues. Such a method will be required to be 

preferred to either the classical linear regression or the logistic regression model. Other 

statistical properties may also increase its viability as a robust statistical test. Such a 

statistical modeling tool is provided in this dissertation. An additional practical benefit is 

the development of a test of salary inequity regardless of gender.  
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Chapter 4 

THE SEARCH FOR A ROBUST APPROACH TO GENDER SALARY 

INEQUITY DETECTION 

In this chapter, the many statistical definitions of gender salary equity are explored to 

guide the search for an approach to inequity detection that is robust to most of the 

problems described in the previous chapter. The generalized linear model framework 

(Nelder and Wederburn, 1972), presented in appendix 1 constitutes the theoretical 

support to all the statistical models explored. In particular, it covers both the classical 

linear and logistic regression models used in the new statistical procedure proposed to 

detect gender salary inequities in the presence of within gender salary inequities. 

 

4.1  A Statistical Model for Detecting Gender Salary Inequity  

With the generalized linear model as the framework of choice, we now have a theoretical 

support for a comprehensive quantitative investigation of gender salary discrimination. 

We begin by the mathematical formulation of the concept of salary fairness between 

males and females. The goal of these mathematical equations is to define a criterion that 

corresponds to the generally accepted principle of “equal pay for equal work”. Based on 

the estimation of these statistical models, if the salary equity hypothesis is rejected, the 

analyst would infer salary discrimination. Several definitions have been suggested in the 

literature. They include the probability distribution criterion, the logistic and linear 

regressions, and linear reverse regression criteria. Because these methods often generate 

different and sometimes contradictory results for the same data set, the choice of an 
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estimation technique may appear arbitrary. In what follows, there is no attempt to 

compare the performance of these techniques. Instead, the goal is to find and establish the 

relationships between them so as to explore the possibility of a unified approach to 

gender inequity detection in salaries. The functions and variables used in the definitions 

of these criteria are the following: 

• 
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  is the design matrix of the characteristics or a transformation 

for linearity observed on the n individuals in the sample. 

• G is a dichotomous variable indicating the individual’s gender. 

• P is a discrete probability function defined such that [ ]P A a=  is the probability 

of the realization a  assumed by the random variable A. Likewise, 

[ / ]P A B b= is the conditional probability of A given the realization b of the 

random variable B. 

• E is the mathematical expectation function defined such that [ ]E A  is the 

expected value of the random variable A. Likewise, [ / ]E A B b=  is the expected 

value of the random variable A given the realization b of the random variable B.  

[ / ]E A B b=  is a function of b . 
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4.2  Criteria for Gender Salary Equity 

4.2.1 Probability Distribution Definition 

For Millsap and Meredith (1994), compensation should be on the basis of “merit” 

variables used as surrogate for the employee’s worth. In this case, employees are matched 

on their respective merit before salaries can be compared.  

 

Definition 4.1: The allocation process of salary (Y)  is equitable with respect to the 

groups (G defined by male or female) if the probability of salary given a fixed level of 

observed qualifications or “merit” (X)  does not change if in addition to qualifications, 

salary is also conditioned on gender. i.e: 

 

(4.1)               
For all X and G, [ / ] [ / , ]
                (Millsap and Meredith, 1994)  

P Y X x P Y X x G g= = = =
  

 

Although there may be ultimately a genuine interest in defining inequity for a particular 

individual, the above definition is only concerned with discrimination between two 

groups. In fact it defines the null hypothesis of the statistical test for salary equity 

between males and females. This distinction calls for a few remarks: 

• If equation 4.1 holds for each individual in the sample, it will definitely also hold 

for the entire sample, thus definition 4.1 would also hold. But, this is not a 

necessary condition (although a sufficient one) for the definition 4.1 to hold. 
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• Definition 4.1 may hold with the equation not holding for some individuals. 

Simply because at the aggregate group level, there is no salary inequity, we 

cannot conclude that every single female (likewise male) is not victim of salary 

discrimination. Statistically, Salary discrimination for some individuals may not 

amount to group discrimination because such occurrences are rare, or the two 

groups are equally discriminated against.  

• This definition 4.1 in the end is the null hypothesis of a likelihood test of two 

different probability models where the first one is conditioned on merit alone, and 

the second is conditioned on merit and gender. This is also the null hypothesis of 

a test of the statistical independence between the gender variable and the salary 

variable conditioned on merit. 

This definition of salary equity states that for the same level of qualifications, the 

allocation of salary is independent of gender groups. The same idea can be reversed. For 

the same level of compensation, there is no gender difference in the qualifications. 

Birbaum (1979) first explored this idea of reversing variables that inspired Millsap and 

Meredith (1994) to propose the reverse probability definition of salary equity. 

 

 Definition 4.2: The allocation process of salary is equitable with respect to the groups 

defined by G (male or female) if for the same salary, there is no group difference in 

qualifications. i.e: 

 

(4.2)               
For all Y and G, [ / ] [ / , ]
                 (Millsap and Meredith, 1994)

P X Y y P X Y y G g= = = =
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Instead of considering gender differences between groups matched on qualifications, the 

reverse probability definition considers the gender difference in qualifications for the 

same salaries. Even though the ideas behind the direct and reverse probability definitions 

appear to be logically equivalent, their mathematical representations are not equivalent. 

Since reversing conditional probabilities requires the use of Bayes rule, the conditional 

probability will typically differ from its reverse. As a result, the inequity criteria 

expressed in equations 4.1 and 4.2 are not expected to be equivalent in practice (Conway 

and Roberts, 1984). Instead of comparing these two criteria to determine which one 

would provide a better means to detect salary inequity, we would like to examine the 

relationship between the two definitions.  

 

Proposition 4.1: The probability distribution and the reverse probability distribution 

criteria are equivalent if   

(4.3)                      

For all  and ,     [ / ] [ / ]
                       or equivalent ly, 

for all ,                           [ / ] [ ]
[ / ] [ ]

X Y P G X x P G Y y

G P Y G P Y
P X G P X

= = =

=

.  

 

Proof 4.1:  

Assume that the probability distribution criterion. This means that  

],/[]/[ gGxXYPxXYP ====   

It follows that: 

],[
],,[],/[
gGyYP

GYXPgGyYXP
==

===   by definition of conditional probabilities. 
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But ],[],/[],,[ gGxXPgGxXYPGYXP ==•=== according to the definition of 

conditional probabilities applied to [Y, (X, G)] 

Thus 
],[

],[],/[
],[

],,[],/[
gGyYP

gGxXPgGxXYP
gGyYP

GYXPgGyYXP
==

==•==
=

==
===  

And since ]/[],/[ xXYPgGxXYP ====  according to the probability definition,  

],[
],[]/[

],[
],[],/[],/[

gGyYP
gGxXPxXYP

gGyYP
gGxXPgGxXYPgGyYXP

==
==

•==
==

==•==
===

 

Furthermore, 
][

][]/[
][

],[]/[
xXP

yYPyYXP
xXP

xXyYPxXYP
=

=•=
=

=
==

== , and 

]/[
]/[]/[

][
],[

][
],[

]/[

],[
],[

][
][]/[

],[
],[]/[],/[

yYGP
xXGPyYXP

yYP
gGyYP

xXP
gGxXP

yYXP

gGyYP
gGxXP

xXP
yYPyYXP

gGyYP
gGxXPxXYPgGyYXP

=
=

•==

=
==

=
==

•==

==
==

•
=
=

•==
==
==

•====

 

Therefore, for the reverse probability distribution criterion to be satisfied, we need to 

have: 

1
]/[
]/[
=

=
=

yYGP
xXGP      Or otherwise: ]/[]/[ yYGPxXGP ===  

And equivalently:
[ / ] [ ]
[ / ] [ ]

P Y G P Y
P X G P X

= ,  

since P[X / G] P[G] P[Y / G] P[G]    P[G / X x]  and P[G / Y y]
P[X] P[Y]

• •
= = = = . And by 

equating the two parts, we complete the proof. 

These results suggest that the probability distribution of gender, conditioned on 

qualifications is equal to the probability distribution of gender, conditioned on salary. Or 
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equivalently, gender does not affect the salary and merit proportionality distribution. By 

testing the equality between two logistic regression models, this result provides a 

condition for the equivalence between the probability and reverse probability criteria.  

 

There are many objections concerning these two definitions given in equations (4.1) and 

(4.2). Millsap and Meredith (1994) realized that their formulation of equity above 

amounts to a rather strong condition requiring the equality between two conditional 

distributions or likelihood functions. In practice, these two conditional probability criteria 

are not testable because it is difficult to estimate conditional probability densities. These 

observations combine to create an opportunity to explore weaker salary equity criteria 

that can still provide reasonable means to test for gender salary equity. The first moments 

of these conditional distributions are explored as the second best choice. These 

conditional expectations are also referred to as regression models. 

 

4.2.2  Regression Definition 

Regression techniques are widely used in the literature for salary equity studies 

(Birbaum, 1979, Flanagan, 1973, Oaxaca, 1973, Toutkoushian, 2002). 

 

Definition 4.3: The allocation process of salary is equitable with respect to the groups 

defined by G (male or female) if the expected salary given a fixed level of qualifications 

does not change when in addition to qualifications, gender is also considered. i.e: 

(4.4)        
 For all  and ,   [ / ] [ / , ]
 (See linear regression model in Graybill, 1976, P .158)

X G E Y X x E Y X x G g= = = =
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Equation 4.4 suggests that for any set of attributes X , the conditional expectation of the 

salary given these attributes X  ( [ / ]E Y X ) does not change when in addition we account 

for genderG  ( [ / , ]E Y X G ). Note that equation 4.4 is a criterion for the equality of two 

regression models. These models can be written in the linear case as: 

 

  
(4.5)               E[Y / X] X'    and   E[Y / X x,G] X ' G= β = = β+ γ  
 
   

It follows that testing for the equality of these two models is equivalent to testing that the 

coefficient of gender in the second regression model is zero ( 0H : 0γ = ). 

Following Birnbaum’s idea of reversing variables to define salary equity, it follows that 

for the same level of compensation, there is no gender difference in the qualifications. 

The reverse regression criterion of gender salary equity can then be defined.  

 

Definition 4.4: The allocation process of salary is equitable with respect to the groups 

defined by G (male or female) if the expected qualifications given a fixed level of salary 

does not change when in addition to qualifications, gender is also considered. i.e: 

 

(4.6)                 
For all  and ,      [ / ] [ / , ]
(See Conway and Robert s, 1984; and Goldberger, 1984)

Y G E X Y y E X Y y G g= = = =
 

 

The equal pay for equal work criterion appears to be logically equivalent to the equal 

work for equal pay criterion. The same level of compensation for males and females 
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should result from the same qualifications and amount of work measured by X . In 

practice, it is not unusual for these two models to produce very different results using the 

same data set (Goldberger, 1984, Hashimoto & Kochin, 1980). As in the case of 

probability criteria, let’s examine the question about whether the regression formulations 

of salary equity in (4.4) and (4.6) are equivalent.  

 

Proposition 4.2: If [ / ] [ / ]P G X x P G Y y= = = , then the expected value definition is 

equivalent to the reverse expected value definition.  

 

Proof 4.2:  

Assume [ / ] [ / ]P G X x P G Y y= = = , then proposition 1 holds meaning that the 

probability definition and reverse probability definition hold.  

But, equality of two probability distributions implies equality of all the moments if they 

exist. Thus, the first moments that are the expected values are equal.  

 

We now turn our attention to the logistic regression technique as an alternative criterion 

for determining gender salary equity. Gender plays the role of the response variable with 

a binary outcome. In this model, the nature of the functional form is to predict a 

probability that restricts its value between 0 and 1. The independent variables (X, Y) are 

used to predict the probability, or more adequately the logarithm of the odds of an 

individual being from a specific gender given a set of identifying observed 

characteristics. 
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4.2.3 Logistic Regression Definition 

Definition 4.5: The allocation process of salary is equitable with respect to the groups 

defined by G (male or female) if the expected value of qualifications given a fixed level 

of salary does not change when in addition to qualifications, gender is also considered. 

The mathematical formulation of this idea is expressed by: 

 

(4.6)
For all X and Y,     P[ / ] [ / , ]
(See logist ic regression in Dobson, Annet t e J . 2002, P .121)

G X x P G X y Y y= = = =
  

 

This is the Logistic Regression Definition. This equation is a logistic regression model 

that we can easily estimate. And it means that for any set of attributes X , the conditional 

probability of being classified as a female (or male), given X  ( [ / ]P G X ) is similar to the 

conditional probability of the same classification, given X  and Y ( [ / , ]P G X Y ). The 

classification as a member of a particular gender based on the set of attributes X  does not 

change when predicted by both the attributes X , and the salaryY . 

 

4.3  Relationship between Salary Equity Criteria 

4.3.1 Relationship between Probability and Linear Regression Methods 

Proposition 4.3: The Direct Probability distribution criterion of gender salary equity 

implies the Linear Regression criterion: 

(4.7)         For all X, Y and G;       [P(Y / X,G) P(Y / X)] [E(Y / X,G) E(Y / X)]= ⇒ =  
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Proof 4.3: Assume the probability criterion. Then we have: 

)/(),/( XYPGXYP = . 

If the probability distributions are equal, then all the moments are equal, and in 

particular, the first moment, completing the proof. This is written as: 

),(),/( XYEGXYE = . 

 

4.3.2 Relationship between Probability and Logistic Regression Methods 

Proposition 4.4: The direct probability criterion of gender salary equity is equivalent to 

the logistic regression criterion.   

(4.7)          For all X, Y, and G,      [P(Y / X,G) P(Y / X)] [P(G / X,Y) P(G / X)]= ⇔ =  

Proof 4.4: Assume the probability criterion )/(),/( XYPGXYP = , we then have: 

),(
),(),/(

),(
),,(),/(

YXP
GXPGXYP

YXP
YXGPYXGP •

==  

But, because )/(),/( XYPGXYP =  according to the assumption above, it follows that: 

)/(
)(

),(
),()(

),(),(
),(

),()/(
),(

),(),/(),/(

XGP
XP

GXP
YXPXP
GXPYXP

YXP
GXPXYP

YXP
GXPGXYPYXGP

==

•
•

=
•

=
•

=
 

 

Proposition 4.5: The reverse probability criterion is equivalent to a form of logistic 

regression criterion where qualification rather than salary has no effect on the gender 

likelihood: 

 

(4.8)         For all X, Y, and G,     [P(X / Y,G) P(X / Y)] [P(G / X,Y) P(G / Y)]= ⇔ =  
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Proof 4.5: Setting X = Y, and using proof 4.4 completes the proof. 

 

4.3.3 Relationship between Logistic and Linear Regression Methods 

Proposition 4.6: The Logistic Regression criterion of gender salary equity implies the 

linear regression criterion:  

 

(4.9)      For all X, Y, and G,      [P(G / X,Y) P(G / X)] [E(Y / X,G) E(Y / X)]= ⇒ =  

 

Proof 4.6: As in proof 4.3, the equality of two probability distributions implies the 

equality of their first moments which completes the proof. 

These criteria can be considered the null hypotheses for statistical tests of gender salary 

equity. In practice, these testing procedures have some limitations: gender salary inequity 

can be erroneously detected or the statistical test can fail to detect it. The consequences 

of each of these two cases of statistical test shortcomings unfortunately can have serious 

policy implications. 

 

4.4  Error in Gender Salary Inequity Detection Tests 

A statistical hypothesis testing procedure is generally required to decide whether a 

gender group is underpaid for similar work. The decision rule of such tests is based on 

the Probability value (P-value). The P-value measures the likelihood that more extreme 
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and improbable data evidence could be observed, given the assumption of gender salary 

equity. The decision rule unfortunately will always have some level of uncertainty.  

 

4.4.1 Sensitivity and Specificity of the Tests 

Assume that we have two mutually exclusive and exhaustive states of nature. The first 

state of nature +SE  represents the event that there is gender salary inequity. The second 

state −SE  represents the event that there is gender salary equity. +SE  is the complement 

of −SE , since these two events are mutually exclusive and exhaustive. These two states of 

the nature are also unknown to the investigator. Now, let +D  be the decision that there is 

gender inequity, inferred from a statistical analysis. The main question of interest is for 

the analyst to minimize the probability of erroneous decisions. A decision inferred from 

statistical analysis is erroneous when it does not match the state of the nature. The only 

other possible decision −D  inferred from the statistical analysis states that there is gender 

salary equity. 

 

The sensitivity of the statistical test is the probability to decide that there is gender 

inequity when the state of the nature is gender salary inequity ]/[ ++ SEDP . The 

probability of the complementary event ])/[1( ++− SEDP is also the probability to decide 

that there is gender salary inequity when in fact there is gender salary 

equity ])/[( −+ SEDP . This is a case of a false positive outcome that forms the Type-I 

error.  
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The specificity of the statistical test is the probability to decide that there is gender equity 

when in fact the state of the nature is gender salary equity ( ]/[ −− SEDP ). The 

complementary event has probability ])/[1( −−− SEDP  which is a measure of the false 

negative cases also known as the Type-II error. It is the probability to decide that there is 

equity when in fact the state of the nature is salary inequity ( ]/[ +− SEDP ). 

 

4.4.2 Policy Implications of Type-I and Type-II errors 

The first type of error occurs when it is wrong to claim the existence of gender salary 

inequity. As is often the case, corrective measures will be taken within the budgetary 

constraints. 

• If the statistical test wrongly finds males to be underpaid, any salary increase for 

males will increase the gender salary gap in favor of males. This would expose 

the institution to a higher risk of court action by females as a protected group 

under the law if the error were to be discovered sometime later.  

 

• If females are found to be underpaid, because they constitute a protected class 

under the law there will be a strong pressure for their salaries to be raised to the 

level of comparable males. Increasing their average salary may amount to reverse 

discrimination.  

 

The second type of error happens when it is wrong to claim that there is gender equity. In 

these situations, no corrective measure is generally taken. The gender salary inequity 
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problem misses an opportunity to get at least the beginning of a solution. Instead the 

problem is likely to worsen as the funds originally available for inequity may be assigned 

to resolve other salary issues.  

If the state of the nature is inequity, the failure to diagnose the problem may lead to the 

problems presented in chapter 2: lost productivity from those discriminated against that 

can lead to retention and recruitment problems.  

 

4.5  Conclusion 

The probability and reverse probability definitions of salary equity are very strong 

criteria for detecting compensation inequity. But direct estimation is difficult in practice, 

particularly when one needs to control for some covariates. The fact that the logistic 

regression definition is shown to be equivalent to the probability definition provides a 

straightforward estimation procedure, while retaining the robustness of the equivalent 

probability model. The linear regression criterion is the most popular estimation method 

to investigate gender salary inequity. It is very intuitive in its approach, the interpretation 

of the results is very easy to understand, the mathematical and statistical computations 

are very easy to perform and widely available. But it is a weaker criterion that the 

probability and logistic regression criteria. Although not as intuitively appealing as the 

regression method, the logistic regression seems to better capture the robustness 

combined with some interpretability easiness. The problem is that we cannot obtain an 

estimate of the salary gap out of a logistic regression analysis, whereas it is easily 

obtained in linear regression techniques. The Two-Stage Classification Regression model 

combines the robustness of the logistic regression approach and the interpretability of the 
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linear regression results to investigate the existence of gender salary inequity. The results 

are more informative than the outcomes obtained from either of the two methods of 

analysis.  
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Chapter 5 

A TWO-STAGE CLASSIFICATION REGRESSION METHOD FOR 

DETECTING GENDER SALARY INEQUITY  

First introduced by Theil (1953), the terminology “Two-Stage” is a statistical technique 

designed to deal with classical linear regression estimation problems where some 

unknown nuisance parameter cannot be estimated at the same time as the parameter of 

interest. Simply ignoring the nuisance parameter can significantly compromise the 

optimality of the parameter of interest. And the optimality is improved with an estimate 

of the nuisance in the absence of its value. Typically, the model is estimated in two steps. 

In the first step, the model is estimated ignoring the nuisance parameter, but the results 

are used to estimate it. In the second step, the model is re-estimated under the assumption 

that the nuisance parameter is known (from the first step). The Two-Stage Classification 

Regression (TSCR) estimation procedure proposed here is similar, but addresses a 

different problem. The nuisance parameter and the parameter of interest are the same. But 

this parameter needs to be redefined before it can be estimated. The statistical models 

used in the first and second stages are no longer the same.  

 

The Two-Stage Classification Regression estimation procedure combines the use of a 

logistic regression model to determine new subclasses for each gender in the first stage 

and a linear regression model in the second to test for salary inequity between the newly 

formed subgroups. The results produce a new strategy for detecting gender salary 

inequity.    
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5.1 First Stage of Two-Stage Classification Regression 

5.1.1 The Classification Procedure 

The first stage is the classification stage. There are several classification techniques 

available in the literature. The logistic regression model will be used in this research as 

the classification tool of choice. Salary is of the explanatory variables that are additively 

regressed on the dichotomous gender variable using the logistic function as link.  

 

This model provides a direct way to test for the existence of salary equity bias. Under the 

null hypothesis, for the same level of qualification, salary is not a significant predictor of 

the likelihood of being classified in a particular gender group. This test is performed by 

simply testing the significance of the coefficient of the salary variable in the logistic 

regression model. In the case we fail to reject the null hypothesis that the coefficient of 

the salary variable is zero, we conclude that there is no gender bias. In the alternative of 

statistical significance indicating the rejection of gender salary equity, the logistic 

estimation procedure is further used as a classification tool. But, this result is not the 

endpoint of the TSCR application to the salary inequity investigation, although this test is 

more robust than the linear regression as shown in chapter 4.  

 

The predicted values of the probability estimates are used to partition each gender group 

into two subgroups. Since logistic regression is used here to predict the probability of 

being female, a threshold is used to classify individuals with higher estimates as females, 

and lower estimates as males. The outcome is a sub classification of the two gender 

groups into four subgroups. There are now two different types of gender subgroups. The 
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first set of two subgroups includes all the individuals who are rightfully classified in their 

original groups. The second set of two subgroups is made of all those misclassified in the 

other original gender group. As a result, we now have males classified as males, males 

misclassified as females, females classified as females, and females misclassified as 

males. We obtain a 2 by 2 table that we can use to perform some other statistical tests. 

Such a table can be generically represented by: 

Table 5.1 Logistic Regression Classification 

Gender 

Predicted  

Male Female 

Male a b Gender 

Observed Female c d 

 

5.1.2 Basic Measures of Classification Testing 

In the following we consider a, b, c, and d as positive integers representing the count of 

individuals in each of the four groups mentioned above. 

• a is the number of observed males predicted as males 

• b is the number of observed males predicted as females 

• c is the number of observed females predicted as males 

• d is the number of observed females predicted as females  

• dcbaN +++=   is the total count of all the males and females in the study. 

The expected cell counts can be computed as the product of the marginal sums divided by 

the total number of males and females. 
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• 
N

cabaaEEA ))((][ ++
==  is the expected count for a  

• 
N

dbabbEEB ))((][ ++
==  is the expected count for b  

• 
N

acdccEEC ))((][ ++
==  is the expected count for c  

• 
N

bdcddEED ))((][ ++
==  is the expected count for d  

The row and marginal observed counts can simply be computed as the row and column 

sums respectively.  

• baOM +=            is the number of observed males 

• dcOF +=             is the number of observed females 

• caPM +=            is the number of predicted males 

• dbPF +=             is the number of predicted females 

The observed diagonal sums can be computed as: 

• daD +=1  is the first diagonal sum measuring the count of all the males and 

females rightfully classified 

• cbD +=2  is the second diagonal sum measuring the count of all the males and 

females misclassified 

From these observed diagonal counts, we can compute the observed concordance that 

measures the precision of the classification. 

• 
N
D

N
daOCO 1
=

+
=  is a measure of the observed concordance or prediction 

precision 

And the corresponding expected concordance is given by: 
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• 
N
DE

N
dEaEECO ]1[][][

=
+

=  is a measure of the expected concordance or 

prediction precision 

 

5.1.3 A Test of Classification Concordance 

The KAPPA statistic introduced by Cohen (1960) is a measure of concordance that 

accounts for the concordance that may have happened by simple random chance.  

• 
ECO

ECOOCOKappa
−
−

=
1

 

This statistic is a ratio with a range between 0 and 1. A standard error can be computed 

within the binomial distribution framework as: 

• 
N

KappaKappaKappaSE )1()( −
=  

And 
)(KappaSE

KappaZ = has an approximate normal distribution that can be used for the 

statistical test. This test of concordance is also a test of discrimination as the higher the 

Kappa statistic, the higher the salary discrimination explained by a better prediction rate 

of gender group by salary for comparable qualifications. 

 

5.1.4 A CHI-SQUARE Test of homogeneity 

For two independent events, the probability of their joint occurrence is equal to the 

product of the probabilities of their individual realizations. This property was used earlier 

to compute each cell’s expected count. Given the set of the N faculty members in the 

study, a certain number of males will be classified as females and a certain proportion of 

females as males. We would like to know whether there is any association between the 
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observed gender and the predicted gender distributions. The proportion of 

misclassifications can provide some insight about any difference in the treatment of the 

two gender groups. The null hypothesis under consideration states that there is no 

difference between the proportion of males and females predicted to be females (e.g. 

homogeneity test). Males and females would be misclassified in equal proportions if 

there were no gender salary inequity. These proportions are expected to differ if there is 

any association. In this setting, the number of males is known and fixed. This is also true 

for the number of females. Thus, only the set of marginal sums corresponding to the 

predicted males and females is allow to vary. The CHI-SQUARE statistic can be 

computed as the squared difference between the observed and expected counts divided by 

the expected count for each cell, and aggregated for all the four cells. 

• 
][

])[(
][
])[(

][
])[(

][
])[( 2222

2

dE
dEd

cE
cEc

bE
bEb

aE
aEaX −

+
−

+
−

+
−

=  

Because these observed statistics computed from the 2 by 2 table data have been shown 

to follow a CHI-SQUARE distribution with one degree of freedom ( )12()12( −⋅−=df ), 

the statistical tests can be performed by comparison to the critical value corresponding to 

a desired level of significance.  
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5.1.5 Why a Classification Test? 

We can identify at least three different main reasons.   

 

First, the objective of classification testing is the same as the one of traditional linear 

regression testing: Detect between gender salary discrimination. But given that within 

gender salary inequity may mask the inequity between gender groups, classification into 

more homogenous subgroups seems appropriate. The logistic approach uses the same set 

of variables as the linear regression to perform the classification, so that both methods 

have the same information content. If gender salary averages are not different after 

controlling for qualifications, we would also expect males and females with comparable 

qualifications to be classified in the same group. Likewise, if females are compensated 

less than males for equal work, their classification would be predictable using their salary 

levels. Classification is a means of adjusting for the within gender disparities. 

 

Second, logistic regression has been shown to be equivalent to the probability model 

which is the most robust test of equity. Thus, beyond the salary difference at the gender 

group averages, this classification accounts for the disparities along the entire salary 

distribution. The classical linear and reverse regression models test for inequity only at 

the mean value.  

 

Third, the classification process provides additional information on the frequency of each 

subgroup. This provides an opportunity to add a critical mass dimension to the detection 

of gender salary inequity. In addition, we can determine that salary discrimination exists 
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and gender salary inequity is inexistent. The linear regression-type models cannot 

provide such information. For example, there will be no confusion about situations where 

on one hand, one female out of ten in the group is underpaid by $60,000, and on the other 

hand, six are underpaid by $10,000. The former is a case of blatant salary discrimination 

that is not necessarily gender-based, and the latter may amount to gender salary 

discrimination. In both cases though there is salary inequity. Furthermore, if the 

proportion of males that are biased against is the same as that of females in the latter case 

above, the salary discrimination will no longer be gender-based because males and 

females as groups are equally discriminated against.  

 

5.2 Second Stage of Two Stage Classification Regression 

In the second stage, the classical linear regression model is used to test for the equality of 

the salary gaps between the four gender subgroups. For this, a new categorical variable 

with the four new gender subgroups is used to replace the gender variable in the typical 

linear regression model testing for gender salary equity.  This newly constructed gender 

subgroup variable and all the explanatory variables are then regressed on salary in a 

linear regression model. The statistical test is performed on the coefficient of this new 

nominal variable after controlling for all the covariates. If the null hypothesis of equal 

group average salary is rejected, a post-hoc analysis of the salary differences between 

these four groups is performed to determine the gender subgroup gaps that differ. This 

test simply determines whether there is evidence suggesting the existence of salary 

inequity in general. It is the disproportionate gender distribution of individuals in their 

classification that will determine whether any observed gender subgroup significantly 
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different salary gaps amount to a gender disparity. If for example, the proportions of 

males and females classified as females are similar; this would mean that there exists an 

indiscriminant salary inequity with regard to gender. In other words, there is salary 

discrimination, but it is not gender-based. 

 

5.3 A New Definition for Gender Salary Inequity 

The TSCR procedure looks at the gender subgroup salary gaps to decide whether there is 

inequity, and compares the proportions of males and females who are predicted females 

by salary after controlling for their characteristics. Traditionally, the test is solely based 

on the salary gap between males and females, which of course does not account for 

possible disparities within females or males. This observation calls for a new definition 

of gender salary inequity. 

 

Definition 5.1: Assuming that the group of all the individuals discriminated against 

(regardless of gender) is known, gender salary inequity exists if females are 

disproportionately represented in this group. 

 

This definition suggests that gender salary discrimination is the result of discrimination in 

the amount of salary difference, but also a disparity in the number of victims by gender.   
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5.4 Advantages of the TSCR 

The TSCR procedure is not any more difficult to compute than either the linear 

regression or the logistic regression estimations since it combines exactly these two 

methods. In terms of software availability, any of the statistical packages that can run 

linear and logistic regressions that are standard nowadays can also be used to perform the 

TSCR. The interpretation of the logistic regression can sometimes be difficult for 

analysts who are not familiar with its outputs. The TSCR completely avoids this problem 

since the logistic regression technique is simply used for the purpose of classification and 

not the association between characteristics and Gender. Since he classification typically 

determines not only the group of females that are discriminated against, but also the 

subgroup of males that may also be victims of some other form of salary discrimination, 

the potential for a comprehensive remedial solution is increased, particularly because 

inequity may be detected without any gender inequity. In fact, the classification or 

clustering approach provides an opportunity to let the data identify the subgroups that the 

salary process may have created. This could potentially generate an even more 

comprehensive approach that would more likely detect all forms of discrimination. 
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Chapter 6 

THE UNIVERSITY 1 CASE STUDY OF GENDER SALARY INEQUITY 

 

The goal of this case study is to use personnel data from the human resource database at a 

major Research 1 institution (called the UR1 which stands for the University Research 1) 

and the market information from the Association of American University Data Exchange 

(AAUDE) to test for the gender salary inequity. The statistical evidence that female 

faculty at the UR1 earn significantly lower salaries than comparable male faculty on 

average has generated a lot of debate in the past several years. This debate was largely 

fueled by the fact that the outcomes of recent studies were not concordant. Results ranged 

from significant evidence of salary inequity against female faculty to non significant 

inequity against males at the institutional level and/or college level of analysis.  

The main objectives of the study are to: 

• Apply the new gender salary inequity detection statistical technique labeled Two-

Stage Classification Regression (TSCR) to the case of the UR1. 

• Evaluate how  the results differ from those of other popular methods 

After controlling for the effects of several significant variables of interest, the results 

from the new method suggests that: 

• Regardless of the gender factor, there is inequity in the salary treatment of faculty 

at the UR1 

• Women faculty in Tenure/Tenure Eligible positions who are underpaid currently 

earn on average an approximate 12% less than comparable men 
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• More importantly male faculty in Tenure/Tenure Eligible positions who are 

underpaid currently earn on average an approximate 12% less than comparable 

females 

• Finally, there is gender salary inequity against female faculty as they are 

disproportionately represented in the group of all faculty members who are 

underpaid. In other words, the observed inequity also amounts to a gender 

inequity. 

Using the multiple regression-type methods, the salary gap between male and female 

faculty was found to be less than 2% and statistically not significant. These findings vary 

somewhat depending on the variables in the models and the type of methods. The new 

technique accounted for inequities within gender. Typically, the other methods do not 

identify the within group inequity problem.  

As expected, the TSCR new technique provided an enhanced understanding of how 

gender salary differences can be estimated and interpreted. One particular innovation of 

the TSCR is the focus on the partition of gender into mutually exclusive subgroups that 

are more homogenous with regard to compensation treatment. 

These results are of interest to labor econometrics research in the area of group salary 

discrimination measures and the institutional research community in particular as they 

are looking to provide analytical support to administrators in charge of managing the 

allocation of compensation at their institutions. Thus, it has important policy implications 

and relevance for human resource management in general. 
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6.1 Review of past Gender Salary Inequity Studies at UR1 

Three recent studies5 to detect faculty gender salary inequity were conducted by different 

offices for different purposes ranging from academic exercise to political motivation.  

Using multiple regression analysis, the 1995 study found some gender inequities in favor 

of male full rank professors in the colleges of Law, Education and Science only. The May 

1998 also used a multiple regression model and found no university-wide gender bias in 

compensation. And the June 1998 analysis found a statistically significant salary 

difference between comparable males and females. It is not surprising that we have 

different results as these analyses used different population aggregation at the university 

or college levels, and different set of variables. These results create an environment 

where arguments can be made for or against the existence of gender salary 

discrimination. It follows that the debates sometimes get very passionate at the UR1. 

 

6.2 Data Collection 

6.2.1 Population of Interest 

The faculty population of interest is defined as “Regular Faculty” in the common 

language on campus. An inclusion/exclusion set of criteria was developed to assure 

certain functional homogeneity of the referenced population. Any tenured, on tenure 

track, or professional on continuing track faculty member on the payroll in 2002 not 

holding an administrative function beyond that of a department head was included in the 

study. Any regular faculty, department head, other faculty, and professional not on 

                                                 
5 The first study was performed by Geisler and Oaxaca, the second by the Human Resource Department, 
and the third by the Office of Equal Opportunity at the UR1 
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tenure-track or continuing track was excluded from the study. It follows that instructors 

and graduate teaching assistants were not included in the referenced population even 

though they do effectively teach.  

 

6.2.2. Data Source 

The data set analyzed for this case study was extracted from three different sources. The 

first data source is the UR1IR6 Personnel Census file. This database contains most of the 

characteristics on each faculty member that one may need. But the time in rank 

information is missing because it is kept in a separate and access restricted data 

warehouse. With a special permission from the provost office, the Appointed Personnel 

Systems database was queried for the basic information necessary for computing the time 

in rank variable. For market forces information, a third data source was used. The 

AAUDE7 database provided the average faculty salaries by rank and discipline at the 

national market level.  

 

6.2.3. Variables Included  

There are many known and acceptable reasons for faculty gender pay inequity used in the 

literature.  These explanatory factors typically include, but are not limited to measures of 

rank, experience, discipline, market forces, and productivity. Proxies are generally used 

for those of the variables that are not directly observable such as market value. Proxies 

for variables such as productivity can be very difficult to obtain, and the ones available 

                                                 
6 UR1IR stands for UR1 Institutional Research which is a department within the provost office. 
 
7 AAUDE stands for Association of American Universities Data Exchange. The director of DAPS is the 
national coordinator of this data warehouse. 
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can be very controversial when accounting for the quality component. Other legitimate 

reasons might be unknown or unknowable creating some omitted variable statistical 

problem in the estimation procedure. The interest typically focuses on the known variable 

(e.g. Gender) that in an illegitimate source of observed salary differences. As a 

consequence, the outcome of analysis may significantly differ with respect to the set 

variables used. But, this is not the focus of our study. We assume that we have a fixed set 

of variables that are accepted as legitimated sources of salary inequity, and Gender is the 

only illegitimate explanatory variable. We first present the Set of explanatory variables, 

then the response variable, and last a discussion of the appropriateness of the inclusion of 

these variables. 

 

6.2.3.1. Explanatory Variables  

We first look at the explanatory variables. These variables are theoretical sources of 

variation that explain the differences observed in individual faculty salaries.  

 

• Gender: This is the main characteristic that determines the outcome of the study. This 

is a categorical variable with two classes (male or female). Under the null hypothesis of 

gender salary equity, any observed difference in the average salary of the two groups is 

due to random chance. In other words, Gender is not expected to explain the differences 

observed in faculty salaries. 

 

• Experience Proxies: There are three different measures of experience used in the study. 

The first one is the number of years since the first highest degree was obtained. The 
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second experience variable is determined by the number of years of professional faculty 

appointment at the UR1 in a tenure or tenure track position. The last experience source of 

salary variation is simply the number of years in the current rank. These variables are 

continuous and measured in years. We expect experience to be positively correlated with 

salary. 

 

• Rank: This is an ordinal categorical variable that determines the level of professional 

attainment from the assistant professor level to the more senior associate professor class, 

and to the highest rank of full professor. Because a salary increase is expected with a 

rank promotion, we expect that the higher the rank, the higher the salary. In this 

particular study, the associate professor rank was split into two subcategories with a 

threshold at seven years in the rank. This was done to distinguish those of the faculty in 

the associate rank who can still aspire to become full professors (they have six years to 

do so), and those who are no longer eligible to the promotion to full professorship. The 

belief is that the difference between these two career paths is reflected in the salary. 

 

• Administrative experience: Determined by the number of years spent as administrator 

on campus. A stipend is added to the base salary for administrative positions. Over time, 

percentage increases also affect stipends. This continuous variable is expected to be 

somewhat positively correlated with salary. 

 

• College: There are 15 different colleges. Independently of the discipline level 

differences, we assume that differences in local conditions within colleges can create 
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significant differences in the salaries due to the human resource management by deans. A 

college effect is then anticipated and expected. 

 

• Market Factors: The average salary by discipline for each faculty is used to capture 

salary differences due to market forces.  

 

6.2.3.2 Response Variable  

Salary: Because most faculty members are on a ten month academic year contract, the 

ten month equivalent salary was preferred to the fiscal year or monthly or hourly pay. 

 

6.2.4. Variables Not Included 

• Productivity:   

The most notable excluded variable is certainly all the productivity measures of teaching, 

research and community service. There is very little agreement if any on the performance 

measures of faculty work. For one, quantifying with strict commensurability the 

productivity of each of the three main functions of research, teaching, and service is 

controversial at best. In addition, the relative importance between these functions is not 

only subject to discussion, but varies by discipline. As a result, the development of 

productivity measures often fails to account for the quality of productivity (Sax, 

Hagedorn, Arredondo, & Dicrisi 2002, Tan 1986). Quality unfortunately cannot be 

directly observed. The evaluation of the quality of journals, publishers, or performances, 

cannot be done without some element of personal biases by raters. There is no general 

benchmarking system that would allow comparisons within disciplines and across 
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disciplines. These unknown differences in norms and expectations create an environment 

where measures of merit are flawed because past performance records and reputation do 

not necessarily apply to the present productivity (Sonnert and Holton, 1995). An 

independent and objective productivity measure becomes difficult to find for a different 

reason: We may have a multi-dimensional construct. For example, a comprehensive 

development of a productivity measure may include such variables as the number of 

hours spent on research (or number and value of grants), teaching (or teaching 

evaluations and teaching loads), administration, or building institutional reputation. We 

may also add the number of citations, honors, awards that may not have the same 

perceived quality. We may also account for academic performance reviews, tenure and 

promotion points. The quality of a faculty may also be reflected by the number of outside 

offers of employment and salaries, the amount of consulting activities, or conference 

presentations.  Certain disciplines value performances and artistic contributions, while 

others are more interested in an index of publication quality established by an expert 

panel (Buzan & Hunt 1976). Using the quantity of reviewed journal publications will fail 

to account for quality and publishing standard differences by discipline (Buzan & Hunt 

1976; Barbezat 1991; Moore 1993). In this context, no attempt at the institutional level 

was made to construct measures of productivity. This task is left to colleges where they 

have a better understanding of the standards of excellence to apply, since they have to set 

the guidelines for promotion. 
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• Family-Related Variables.  

Several studies in the literature include variables that describe faculty family 

characteristics and marital status.  For example, the effects of marital status, number or 

presence of children, spousal income of faculty were significant in several studies by  

Mason & Goulden (2002); Orenstein (2002); Padavic & Reskin (2002); Park (1996); and 

Bellas (1992). Because male faculty typically reaps a pay advantage based on these 

variables, their exclusion may reduce the gender salary gap. 

 

There are many other variables that may potentially explain additional variance in salary. 

Some of them will be discussed in the next section. The controversies surrounding the 

inclusion or exclusion in a quantitative model may mostly depend on the institutional 

beliefs. For example, if it is believed that gender salary inequity is due to unequal 

promotion system, it may be a good idea to exclude Rank, and include some measure of 

cumulative productivity. The exclusion of relevant variables in the analysis may result in 

biased estimates of the gender salary gap. The first inclination is then to include variables 

when they are available, and evaluate their relevance in explaining additional salary 

variation. 

 



 101

6.2.5 Variable Discussion 

• Rank  

Among the explanatory variables that are discussed for inclusion in the model, Rank is 

the most controversial in pay equity literature. In the case there is a disproportionate 

gender distribution of faculty by rank, Becker & Toutkoushian (2003) suggest the 

possibility that gender concentrations of faculty in certain ranks may be due to some 

discrimination embedded in hiring or promotion practices.  

In addition, the Rank variable is somewhat correlated with measures of experience, 

productivity, or merit. To avoid the multi-collinearity problem, Rank could be included 

separately in the model. This is made difficult because productivity proxies that account 

for quantity and quality in teaching, research, and community service are difficult to 

quantify for statistical analysis. Particularly, we were unable to find in this case a 

productivity measure that is commensurable within a department with many functions or 

across different departments with the same functions. For example, the equivalence 

between a book publication and a refereed journal paper in the same discipline is not 

established, nor is the relation between two papers from two different disciplines. As a 

result Rank was included in the analysis alone as productivity was intractable.  

 

• Market Salary 

From a pure economics analysis point of view, we expect wages to reflect the equilibrium 

between the demand and supply functions of faculty by discipline, because the market 

conditions are different. As such, measures of market forces are commonly used to 

control for discipline differences due to faculty labor market conditions (Hansen 1985; 
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Barbezat 1991; Smart 1991). As a consequence, discipline wage differences reflect 

faculty scarcity in the job market. Because faculty are also being lured in the non-

academic sector of the economy where salaries are typically higher than comparable 

paychecks in academia, the outside offers can be used by faculty to negotiate salary 

increases to offset the compensation and benefits they would have to forego. A study by 

Hansen (1985) suggested that the observed widening of the salary gap between academia 

and the private sector during the 1980s increased the opportunity for a faculty to continue 

working in Higher Education. As a result the upward pressure on faculty salaries to retain 

them in academia led to more than average academic salary increases, particularly in 

starting positions. But these salary increases in academia were not uniform across 

disciplines due to the unequal upward pressure by discipline from the private sector 

(Hamermesh, 1988). In addition, Sojka (1985) suggests that the private sector effects may 

create a two-tier pay scale in academia. —one dominated by the market demand when the 

outside competition is strong, and the other based on performance when the outside 

market is not competitive. A dual pay scale may also be observable within academic 

departments where faculty market values vary with discipline market competitiveness. 

These observations affect the commensurability of market factors as they may be 

measuring different things for different faculty members. The result is a controversy 

about the inclusion or exclusion of market factors in the analysis. We believe that an 

imperfect proxy for market factors is better than none. The average salary by rank of the 

AAUDE market was used to control for discipline. 
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• Experience  

In a belief system for which loyalty and seniority are positively rewarded, it is common 

practice to include measures of experience. Three experience proxies are used in this 

analysis: the number of years since the highest degree, the number of years in the 

institution, and the number of years in rank. One school of thoughts contends that it is not 

desired to reward the number of years since the highest degree, because it does not 

necessarily reflect the level of qualification unless the type of experience is considered. 

Another contention suggests that effective qualification years are already accounted for 

in measures of productivity such as Rank. A positive relationship is expected between 

salary and years of experience, and a negative relationship is sign of salary compression 

or inversion.  

 

• Earned Salary 

The method of ordinary least squares is often used to investigate the existence of gender 

salary inequity using classical linear regression models. The response variable is not only 

required to exhibit certain distributional properties, but must also linearly correlate with 

explanatory variables. The nature of the labor market is such that one or several of the 

requirements are typically violated. The logarithm transformation of the response 

variable presents the advantage of addressing several of such assumption violations at the 

same time.  

 



 104

Salaries in certain cases may increase more than proportionally as a function of a 

dependent variable such as performance or qualifications, and then transforming salaries 

into logarithms can reduce the relationship in an approximately linear association. 

The logarithm transformation can also reduce the negative effects violating the constant 

variance assumption. This often occurs when the variance of the residuals of the linear 

regression model tend to increase with the level of the salary. Although a violation of non 

constant variance needs to be addressed, the coefficients obtained from a classical 

regression model remain unbiased estimates of the parameters. 

The logarithm transformation of the nine-month equivalent salary is used in this study as 

the response variable of choice. Using the salary itself or any other transformation does 

not have any impact on the application of the new TSCR technique.  
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Chapter 7 

CASE STUDY RESULTS  
 
 
7.1 Descriptive Statistics 
 
7.1.1 Faculty Gender Distribution and Salary Gap 

Table 8.1 below shows that males numerically dominate the University Research 1 (UR1) 

faculty under study. With 311 females representing less than one third of the faculty 

(28%) and 800 males accounting for the remaining 72%, less than one in three faculty 

members is female.  

 
Table 7.1 Faculty Gender Distribution 

 

  Frequency Percent 

Female 311 28.0 
  
Male 800 72.0 

  
Total 1111 100.0 

 
 

Beside the numerical majority, men also enjoy a higher average salary. In fact, men on 

average earn $75,536 versus only $62,935 for females. This corresponds to an average 

salary gap of $12, 601 in favor of males which represent a compensation shortfall of 20% 

of the average female salary. In other words, women earn 83 cents for every dollar men 

make on average. This would be a serious case of gender discrimination if everything 

else were equal. But a quick look at Table 7.2 below shows that at least part of the salary 

disparity can be explained by a significant difference in the rank distribution by gender. 
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7.1.2 Faculty Gender Distribution by Rank 

 
Table 7.2 Faculty Gender Distribution by Rank 

 
 Male Female Total 
Professor 449 56.1% 91 29.3% 540 48.6% 
Assoc 7+ 83 10.4% 30 9.6% 113 10.2% 
Assoc0-6 117 14.6% 90 28.9% 207 18.6% 
Assist 151 18.9% 100 32.2% 251 22.6% 
Total 800 100.0% 311 100.0% 1111 100.0% 

 
 
Table 7.2 above shows that while more than half of the male faculty (56%) are full rank 

professors, only less than a third of their female counterpart (29%) are full rank 

professors. As a result of this male dominated high ranking, females proportionately 

dominate lower ranks. They make up proportionately twice the number of male faculty in 

the assistant and associate with six or less years of experience levels (33% to 61%).  The 

group of associate professors with seven or more years in rank is equally represented in 

both groups (with approximately 10% in each gender group). The rank distribution is of 

interest because on average, faculty members at higher ranks are expected to earn higher 

salaries than their counterparts in lower ranks holding everything else constant. Thus 

some of the 20% gender salary gap in favor of male faculty may be explained by the 

gender rank distribution disparity. Table 7.3 below describes the above expectation at the 

UR1. 

 
7.1.3 Faculty Salary by Gender and Rank 

Table 7.3 presents the average faculty salaries by rank and gender. The proportion of 

each gender is presented for each rank to stress the rank disparity between male and 

female faculty. 
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Table 7.3 Faculty Average Gender Salary by Rank 
 

Gender 
Male Female 

Total 

 Mean Percent Mean Percent Mean Percent 
Professor 87921 83.1% 82425 16.9% 86995 100.0% 
Assoc 7+ 59393 73.5% 57565 26.5% 58908 100.0% 
Assoc0-6 65145 56.5% 57865 43.5% 61980 100.0% 
Assist 55635 60.2% 51373 39.8% 53937 100.0% 
Total 75536 72.0% 62935.16 28.0% 72009 100.0% 

 
 
It is not surprising that full rank professors on average make $25,000 more than 

associates and in excess of $30,000 more than assistants. Therefore, because females are 

proportionately more represented in lower ranks than males, we should expect the gender 

salary gap to be somewhat reduced. Nevertheless females are making less than males in 

every rank on average. A quick evaluation of the impact of rank distribution can be 

obtained by assigning the male rank distribution to female average salaries by rank. The 

new hypothesized female overall average compensation will measure their average salary 

if females had the same proportion of professors, associates and assistants as male 

faculty. And the difference with the male average salary will measure the gender salary 

gap adjusted for the Rank distribution. Here are the details of the computations. 

104.57565146.865,57189.373,51561.425,82__ ×+×+×+×=SalaryFemaleAdjusted   

                                                       385,70$=  

This hypothetical average salary for females is higher than the observed average salary 

by $7,450 which is the approximate amount by which the gender salary gap is reduced 

after the rank distribution adjustment is made.  It follows that the gender gap of $12601 is 

hypothetically reduced by more than half its size to approximately $5,250 which 
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represent only 8% of the average female salary. Females now earn 93 cents (up from 83 

cents) for every dollar men get after controlling for rank distribution. This result shows 

the need to adjust for the rank distribution in the final analysis of gender salary 

discrimination. 

 
7.1.4 Faculty Salary by Gender and College 

It is often the case that men and women have different concentrations by college. In this 

case, if the average salary is significantly different by college, then another part of the 

remaining gender salary gap will be at least partially explained by gender differences in 

college distributions. We actually found that there is a rather strong positive correlation 

of 0.62 between the male average salaries and their proportion in their first affiliation 

college. And in contrast the correlation (-0.54) for females is strongly negative. This 

finding suggests that while males tend to be in greater numbers in high paying colleges, 

females tend to congregate more in low paying colleges. This means that it will be very 

important to control for the college effects on salaries. 
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Table 7.4 Average Salary by College and Gender 
 

 Male   Female   Total    
   Mean   Percent  Mean  Percent  Mean   Percent  

LA 124,571 76.19 108,890 23.81 120,837 100.00 
BP 98,143 70.31 91,158 29.69 96,070 100.00 

PRV 93,823 96.15 73,880 3.85 93,056 100.00 
EN 84,514 92.24 69,244 7.76 83,329 100.00 
PB 83,609 60.00 76,746 40.00 80,864 100.00 
PH 77,586 73.91 79,347 26.09 78,046 100.00 
SC 76,635 86.38 70,489 13.62 75,798 100.00 

RGS 76,282 50.00 65,365 50.00 70,824 100.00 
SB 71,273 60.23 61,423 39.77 67,355 100.00 
AG 69,671 76.42 60,519 23.58 67,513 100.00 
ED 67,543 54.90 61,305 45.10 64,730 100.00 
HU 63,966 64.66 58,394 35.34 61,997 100.00 
AR 60,643 58.82 53,825 41.18 57,836 100.00 
FA 55,088 52.48 50,084 47.52 52,710 100.00 
UE 50,916 44.44 47,591 55.56 49,069 100.00 

SVC 49,194 44.44 45,083 55.56 46,910 100.00 
Total 75,536 72.01 62,935 27.99 72,009 100.00 

 

We also know that average salaries differ by discipline within colleges. Thus, it would be 

almost just as important to control for the average salary variations due to discipline 

differences.  

 

7.1.5 Faculty Salary by Gender and Type of Degree 

Table 7.5 below describes the gender distribution of faculty by type of degree. Mean 

salaries are also presented. It turns out that the 80% of males with professional degrees 

that pay the most, and more than 60% of them with the next two highest paying degrees 

affect the gender salary gap in a way that is not favorable to women. This shows the 

importance of accounting for the difference in the type of degree in the final analysis of 

gender salary discrimination. 
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Table 7.5 Average Salary by Highest Degree and Gender 
 

Gender 
Male Female 

Total 

 Mean Percent Mean Percent Mean  Percent  
Prof. Sch. 99276 80.00% 99315 20.00% 99284 100.0% 
MD/DVM 85256 60.00% 76887 40.00% 81908 100.0% 
Doctorate 75940 73.10% 63675 26.90% 72645 100.0% 
No Deg 66925 50.00% 48321 50.00% 57623 100.0% 
Master 59412 57.60% 52455 42.40% 56466 100.0% 
Total 75536 72.0% 62935 28.0% 72008 100.0% 

 
 
 
7.1.6 Logarithm Transformation of the Salary Response Variable 

Salary distributions are known to be typically skewed to the right as within most 

institutions there are often a few individuals who are in the elite category. This does not 

necessarily mean that these individuals are overpaid, but simply their market value seems 

to be on a different salary scale. As a consequence, observed salary distributions tend to 

deviate from the normal distribution. In such cases, variable transformation is a common 

first choice way to alleviate the effects of the normality assumption violation. Power 

transformation is the most widely used and practical transformation procedure. Details 

are provided by Montgomery’s classic book titled Design and Analysis of Experiments 

(3rd edition in 1991). This case is an appropriate candidate for power transformation as 

the salary observations are all positive by definition. An additional advantage of the 

power transformation is that certain conditions lend themselves easily to transformations 

that can also reduce the effects of non-constant variance. When looking at the 

distributions of salary in dollar denomination and natural logarithm, the figures 7.1 and 

7.2 below show a significant improvement of the deviation from normality. In fact the 

Kolmogorov-Smirnov statistic improves from t=2.7 to t =1.4. With the logarithm 
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transformation, we go from a salary distribution that is not normal (P-value =.000) to a 

transformation that does not violate the normality assumption (P-value = 0.043) as shown 

by the Kolmogorov-Smirnov test for normality. Thus the power transformation is not 

likely to bring an extra significant improvement, and the easy interpretation of the results 

of logarithm transformation will be lost. For these reasons and the popularity of this 

transformation procedure in economics studies, the logarithm transformation was used as 

the response variable of choice. 

 

Table 7.6 Kolmogorov-Smirnov Test for Normality 

of Salary and Log Salary 
 

  Log Salary 
9-mon Equiv 

Salary 
Mean 11.14 72008.71 Normal Parameters(a,b) 

 Std. Deviation .30 22832.30 
Absolute .042 .082 
Positive .042 .082 

 
Most Extreme Differences 

 
  Negative -.030 -.076 

Kolmogorov-Smirnov Z 1.387 2.740 
Asymp. Sig. (2-tailed) .043 .000 

                 a  Test distribution is Normal. 
                 b  Calculated from data. 
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Figure 7.1 All Salary Distribution 

Figure 7.2 All Log Salary Distribution 



 113

7.2 Inferential Analysis 
 

The basic research question in gender salary equity studies is to ask whether the salary of 

females is lower than that of comparable males. The modeling process started with the 

search for the combination of independent variables that could best explain the variation 

observed in the natural logarithm response variable. For this purpose, the classical 

regression model framework was first used.  

 
7.2.1 Classical Linear Regression Model Results 
 
In this framework, gender salary inequity is tested by controlling for other legitimate 

sources of variation before evaluating the size of the gap between male and female 

faculty. The square functions of the covariates were included as part of the set of 

explanatory variables to model potential nonlinearities in their relationship with the 

logarithm of the salary response variable. Besides the nominal variables such as Gender, 

Rank, Highest Degree, and College, the covariates were also considered in both their 

observed scale and natural logarithm transformation. Four models were able to stand out 

from the linear regression approach. These models can be distinguished by: 

• Whether or not the explanatory covariates have been transformed in logarithm 

scale in an effort to linearize the relationship with the logarithm of salary. 

• Whether or not the squared values of the explanatory covariates have been added 

to the model to capture potential nonlinearities.  

 
 

The estimation details of these four models are available in appendix B, and the summary 

is presented in Table 8.6 for their significance and Table 8.7 for parameter estimates 

below. 
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Table 7.7 Explanatory Variable Significance 
in Direct Linear Regression Models 

 

Source  Model 1 Model 2 Model 3 Model 4 
Corrected Model .000 .000 .000 .000 
Intercept .000 .029 .015 .017 

Gender .088 .184 .112 .124 
Rank .002 .000 .023 .009 
Highest Degree .000 .000 .000 .000 
College .000 .000 .000 .000 
Market .000 ---- ---- ---- 
Years at UR1 .000 ---- ---- ---- 
Years at UR12 .038 ---- ---- ---- 
Administrator Years .000 ---- ---- ---- 
Rank * Years in Rank .000 ---- ---- ---- 
Rank * Years in Rank2 .000 ---- ---- ---- 
Log Market ---- .004 .002 .002 
Log Market2 ---- .018 .009 .010 
Log Years at UR1 ---- .000 .520 ----- 
Log Years at UR12 ---- ----- .001 .000 
Log Administrator Years ---- .000 .000 .000 
Rank * Log Years in Rank ---- .000 .000 .000 
Rank * Log Years in Rank2 ---- .020 .085 .068 
Adjusted R-SQUARE .812 .822 .823 .824  

 
 

Table 7.7 above presents the probability values (P-values) of the estimated coefficients. 

These P-values show the statistical significance of the test of these estimated coefficients 

against zero. The P-values for the gender coefficient range from 9% to 18%, suggesting 

that these estimated gender coefficients are not statistically different from zero at the 5% 

level of Type I error. We would then conclude that there is no gender salary 

discrimination. All four models are highly significant as the P-values of the corrected 

models are all zero to the third digit at least. All four models also fit the data very well as 

their explanatory powers all exceed 80%.  Note that all the variables of models 1 and 2 

are highly significant. These two will be chosen as first choice, particularly because two 
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variables for model 3 and one for model 4 are not statistically significant. Now let’s look 

at the sign and size of the effects of these variables on the logarithm of salary.
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Table 7.8 Parameter Estimates of Linear Regression Models 

 

Parameter Model 1 Model 2 Model 3 Model 4 
Intercept 10.395 -19.337 -21.390 -20.989 

Female -.017 -.013 -.015 -.015 
Male 0(a) 0(a) 0(a) 0(a) 
Assistant -.120 -.031 .023 .010 
Associate1 -.015 .073 .069 .069 
Associate2 -.078 -.908 -.896 -.901 
Professor 0(a) 0(a) 0(a) 0(a) 
  
Market 9.17E-006 ----- ----- ----- 
Years at UR1 -.013 ----- ----- ----- 
Years at UR12 .000 ----- ----- ----- 
Administrator Years .022 ----- ----- ----- 
Assistant * Years in Rank .026 ----- ----- ----- 
Associate1 * Years in Rank .033 ----- ----- ----- 
Associate2 * Years in Rank .027 ----- ----- ----- 
Professor * Years in Rank .024 ----- ----- ----- 
Assistant * Years in Rank2 -.002 ----- ----- ----- 
Associate1 * Years in Rank2 -.002 ----- ----- ----- 
Associate2 * Years in Rank2 -.001 ----- ----- ----- 
Professor * Years in Rank2 -.001 ----- ----- ----- 
  
Log Market ----- 4.604 4.943 4.878 
Log Market2 ----- -.168 -.183 -.180 
Log Years at UR1 ----- -.115 .029 ----- 
Log Years at UR12 ----- ----- -.031 -.025 
Log Administrator Years ----- .070 .068 .068 
Assistant * Log Years in Rank ----- .012 -.038 -.028 
Associate1 * Log Years in Rank ----- .091 .076 .079 
Associate2 * Log Years in Rank ----- .899 .854 .864 
Professor * Log Years in Rank ----- .143 .124 .127 
Assistant * Log Years in Rank2 ----- .043 .050 .049 
Associate1 * Log Years in Rank2 ----- -.008 -.003 -.004 
Associate2 * Log Years in Rank2 ----- -.162 -.147 -.150 
Professor * Log Years in Rank2 ----- -.014 -.007 -.008 

 

Table 7.8 above presents the parameter estimates of the four selected classical linear 

regression models. Although not statistically significant, and with everything else being 

equal, the estimates of the salary gap between male and female faculty ranges from 1.3% 
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to 1.7% in favor of males. In other words, male faculty make on average approximately 

1.5% more than their equally qualified female counterparts. Associate professors with 

seven or more years in rank tend to earn around 8% less than full rank professors. Models 

3 and 4 suggest that assistant and associate professors with six or fewer years in rank earn 

7% more than full rank professors. Model 2 shows that assistant professors earn less (-

3%) while associate with six or fewer years in rank earn more (+7%) than full rank 

professors.  In model 1, all other ranks have lower salaries than professors. The 

coefficient of the number of years spent at the UR1 suggests that there is a serious salary 

compression problem of approximately 1.3% per year. This result is somewhat expected 

as the UR1 does not provide for any cost of living adjustment. Thus faculty coming at the 

UR1 at the market rate will tend to earn higher salaries with everything else being equal. 

And the longer one stays at the UR1, the farther behind the market benchmark the salary 

is expected to fall.   

 
 
7.2.2 Classical Linear Reverse Regression Model Results 
 
In reverse regression, the estimation of the models is done in two steps. First, all the 

explanatory variables but Gender are used to predict the logarithm of salary in a classical 

regression model. And in the second step, the predicted values of salary are used as 

estimates of qualifications whose role is now reversed to become the response variable. 

And the explanatory variables are now Salary and Gender. Table 8.9 below shows the 

significance of the two models retained. All the variables are predictably highly 

significant from the previous models where we had Gender in addition. The results are 



 118

very similar to the previous models. Thus the parameter estimates in appendix C will not 

be presented here.  

 
Table 7.9 Salary Significance in  

Reverse Regression Models (1st step) 
 

Source Model1 Model 2
Corrected Model .000 .000
Intercept .000 .025
Rank .001 .000
Highest Degree .000 .000
College .000 .000
 
Market .000 -----
Years at UR1 .000 -----
Years at UR12 .026 -----
Administrator Years .000 -----
Rank * Years in Rank .000 -----
Rank * Years in Rank2 .000 -----
 
Log Market ----- .003
Log Market2 ----- .015
Log Years at UR1 ----- .000
Log Administrator Years ----- .000
Rank * Log Years in Rank ----- .000
Rank * Log Years in Rank2 ----- .025
Adjusted R-SQUARE .812 .822 

 
 

The results of the second step of the reverse regression are presented in Table 8.10 

below. They suggest that when salaries are the same, females tend to have at least 2% 

more qualifications than males. These are statistically significant, although the size is 

somewhat modest compared to the statistically non significant 1.7% gap found earlier in 

salaries. We can conclude that on average, a female faculty needs an additional 2% 

productivity to earn the same salary as a male faculty. It is not surprising that these 

results are different. Several studies have shown that classical regression models tend to 
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underestimate the salary gap while the reverse regression tends to overestimate it 

(Whiteside & Narayanan, 1989, Ferber & Green, 1984, Conway &Roberts, 1983). 

 

Table 7.10 Parameter Estimates of 
 Linear Reverse Regression Models (2nd step) 

 
 Model 1 Model 2 
Intercept 2.137 2.037

Gender  -.022 -.023
Log Salary .809 .818

 
 
7.2.3 The Two-Stage Classification Regression Model Results 
 
In the first step, we need to classify each individual in the study as male or female based 

on his/her qualification characteristics and salary. This is done using the predicted 

probabilities obtained from the logistic regression model estimation. Table 8.11 below 

shows that the distribution of these predicted probabilities of being female are similar for 

male and female faculty in model 1 and 2. The practical implication is that the two 

models will produce the same classification.  

 



 120

Table 7.11 Average Predicted Probabilities by Gender and Rank 
 

Gender 
Male Female 

Total 

 Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 

Professor .13722 .14729 .30563 .24298 .16465 .16288 
Assistant .35477 .35205 .47949 .46070 .40403 .39496 
Associate
1 .35564 .37160 .49845 .51566 .41764 .43415 

Associate
2 .21118 .20209 .42546 .44088 .26806 .26549 

 Total .21722 .22379 .42971 .41245 .27583 .27583 
 

 

Now that we have these estimated probabilities, a practical problem is the determination 

of a criterion to choose the cut-off point for the logistic classification. A robust approach 

is to try out all the possible values for the cut-off point. Here is how we finally got an 

optimal solution in the sense of maximum CHISQUARE of the classification obtained.  

 
 
7.2.3.1 Determination of Classification Cut-off Point 
 
The logistic regression model in the gender salary inequity study predicts the likelihood 

of being female8 given a qualification and salary profile for each male and female 

individual in the study. The classification into either the male or female group is based on 

an estimate of this probability computed from the data set. As a probability, it ranges 

from 0 to 1. The higher the probability, the higher the likelihood of being female will be. 

To determine how high the probability is high enough to be classified as female, we need 

a cut-off point. Beyond this threshold, an individual will be classified as a female and as 

                                                 
8 The likelihood of being male is obtained when the male gender category is coded as 1 and the female 
category 0 in the logistic regression model. By switching the coding between the two groups, we predict 
the probability of being female. Of course, these two probabilities add up to 1. 
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a male when the probability falls below. The problem we face here is that different values 

of the cut-off point will generate different partitions. A default value commonly used is 

50%. This threshold appears a fair value to choose. Without any other information the 

best guest is a fifty-fifty chance to be female. But, this value may not be desirable in most 

cases. It turns out that when the proportion of females in the data set is significantly 

different from that of males, a 50% cut-off point may result in a classification with very 

little discriminant power. This is more likely to happen when the threshold is far from the 

median. This situation where different cut-off points generate different classifications 

resulting in different outcomes for the analysis calls for a procedure to determine a 

unique classification that is the best in some sense among all possible classifications.  

 
 
7.2.3.2 A Maximum Discriminant Power Classification Determination 
 
Given that the number of males and the number of females are fixed in the analysis, we 

will use the homogeneity CHISQUARE test as the measure of discrimination 

corresponding to a particular classification. Since the classification changes with the 

cutoff point ( p ), the CHISQUARE ( 2X ) is also likely to change. Thus, the 

CHISQUARE value can be looked at as a function of the cutoff point ( )(2 pX ). In order 

to maximize this function, we would like its shape to display a clear overall maximum. 

Fortunately, this seems to be the case. Let us start at one end of the cutoff point. For the 

cutoff point 0=p , all the males and females will be classified in the female group as all 

the probabilities are equal or greater than the cutoff point of zero. Likewise for the cutoff 

point 1=p , everybody will be classified in the male group as all the probabilities are less 

than the cutoff point of one. In both cases there is no discrimination at all, and the value 
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of the CHISQUARE function will be minimum in both cases.  As we gradually increase 

the cutoff point from zero to one, the discrimination between the two groups is expected 

to also increase. But this cannot continue until we reach the cutoff point of one, because 

as we established earlier, the discrimination is the same at this point as at the beginning 

cutoff point of zero. Thus at some intermediate cutoff point between zero and one, the 

level of discrimination will have to decrease to the minimum value as the cutoff point is 

gradually increased to one. We then hope that the CHISQUARE function is somewhat 

smooth enough to allow the existence of a unique optimal cutoff point for which the 

function is maximized.  

 
 
7.2.3.3 The Case Study Optimal Cutoff point Determination 
 
The optimal cutoff point (at 32.0=p ) was obtained through a search process that 

computes the CHI-SQUARE statistic of a homogeneity test on the classification obtained 

for all the cutoff range between zero and one. Then the plot of the relationship between 

the CHISQUARE statistic and the cutoff points displayed in figure 9.1 below shows 

where the maximum value of the function is. A finer grid of points around the optimum 

neighborhood was used to get a better precision.  
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Figure 9.1: Classification Chi-Square by Cut-off Probability
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The graph of the CHI-SQUARE statistic as a function of the cutoff point had an 

approximate quadratic shape, making the optimal point easy to identify. There is not yet a 

theory behind this optimal cutoff point determination method. It is at this time an 

empirical procedure. One could also use either the mean or median of the predicted 

probabilities as the midpoint cutoff point. Other ways of determining the cut-off point 

may exist.  

The highest value of the CHI-SQUARE statistic (169.88) is realized at the cut-off 

probability of 0.32. And the corresponding classification is presented in Table 7.12 

below.  

Figure 7.3: Classification CHI-SQUARE by Cut-off Probability Points 
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Table 7.12 Classification of Gender by Predicted Gender 
 

 

 
Predicted

Female 
 

Predicted
Male 

Female 
 195 104 

Male 
 181 604 

 
 
The above Table 7.12 shows that we have: 

• 195 females classified as females 

• 104 females classified as males 

• 181 males classified as females 

• 604 males classified as males 

As a result, 195 females out of 299 are classified as females, corresponding to a 

proportion of 65.22%. Meanwhile, only 181 males out of 785 are classified as females, 

corresponding to a proportion of 23.06%. It turns out that if the predicted female group 

were to be underpaid, and then women would be overrepresented in that group by having 

almost three times the men representation. Now we can test this hypothesis in the second 

step using the classical linear regression analysis where the new classification will 

replace the gender variable. 
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7.2.4 Linear Regression Model and TSCR Results Comparison 
 
 

Table 7.13 Variable Significance Comparison 
 

Source 
Model1 Model2 Model3 Model4 TSCR1 TSCR2 

Corrected Model .000 .000 .000 .000 .000 .000 
Intercept .000 .029 .015 .017 .000 .925 

Gender .088 .184 .112 .124 ----- ----- 
Gender Subgroups ----- ----- ----- ----- .000 .000 
Rank .002 .000 .023 .009 .000 .000 
Highest Degree .000 .000 .000 .000 .000 .000 
College .000 .000 .000 .000 .000 .000 
Market .000 ---- ---- ---- .000 ---- 
Years at UR1 .000 ---- ---- ---- .000 ---- 
Years at UR12 .038 ---- ---- ---- .033 ---- 
Administrator Years .000 ---- ---- ---- .000 ---- 
Rank * Years in Rank .000 ---- ---- ---- .000 ---- 
Rank * Years in Rank2 .000 ---- ---- ---- .000 ---- 
Log Market ---- .004 .002 .002 ---- .518 
Log Market2 ---- .018 .009 .010 ---- .893 
Log Years at UR1 ---- .000 .520 ----- ---- .000 
Log Years at UR12 ---- ----- .001 .000 ---- ----- 
Log Administrator Years ---- .000 .000 .000 ---- .000 
Rank * Log Years in Rank ---- .000 .000 .000 ---- .000 
Rank * Log Years in Rank2 ---- .020 .085 .068 ---- .048 
Adjusted R-SQUARE .812 .822 .823 .824 .827 .832 

 
 

The results in Table 7.13 above presents the significance of the parameter estimates of 

the classical linear regression models performed earlier, and compares with the 

significance of the same models where gender is replaced by the new classification 

(TSCR). As we already know, classical linear regression do not show significant gender 

salary inequity at the 5% level of Type-I error rate. But the results of the TSCR show a 

highly significant disparity between the predicted gender groups. More over the second 

model applied to the new classification has two variables that are not statistically 

significant. This shows that the logarithm transformation of the explanatory covariates 
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may not be advised. Likewise all the variables of model 1 are highly significant. Now we 

need to look at the sign and size of the parameter estimates of the TSCR models to 

determine the direction and extent of the gender salary discrimination. The parameter 

estimates are available in Table 7.14 below. 

The results show that those predicted to be males enjoy an additional 12% to 13% salary 

gap compared to those predicted females. In the end, we can assert that: 

• Both male (181) and female (195) faculty are discriminated against with respect 

to their salary. Thus we can conclude that salary inequity is present at the UR1. 

• The female representation (65%) is significantly higher than that of male faculty 

(23%) in the group of all the victims of salary discrimination, showing that gender 

salary discrimination is present at the UR1.  

 

The main policy implication is that any remediation measure should target both the 

female and male faculty who are underpaid. If only the victims in the female group are 

taken care of, the extent of their salary increase will not need to be high enough to really 

solve the problem as those males underpaid are still dragging the average male salary 

down.  
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Table 7.14 Parameter Comparison of Regression and TSCR  
 

Parameter Model1 Model2 TSCR1  TSCR2 
Intercept 10.395 -19.337 10.275 .762 

Female -.017 -.013 ----- ----- 
Male 0(a) 0(a) ----- ----- 
   
Male Predicted Female ----- ----- -.008 -.005 
Male Predicted Male ----- ----- .132 .115 
Female Predicted Male ----- ----- .125 .110 
Female Predicted Female ----- ----- 0(a) 0(a) 
   
Assistant -.120 -.031 -.091 .207 
Associate1 -.015 .073 .018 .014 
Associate2 -.078 -.908 .113 .352 
Professor 0(a) 0(a) 0(a) 0(a) 
   
Market 9.17E-006 ----- 9.36E-006 ----- 
Years at UR1 -.013 ----- -.013 ----- 
Years at UR12 .000 ----- .000 ----- 
Administrator Years .022 ----- .021 ----- 
Assistant * Years in Rank .026 ----- .031 ----- 
Associate1 * Years in Rank .033 ----- .043 ----- 
Associate2 * Years in Rank .027 ----- .008 ----- 
Professor * Years in Rank .024 ----- .020 ----- 
Assistant * Years in Rank2 -.002 ----- -.001 ----- 
Associate1 * Years in Rank2 -.002 ----- -.003 ----- 
Associate2 * Years in Rank2 -.001 ----- .000 ----- 
Professor * Years in Rank2 -.001 ----- .000 ----- 
   
Log Market ----- 4.604 ----- .518 
Log Market2 ----- -.168 ----- .893 
Log Years at UR1 ----- -.115 ----- .000 
Log Years at UR12 ----- ----- ----- ----- 
Log Administrator Years ----- .070 ----- .000 
Assistant * Log Years in Rank ----- .012 ----- .931 
Associate1 * Log Years in Rank ----- .091 ----- .082 
Associate2 * Log Years in Rank ----- .899 ----- .114 
Professor * Log Years in Rank ----- .143 ----- .000 
Assistant * Log Years in Rank2 ----- .043 ----- .029 
Associate1 * Log Years in Rank2 ----- -.008 ----- .761 
Associate2 * Log Years in Rank2 ----- -.162 ----- .096 
Professor * Log Years in Rank2 ----- -.014 ----- .164 
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Chapter 8 

SUMMARY AND FUTURE RESEARCH QUESTIONS  

 

The Two-Stage Classification Regression Model introduced in the preceding pages 

appears to be a powerful statistical tool for investigating gender salary inequity. But some 

of its limitations may generate interests in new research questions.  

 

8.1 Summary 
 
In this dissertation research, I explore the systematic failure of the current state of the art 

statistical methods to detect gender salary inequity when an apparent case for gender 

salary discrimination can be made. This topic is addressed through a comparative 

examination of a typical faculty compensation system at a major university, and a 

hypothetical fair compensation system operated in the absence of any salary inequity.  

 

Much research has sought to detect salary inequity between groups (i.e. gender, ethnicity) 

by estimating a measure of the gender salary gap. A statistical test is then performed to 

decide whether to reject the null hypothesis of a zero gender salary gap (Ashraf, 1996; 

Blinder, 1973; Barbezat, 1987; Oaxaca, 1973; Toutkoushian, 2002). The literature 

devotes no attention to the study of any salary discrimination that is not gender or 

ethnicity based. And a significant portion compares the merits of the different statistical 

methods used. This may have been inspired by the labor laws protecting primarily groups 

and not individuals.  But salary inequity happens at an individual level before it can 

affect a whole group. This narrow focus of the analysis does not allow for example the 
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detection of cases where both protected and supposedly advantaged groups have 

subgroups that are equally discriminated against. Such a case of equally discriminated 

subgroups may have more negative consequences than salary discrimination between 

groups for the institution. In addition, comparing the different statistical techniques may 

not be of any help when none of the methods can detect salary inequity. Thus this 

research seeks to shed light on the following research questions: in what circumstance 

can regression analysis techniques systematically fail to detect gender salary inequity? 

And what relationships can be used to predict the conditions under which different 

statistical methods can be expected to produce the similar salary inequity study 

outcomes? 

 

This dissertation research contributes in three key areas of the development of the 

quantitative analysis of salary inequity detection. The first contribution is the discovery 

of a special situation of salary inequity that regular statistical methods systematically fail 

to detect. The second addition is devising a more comprehensive and sensitive statistical 

technique that can do the job admirably. And the third contribution is a set of 

propositions that may reorient the debate about the best statistical procedure to an 

understanding of the reasons for the differences in their study outcomes. 

 

Although somewhat counterintuitive, it turns out that in the case of an established salary 

discrimination against females, increasing the higher than expected female salaries is a 

statistical superior solution to increasing the lower than expected female earnings. The 

main contribution is the discovery that the existence of salary inequities within groups is 
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masking the salary discrimination between groups in the eyes of current state of the art 

statistical regression methods. The identification of this problem is important for it 

recognizes a form of salary discrimination that is not uncommon, but hidden. It is even 

more important as those in charge of salary increases may have an incentive to adopt 

such perverse policy practices, particularly if in addition there is no risk of detection. 

 

The second main contribution is the proposition of a novel statistical method (TSCR) that 

is expected to systematically detect salary inequity between gender groups even when 

there are some inequities within the male and/or female groups. Additional benefits 

accrue from the partition process that clearly identifies the individuals regardless of their 

group affiliation who are victims of salary discrimination. The composition of this group 

can be further analyzed to pinpoint the pockets of salary inequity within the organization. 

Now, we have newly formed groups that separate victims from beneficiaries of gender 

salary inequity. As a result, the Oaxaca decomposition (Oaxaca, 1973) can now use 

beneficiaries as the control group to determine the regression equation in the absence of 

discrimination.  In the end, the TSCR method provides a more comprehensive definition 

of salary inequity. Beyond the measure of the salary gap between the new groups, the 

derived new definition of gender salary inequity also accounts for the gender distribution 

within the victim and beneficiary groups. Now, a $10,000 salary discrimination of six 

females out of 10 can be differentiated from a $60,000 salary shortfall for one female out 

of ten. The fact that mean salary gap would be the same in these two cases is no longer 

enough to decide on inequity. 
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The third significant contribution is a set of propositions aiming at framing the agenda for 

future research on salary inequity studies. A great deal of debate about the merits of the 

reverse regression over the classical regression has come to almost a stand still. Which of 

these two methods is better may no longer be a productive exercise. What I propose in 

this dissertation research is a statistical test to determine when the outcomes of these two 

valuable techniques can be expected to be the same. The hope is that this research path 

can lead to a better understanding of the inner workings of these methods, so that 

theoretical supports can be derived for better statistical and econometric analyses. In the 

same spirit, the probability model which is not estimable, but the most robust model was 

shown to be equivalent to the logistic regression model which is easily estimable, but 

difficult to interpret. Some of the most pressing research questions in my view are 

formulated next. 

 

8.2 Generalizations to Compare Multiple Groups 

Even though the new statistical technique may theoretically have a far-reaching 

application in the detection of salary inequity in the broad case of more than two groups, 

its application in the context of this research is limited to comparing only two gender 

groups. The logistic regression model used here cannot handle the case of ethnic inequity 

investigation. Because there are more than two ethnicity categories9, the binomial 

classification needs to be upgraded to a multinomial partitioning. Investigating inequity is 

about determining whether one of two situations is evidenced by the data: whether there 

is discrimination or not. In the case of gender inequity where we have exactly two groups 
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to compare, there is a one to one correspondence between the two classification groups 

and the two gender groups (e.g. male and female). But, with ethnicity, there will be a 

breakdown of each group into six subgroups. The one to many correspondence may make 

it more difficult to match groups by whether they are discriminated or not. 

 

8.3 Determination of Classification Cut-off Point 

The logistic regression model in the gender salary inequity study predicts the likelihood 

of being female10 given a qualification and salary profile for each male and female 

individual in the study. The classification into either the male or female group is based on 

this probability computed from the data set. Because it is a probability, it ranges from 0 

to 1. The higher the number is, the higher the likelihood of being male will be. Using this 

number then to predict gender needs a cut-off point beyond which an individual will be 

classified in a group, and below which the classification will be in the other group. The 

problem we face here is that different values of the cut-off point may generate different 

classifications. A natural value commonly used is 50%, as the middle point. But, this 

value may not be desirable as the classification may not discriminate enough. This will 

happen for example when the cut-off point is at the edge of the predicted probabilities 

range. I did choose the cut-off point through an iterative process that minimizes the CHI-

SQUARE statistic of a homogeneity test on the classification obtained. The CHI-

SQUARE statistic had a quadratic relationship with the cut-off point. At the two 

extremes, we had a first situation where all individuals were classified in one group as all 

                                                                                                                                                 
9 Ethnic categories typically include Whites, Hispanics, African American, Native Americans, Asian 
Americans, and others. We then have six ethnic groups. 
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the predicted probabilities were higher than the cut-off point, and in the second, they 

were all classified in the other group as all the predicted probabilities were lower than the 

cut-off point. These two cases correspond to the highest CHI-SQUARE statistic possible. 

In between are all the other possibilities among which the case with the minimum that we 

chose. There is really no theory behind this choice. One could also use either the mean or 

median of the predicted probabilities as the cut-off point, so as to shy away from the two 

extreme aberrant cases mentioned above. Other ways of determining the cut-off point 

may exist. The research question of interest is to compare the different possible choices, 

and develop a theory to support the choice. 

 

8.4 Choice of statistical Classifier 

When modeling a binary response variable in the context of a regression analysis, the 

logit function is not the only possible link. The normit function can also be used. On one 

hand, because the results might be somewhat different in certain cases, the question is to 

determine the conditions for using one over the other. On the other hand, there are other 

classification tools such as discriminant and cluster analyses. An applied research 

question is to evaluate the difference between all the different procedures for 

classification, and provide the rational behind those differences, so that some guidelines 

can be developed on how to choose a classification statistical procedure.  

 

 

                                                                                                                                                 
10 The likelihood of being male is obtained when the male gender category is coded as 1 and the female 
category 0 in the logistic regression model. By switching the coding between the two groups, we predict 
the probability of being female. Of course, these two probabilities add up to 1. 
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8.5 Variable Selection Procedures 

There are many methods available to select variables when modeling faculty salary in a 

linear regression model or predicting gender using a logistic regression technique. These 

methods range from stepwise regression to theoretical variable selection. Since the TSCR 

method is combining both regression models using the same starting set of variables, 

there is no a priori reason to have the same final set of explanatory variables for both the 

logistic and regression models. In the specific case study of the UR1, I proceeded in two 

steps to select the variables in each of the three models.  

 

Firstly, I worked with the linear regression model. I entered a first group of select 

variables that can be called core variables. These are variables that would have to be in 

the model for theoretical reasons as they are believed to be associated with faculty 

compensation. This select group included variables such as Faculty Rank, College First 

Affiliation, Highest Degree Obtained, Experience (Years at the UR1, Years since Highest 

Degree, and Years in Faculty Rank).  

 

Secondly, the rest of the variables were entered to start the selection process. Variables 

were then removed one at the time in the order of least significance. I then tried different 

combinations of variables to enter the model based on their significance first and 

explanatory power second, and parsimony last. 
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Thirdly, I repeated steps one and two for the logistic regression model. But as expected, 

the final set of variables retained for the logistic regression model did not match the final 

set selected in the linear regression model. 

 

Fourthly, the set of variables selected for the linear regression model was used in the 

logistic regression model as well. 

 

This process poses at least two problems. First, because the two final sets are not the 

same, the logistic regression estimation procedure will have some variables that are not 

statistically significant as a direct consequence. Theoretically, a variable can very well 

predict gender, but not explain the variation in salaries. The variables that are not 

significant may be redundant. Second, removing the variables that are not significant in 

the second model, the outcome of the TSCR can be legitimately attributed to the 

difference in the sets of variables used. In practice though, because we may not want such 

speculation, the choice to use the same set is recommendable. The question still remains 

about how to determine such a final set. For example, should the set be determined in 

joint estimation? Or should the logistic regression model have precedence in the selection 

of variables? 
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Appendix A 

Cut-off Point Determination 

Table A1: Data for the Optimal Cut-off 
Point in the Logistic Regression Model 

    

Cut-off 
Probability 

Pearson 
Chi-

Square 

Continuity 
Correctio

n 

Likelihoo
d Ratio 

0.03 17.47 16.06 29.10 
0.06 46.29 44.87 65.30 
0.09 81.32 79.82 105.75 
0.12 99.01 97.49 121.85 
0.15 113.64 112.11 132.20 
0.18 123.87 122.33 138.49 
0.21 132.19 130.63 142.21 
0.24 151.28 149.61 157.32 
0.27 152.90 151.21 155.53 
0.30 154.30 152.57 152.54 
0.31 164.03 162.22 168.77 
0.32 169.88 168.83 165.30 
0.33 162.54 160.71 157.22 
0.34 164.03 162.17 157.76 
0.35 158.20 156.37 151.48 
0.36 157.49 155.64 150.09 
0.39 141.87 140.08 134.00 
0.42 139.38 137.56 130.30 
0.45 128.19 126.38 118.67 
0.48 101.72 100.05 93.50 
0.51 83.26 81.60 75.51 
0.54 69.09 67.46 62.20 
0.57 56.51 54.88 50.43 
0.60 61.86 59.90 54.28 
0.63 59.39 57.10 51.60 
0.66 51.62 49.18 44.75 
0.69 30.21 27.68 26.16 
0.72 13.88 11.36 12.02 
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Appendix B 

 
DIRECT MULTIPLE REGRESSION 

 
 

Table B1: Multiple Regression Model 1: Tests of Between-Subjects Effects 
 
 
   Dependent Variable: Log Salary  

Source 
Type III Sum 
of Squares Df Mean Square F Sig. 

Corrected Model 78.297(a) 35 2.237 134.667 .000
Intercept 519.807 1 519.807 31291.307 .000
Gender .048 1 .048 2.912 .088
Rank .256 3 .085 5.142 .002
Highest Degree .530 5 .106 6.377 .000
College 2.102 14 .150 9.037 .000
Market 2.985 1 2.985 179.665 .000
Years at UR1 .500 1 .500 30.071 .000
Years at UR12 .072 1 .072 4.309 .038
yrs_ad .542 1 .542 32.610 .000
Rank * Years in Rank 2.039 4 .510 30.690 .000
Rank * Years in Rank2 .950 4 .238 14.301 .000
Error 17.409 1048 .017    
Total 134610.242 1084     
Corrected Total 95.707 1083     

  R Squared = .818 (Adjusted R Squared = .812) 
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Table B2: Multiple Regression Model 1: Parameter Estimates 

 
   Dependent Variable: Log Salary  

Parameter B 
Std. 
Error t Sig. 

Intercept 10.395 .088 117.725 .000 

Female -.017 .010 -1.707 .088 
Male 0(a) . . . 
Assistant -.120 .037 -3.213 .001 
Associate1 -.015 .031 -.470 .638 
Associate2 -.078 .073 -1.061 .289 
Professor 0(a) . . . 
Highest Degree -.001 .100 -.013 .990 
Doctor .015 .041 .365 .715 
Master .026 .044 .583 .560 
MD/DVM .355 .073 4.862 .000 
No Degree -.025 .077 -.327 .744 
Professional 0(a) . . . 
[College=AG ] .041 .046 .890 .374 
[College=AR ] -.034 .055 -.613 .540 
[College=BP ] .161 .052 3.085 .002 
[College=ED ] .041 .048 .844 .399 
[College=EN ] .080 .048 1.685 .092 
[College=FA ] -.060 .047 -1.275 .203 
[College=HU ] .010 .046 .208 .835 
[College=LA ] .050 .072 .699 .484 
[College=PB ] .154 .062 2.499 .013 
[College=PH ] .140 .054 2.597 .010 
[College=PRV] .230 .052 4.434 .000 
[College=RGS] -.034 .058 -.589 .556 
[College=SB ] .034 .046 .748 .454 
[College=SC ] .085 .046 1.854 .064 
[College=UE ] 0(a) . . . 
Market 9.17E-006 .000 13.404 .000 
Years at UR1 -.013 .002 -5.484 .000 
Years at UR12 .000 .000 2.076 .038 
yrs_ad .022 .004 5.710 .000 
Assistant * Years in Rank .026 .014 1.867 .062 
Associate1 * Years in Rank .033 .016 2.050 .041 
Associate2 * Years in Rank .027 .009 2.933 .003 
Professor * Years in Rank .024 .002 10.748 .000 
Assistant * Years in Rank2 -.002 .002 -.674 .501 
Associate1 * Years in Rank2 -.002 .003 -.894 .372 
Associate2 * Years in Rank2 -.001 .000 -2.574 .010 
Professor * Years in Rank2 -.001 .000 -7.278 .000 

   a  This parameter is set to zero because it is redundant. 
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  Table B3: Multiple Regression Model 2: Tests of Between-Subjects Effects 
 
 
 
   Dependent Variable: Log Salary  

Source 
Type III Sum 
of Squares df 

Mean 
Square F Sig. 

Corrected Model 79.367(a) 36 2.205 141.268 .000 
Intercept .092 1 .092 5.898 .015 
Gender .039 1 .039 2.525 .112 
Rank .150 3 .050 3.197 .023 
Highest Degree .534 5 .107 6.849 .000 
College 1.330 14 .095 6.086 .000 
Log Market .153 1 .153 9.823 .002 
Log Market2 .105 1 .105 6.757 .009 
Log Years at UR1 .006 1 .006 .414 .520 
Log Years at UR12 .167 1 .167 10.708 .001 
Log Administrator Years .643 1 .643 41.196 .000 
Rank * Log Years in Rank .447 4 .112 7.154 .000 
Rank * Log Years in Rank2 .128 4 .032 2.055 .085 
Error 16.340 1047 .016    
Total 134610.242 1084     
Corrected Total 95.707 1083     
     R Squared = .829 (Adjusted R Squared = .823) 
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Table B4:  Multiple Regression Model 2: Parameter Estimates 
 
                             Dependent Variable: Log Salary  

Parameter B 
Std. 
Error t Sig. 

Intercept -
21.39

0
8.846 -2.418 .016 

Female -.015 .010 -1.589 .112 
Male 0(a) . . . 
Assistant .023 .045 .497 .619 
Associate1 .069 .034 2.033 .042 
Associate2 -.896 .456 -1.963 .050 
Professor 0(a) . . . 
Highest Degree -.008 .097 -.080 .936 
Doctor .031 .039 .778 .437 
Master .038 .043 .885 .377 
MD/DVM .372 .071 5.257 .000 
No Degree .021 .075 .284 .777 
Professional 0(a) . . . 
[College=AG ] .003 .045 .069 .945 
[College=AR ] -.059 .054 -1.104 .270 
[College=BP ] .101 .051 1.967 .049 
[College=ED ] .008 .047 .182 .856 
[College=EN ] .029 .047 .624 .533 
[College=FA ] -.060 .046 -1.316 .188 
[College=HU ] -.002 .045 -.050 .960 
[College=LA ] .154 .070 2.203 .028 
[College=PB ] .103 .060 1.711 .087 
[College=PH ] .097 .052 1.852 .064 
[College=PRV] .185 .051 3.649 .000 
[College=RGS] -.061 .056 -1.085 .278 
[College=SB ] .003 .044 .076 .940 
[College=SC ] .040 .044 .892 .373 
[College=UE ] 0(a) . . . 
Log Market 4.943 1.577 3.134 .002 
Log Market2 -.183 .070 -2.599 .009 
Log Years at UR1 .029 .046 .644 .520 
Log Years at UR12 -.031 .010 -3.272 .001 
Log Administrator Years .068 .011 6.418 .000 
Assistant * Log Years in Rank -.038 .057 -.664 .507 
Associate1 * Log Years in Rank .076 .064 1.189 .235 
Associate2 * Log Years in Rank .854 .374 2.283 .023 
Professor * Log Years in Rank .124 .027 4.636 .000 
Assistant * Log Years in Rank2 .050 .028 1.758 .079 
Associate1 * Log Years in Rank2 -.003 .033 -.097 .923 
Associate2 * Log Years in Rank2 -.147 .071 -2.074 .038 
Professor * Log Years in Rank2 -.007 .007 -.916 .360 

    a  This parameter is set to zero because it is redundant. 
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Table B5: Multiple Regression Model 3: Tests of Between-Subjects Effects 
 
 

    Dependent Variable: Log Salary  

Source 
Type III Sum 
of Squares df 

Mean 
Square F Sig. 

Corrected Model 79.200(a) 35 2.263 143.667 .000
Intercept .076 1 .076 4.810 .029
Gender .028 1 .028 1.767 .184
Rank .293 3 .098 6.208 .000
Highest Degree .536 5 .107 6.811 .000
College 1.344 14 .096 6.097 .000
Log Market .134 1 .134 8.480 .004
Log Market2 .089 1 .089 5.658 .018
Log Years at UR1 1.713 1 1.713 108.752 .000
Log Administrator Years .691 1 .691 43.863 .000
Rank * Log Years in Rank .587 4 .147 9.324 .000
Rank * Log Years in Rank2 .185 4 .046 2.934 .020
Error 16.507 1048 .016    
Total 134610.242 1084     
Corrected Total 95.707 1083     

      R Squared = .828 (Adjusted R Squared = .822) 
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Table B6: Multiple Regression Model 3: Parameter Estimates 

Dependent Variable: Log Salary  

Parameter B 
Std. 
Error t Sig. 

Intercept -19.337 8.864 -2.181 .029 
Female -.013 .010 -1.329 .184 
Male 0(a) . . . 
Assistant -.031 .043 -.715 .475 
Associate1 .073 .034 2.128 .034 
Associate2 -.908 .459 -1.980 .048 
Professor 0(a) . . . 
Highest Degree -.014 .098 -.142 .887 
Doctor .029 .040 .723 .470 
Master .036 .043 .844 .399 
MD/DVM .371 .071 5.217 .000 
No Degree .028 .075 .377 .706 
Professional 0(a) . . . 
[College=AG ] .007 .045 .151 .880 
[College=AR ] -.055 .054 -1.015 .310 
[College=BP ] .102 .051 1.985 .047 
[College=ED ] .008 .047 .178 .859 
[College=EN ] .033 .047 .715 .475 
[College=FA ] -.060 .046 -1.302 .193 
[College=HU ] -.001 .045 -.020 .984 
[College=LA ] .155 .070 2.202 .028 
[College=PB ] .106 .060 1.757 .079 
[College=PH ] .097 .053 1.846 .065 
[College=PRV] .191 .051 3.760 .000 
[College=RGS] -.059 .056 -1.055 .292 
[College=SB ] .004 .044 .098 .922 
[College=SC ] .040 .045 .904 .366 
[College=UE ] 0(a) . . . 
Log Market 4.604 1.581 2.912 .004 
Log Market2 -.168 .071 -2.379 .018 
Log Years at UR1 -.115 .011 -10.428 .000 
Log Administrator Years .070 .011 6.623 .000 
Assistant * Log Years in Rank .012 .055 .208 .835 
Associate1 * Log Years in Rank .091 .064 1.415 .157 
Associate2 * Log Years in Rank .899 .376 2.394 .017 
Professor * Log Years in Rank .143 .026 5.439 .000 
Assistant * Log Years in Rank2 .043 .028 1.506 .132 
Associate1 * Log Years in Rank2 -.008 .033 -.247 .805 
Associate2 * Log Years in Rank2 -.162 .071 -2.276 .023 
Professor * Log Years in Rank2 -.014 .007 -2.066 .039 

a  This parameter is set to zero because it is redundant. 
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Table B7: Multiple Regression Model 4: Tests of Between-Subjects Effects 
 

Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares df Mean Square F Sig. 

Corrected Model 79.360(a) 35 2.267 145.373 .000
Intercept .089 1 .089 5.713 .017
Gender .037 1 .037 2.369 .124
Rank .180 3 .060 3.848 .009
Highest Degree .535 5 .107 6.866 .000
College 1.332 14 .095 6.102 .000
Log Market .150 1 .150 9.611 .002
Log Market2 .103 1 .103 6.576 .010
Log Administrator Years .651 1 .651 41.746 .000
Rank * Log Years in Rank .483 4 .121 7.737 .000
Rank * Log Years in 
Rank2 .137 4 .034 2.188 .068

Log Years at UR12 1.874 1 1.874 120.119 .000
Error 16.346 1048 .016    
Total 134610.242 1084     
Corrected Total 95.707 1083     

R Squared = .829 (Adjusted R Squared = .824): The experience concept is captured by yrs since 
degree, yrs at UA, Yrs RANK, and Rank. Rank and yrs in rank are highly significant, thus reducing 
the redundancy of the other variables. The nonlinearities of these significant variables are captured 
by the square of YRS at UA. 
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Table B8:  Multiple Regression Model 4: Parameter Estimates 
 

Dependent Variable: Log Salary 

Parameter B 
Std. 
Error t Sig. 

Intercept -20.989 8.821 -2.379 .018 
Female -.015 .009 -1.539 .124 
Male 0(a) . . . 
Assistant .010 .041 .237 .812 
Associate1 .069 .034 2.029 .043 
Associate2 -.901 .456 -1.974 .049 
Professor 0(a) . . . 
Highest Degree -.009 .097 -.093 .926 
Doctor .030 .039 .761 .447 
Master .037 .043 .872 .384 
MD/DVM .372 .071 5.256 .000 
No Degree .022 .075 .296 .767 
Professional 0(a) . . . 
[College=AG ] .003 .045 .062 .951 
[College=AR ] -.059 .054 -1.106 .269 
[College=BP ] .100 .051 1.952 .051 
[College=ED ] .007 .047 .155 .877 
[College=EN ] .029 .047 .621 .535 
[College=FA ] -.061 .046 -1.339 .181 
[College=HU ] -.003 .045 -.069 .945 
[College=LA ] .153 .070 2.182 .029 
[College=PB ] .103 .060 1.705 .088 
[College=PH ] .096 .052 1.830 .068 
[College=PRV] .185 .051 3.656 .000 
[College=RGS] -.062 .056 -1.103 .270 
[College=SB ] .002 .044 .053 .958 
[College=SC ] .039 .044 .870 .384 
[College=UE ] 0(a) . . . 
Log Market 4.878 1.573 3.100 .002 
Log Market2 -.180 .070 -2.564 .010 
Log Administrator Years .068 .011 6.461 .000 
Assistant * Log Years in Rank -.028 .055 -.509 .611 
Associate1 * Log Years in Rank .079 .064 1.241 .215 
Associate2 * Log Years in Rank .864 .374 2.312 .021 
Professor * Log Years in Rank .127 .026 4.885 .000 
Assistant * Log Years in Rank2 .049 .028 1.725 .085 
Associate1 * Log Years in Rank2 -.004 .032 -.122 .903 
Associate2 * Log Years in Rank2 -.150 .071 -2.118 .034 
Professor * Log Years in Rank2 -.008 .007 -1.139 .255 
Log Years at UR12 -.025 .002 -10.960 .000 

     a  This parameter is set to zero because it is redundant. 
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Appendix C 
 
 

REVERSE MULTIPLE REGRESSION 
 
 

Table C1: Reverse Regression Model 1: Tests of Between-Subjects Effects 
 

Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares df Mean Square F Sig. 

Corrected Model 78.249(a) 34 2.301 138.290 .000
Intercept 520.314 1 520.314 31264.836 .000
Rank .271 3 .090 5.424 .001
Highest Degree .533 5 .107 6.409 .000
College 2.249 14 .161 9.654 .000
Market 2.984 1 2.984 179.317 .000
Years at UR1 .527 1 .527 31.639 .000
Years at UR12 .082 1 .082 4.938 .026
yrs_ad .540 1 .540 32.451 .000
Rank * Years in Rank 2.115 4 .529 31.764 .000
Rank * Years in Rank2 .983 4 .246 14.760 .000
Error 17.458 1049 .017    
Total 134610.242 1084     
Corrected Total 95.707 1083     

      R Squared = .818 (Adjusted R Squared = .812) 
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Table C2: Reverse Regression Model 1: Qualifications Parameter Estimates 
 

Dependent Variable: Log Salary 

Parameter B 
Std. 
Error t Sig. 

Intercept 10.393 .088 117.605 .000 
Assistant -.122 .037 -3.284 .001 
Associate1 -.015 .031 -.474 .635 
Associate2 -.087 .073 -1.183 .237 
Professor 0(a) . . . 
Highest Degree -.002 .101 -.018 .986 
Doctor .012 .041 .284 .777 
Master .022 .044 .508 .612 
MD/DVM .353 .073 4.833 .000 
No Degree -.030 .077 -.392 .695 
Professional 0(a) . . . 
[College=AG ] .044 .046 .953 .341 
[College=AR ] -.034 .055 -.620 .536 
[College=BP ] .163 .052 3.120 .002 
[College=ED ] .039 .048 .818 .413 
[College=EN ] .086 .048 1.806 .071 
[College=FA ] -.061 .047 -1.285 .199 
[College=HU ] .010 .046 .226 .821 
[College=LA ] .049 .072 .674 .500 
[College=PB ] .155 .062 2.506 .012 
[College=PH ] .143 .054 2.655 .008 
[College=PRV] .236 .052 4.545 .000 
[College=RGS] -.035 .058 -.610 .542 
[College=SB ] .034 .046 .747 .455 
[College=SC ] .088 .046 1.933 .053 
[College=UE ] 0(a) . . . 
Market 9.17E-006 .000 13.391 .000 
Years at UR1 -.013 .002 -5.625 .000 
Years at UR12 .000 .000 2.222 .026 
yrs_ad .022 .004 5.697 .000 
Assistant * Years in Rank .027 .014 1.957 .051 
Associate1 * Years in Rank .032 .016 1.955 .051 
Associate2 * Years in Rank .028 .009 3.059 .002 
Professor * Years in Rank .024 .002 10.921 .000 
Assistant * Years in Rank2 -.002 .002 -.789 .430 
Associate1 * Years in Rank2 -.002 .003 -.814 .416 
Associate2 * Years in Rank2 -.001 .000 -2.666 .008 
Professor * Years in Rank2 -.001 .000 -7.374 .000 

a  This parameter is set to zero because it is redundant. 
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Table C3: Reverse Regression Model1: Gender Parameter Estimates 

                                              Dependent Variable: Predicted logsal 1 
 

B 
Std. 
Error Beta t Sig. 

Intercept 2.137 .136  15.680 .000 
Gender Code -.022 .008 -.036 -2.667 .008 
Log Salary .809 .012 .894 66.417 .000 

R Squared = .819 (Adjusted R Squared = .818) 
 
 
 

Table C4: Reverse Regression Model 2: Tests of Between-Subjects Effects 
 

Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares df 

Mean 
Square F Sig. 

Corrected Model 79.172(a) 34 2.329 147.733 .000 
Intercept .080 1 .080 5.071 .025 
Rank .294 3 .098 6.213 .000 
Highest Degree .538 5 .108 6.825 .000 
College 1.389 14 .099 6.294 .000 
Log Market .139 1 .139 8.823 .003 
Log Market2 .094 1 .094 5.934 .015 
Log Years at UR1 1.737 1 1.737 110.187 .000 
Log Administrator Years .689 1 .689 43.684 .000 
Rank * Log Years in Rank .580 4 .145 9.206 .000 
Rank * Log Years in Rank2 .177 4 .044 2.802 .025 
Error 16.535 1049 .016     
Total 134610.242 1084      
Corrected Total 95.707 1083      

      R Squared = .827 (Adjusted R Squared = .822) 
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Table C5: Reverse Regression Model 2: Parameter Estimates 

 
Dependent Variable: Log Salary 

Parameter B 
Std. 
Error t Sig. 

Intercept -19.846 8.859 -2.240 .025 
Assistant -.031 .043 -.729 .466 
Associate1 .072 .034 2.103 .036 
Associate2 -.926 .458 -2.020 .044 
Professor 0(a) . . . 
Highest Degree -.014 .098 -.144 .886 
Doctor .026 .040 .657 .511 
Master .034 .043 .782 .434 
MD/DVM .369 .071 5.195 .000 
No Degree .025 .075 .325 .745 
Professional 0(a) . . . 
[College=AG ] .009 .045 .198 .843 
[College=AR ] -.055 .054 -1.018 .309 
[College=BP ] .103 .051 2.010 .045 
[College=ED ] .007 .047 .158 .874 
[College=EN ] .037 .047 .802 .423 
[College=FA ] -.060 .046 -1.306 .192 
[College=HU ] .000 .045 -.003 .998 
[College=LA ] .154 .070 2.188 .029 
[College=PB ] .106 .060 1.761 .079 
[College=PH ] .099 .053 1.885 .060 
[College=PRV] .195 .051 3.843 .000 
[College=RGS] -.060 .056 -1.071 .284 
[College=SB ] .004 .044 .099 .921 
[College=SC ] .043 .045 .965 .335 
[College=UE ] 0(a) . . . 
Log Market 4.693 1.580 2.970 .003 
Log Market2 -.172 .071 -2.436 .015 
Log Years at UR1 -.116 .011 -10.497 .000 
Log Administrator Years .070 .011 6.609 .000 
Assistant * Log Years in Rank .015 .055 .263 .792 
Associate1 * Log Years in Rank .090 .064 1.396 .163 
Associate2 * Log Years in Rank .909 .376 2.419 .016 
Professor * Log Years in Rank .141 .026 5.388 .000 
Assistant * Log Years in Rank2 .041 .028 1.444 .149 
Associate1 * Log Years in Rank2 -.008 .033 -.242 .808 
Associate2 * Log Years in Rank2 -.163 .071 -2.287 .022 
Professor * Log Years in Rank2 -.014 .007 -1.965 .050 

This parameter is set to zero because it is redundant. 
 

Table C6: Reverse Regression Model 2: Gender Parameter Estimates 
Dependent Variable: Predicted logsal 2 

 
B 

Std. 
Error Beta t Sig. 

Intercept 2.037 .133  15.279 .000 
Gender Code -.023 .008 -.038 -2.922 .004 
Log Salary .818 .012 .899 68.647 .000 

R Squared = .829 (Adjusted R Squared = .828) 
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Appendix D 
 
 

LOGISTIC REGRESSION MODEL 
 

 
 

Table D1:  Logistic Regression Model 1: Parameter Estimates 
 

 B S.E. Wald df Sig. Exp(B) 
Rank -.373 .186 4.006 1 .045 .689
Highest Degree 3.166 5 .674 
Highest Degree(1) -.252 1.132 .049 1 .824 .778
Highest Degree(2) -.188 1.136 .027 1 .869 .829
Highest Degree(3) -1.719 1.405 1.496 1 .221 .179
Highest Degree(4) -20.225 24835.798 .000 1 .999 .000
Highest Degree(5) -.461 1.552 .088 1 .766 .631
College 71.773 14 .000 
College(1) -.973 .735 1.755 1 .185 .378
College(2) .345 .759 .206 1 .650 1.411
College(3) -2.028 .809 6.286 1 .012 .132
College(4) -.184 .838 .048 1 .827 .832
College(5) .100 .737 .018 1 .892 1.105
College(6) .340 .724 .221 1 .638 1.405
College(7) -2.423 1.258 3.709 1 .054 .089
College(8) -.595 .733 .657 1 .418 .552
College(9) .330 .903 .133 1 .715 1.390
College(10) 1.614 1.259 1.644 1 .200 5.021
College(11) .768 .774 .984 1 .321 2.156
College(12) .056 1.020 .003 1 .956 1.058
College(13) .554 .934 .351 1 .553 1.739
College(14) -.547 .924 .350 1 .554 .579
Market .000 .000 .210 1 .647 1.000
Years at UR1 .166 .039 17.871 1 .000 1.180
Years at UR12 -.005 .001 18.417 1 .000 .995
yrs_ad -.010 .085 .014 1 .906 .990
Rank by Years in Rank .015 .022 .460 1 .498 1.015
Rank by Years in Rank2 -.002 .001 4.044 1 .044 .998
adj_sal .000 .000 1.071 1 .301 1.000
Constant -.172 1.470 .014 1 .907 .842

Variable(s) entered on step 1: Rank, Highest Degree, College, Market, Years at UR1, Years at 
UR12, yrs_ad, Rank * Years in Rank , Rank * Years in Rank2 , adj_sal. 
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Figure D1:  Logistic Regression Model1: Distribution of Predicted Probability 
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Table D2:  Logistic Regression Model1: Predicted Probability by Gender and College 
 

 Gender Group Total 
 Male Female 
 Mean Median Mean Median Mean Median 

SC .12601 .14005 .21245 .20627 .13793 .15537 
SB .33947 .34976 .48834 .53106 .39884 .45740 
AG .21209 .22485 .32716 .32520 .23967 .24837 
EN .06662 .07379 .11727 .12249 .07018 .07562 
HU .29416 .27634 .44845 .47535 .34783 .40735 
FA .40865 .45569 .54878 .56540 .47525 .51517 
BP .24622 .29445 .38446 .39545 .28571 .31311 
ED .39615 .42509 .51773 .57664 .45098 .53108 

PRV .03974 .03573 .08603 .08603 .04167 .03983 
PH .17979 .15530 .28085 .25280 .20000 .21747 
LA .19168 .20431 .38664 .42513 .23810 .22124 
AR .33697 .41151 .51862 .50640 .41176 .49328 

RGS .42488 .48140 .50431 .54760 .46154 .51545 
PB .34777 .39664 .47835 .54126 .40000 .47688 
UE .56440 .59512 .54848 .58053 .55556 .58053 

Group Total .21722 .00308 .42971 . .27583 .23590 
 
 
 

Table D3: Logistic Regression Model1: Predicted Probability by Gender and Rank 
 

Gender Group Total 

Male Female Mean Median 

Predicted probability Predicted probability   

 Mean Median Mean Median   
Professor .13722 .09270 .30563 .29252 .16465 .12592 

Assist .35477 .32776 .47949 .51534 .40403 .43623 
Assoc0-6 .35564 .32984 .49845 .55873 .41764 .43429 
Assoc 7+ .21118 .14819 .42546 .47535 .26806 .24399 

Group Total .21722 .17645 .42971 .45740 .27583 .23590 
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Table D4:  Logistic Regression Model 2: Parameter Estimates 
 

 B S.E. Wald df Sig. Exp(B) 
Rank 1.969 3 .579 
Rank(1) -.169 .757 .050 1 .823 .844
Rank(2) .385 .558 .475 1 .490 1.469
Rank(3) -9.045 12.206 .549 1 .459 .000
Highest Degree 2.128 5 .831 
Highest Degree(1) -.449 1.156 .151 1 .698 .638
Highest Degree(2) -.389 1.158 .113 1 .737 .678
Highest Degree(3) -1.521 1.386 1.204 1 .273 .219
Highest Degree(4) -20.636 26447.79

0 .000 1 .999 .000

Highest Degree(5) -.328 1.578 .043 1 .835 .720
College 58.989 14 .000 
College(1) -1.410 .736 3.674 1 .055 .244
College(2) -.122 .752 .026 1 .872 .885
College(3) -2.316 .835 7.681 1 .006 .099
College(4) -.444 .887 .251 1 .617 .641
College(5) -.445 .726 .376 1 .540 .641
College(6) -.181 .717 .064 1 .801 .834
College(7) -2.574 1.257 4.197 1 .040 .076
College(8) -.960 .734 1.712 1 .191 .383
College(9) -.203 .890 .052 1 .820 .817
College(10) .709 1.280 .307 1 .580 2.032
College(11) .212 .762 .077 1 .781 1.236
College(12) -.120 1.008 .014 1 .906 .887
College(13) .241 .921 .069 1 .794 1.273
College(14) -.901 .928 .942 1 .332 .406
Log Market 5.467 31.586 .030 1 .863 236.824
Log Market2 -.196 1.408 .019 1 .889 .822
Log Years at UR1 -.333 .181 3.369 1 .066 .717
Log Administrator Years .158 .230 .475 1 .491 1.172
Log Years in Rank * Rank 2.751 3 .432 
Log Years in Rank by Rank(1) -1.050 .965 1.183 1 .277 .350
Log Years in Rank by Rank(2) .787 1.141 .476 1 .490 2.198
Log Years in Rank by Rank(3) 11.185 10.670 1.099 1 .294 72066.100
Log Years in Rank2 * Rank 4.390 3 .222 
Log Years in Rank2 by Rank(1) .832 .497 2.802 1 .094 2.297
Log Years in Rank2 by Rank(2) -.091 .574 .025 1 .874 .913
Log Years in Rank2 by Rank(3) -2.707 2.148 1.588 1 .208 .067
logsal -1.595 .638 6.249 1 .012 .203
Constant -18.415 176.590 .011 1 .917 .000

Variable(s) entered on step 1: Rank, Highest Degree, College, Log Market, Log Market2, Log Years at UR1, 
Log Administrator Years, Log Years in Rank * Rank , Log Years in Rank2 * Rank , logsal. 
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Figure D2: Logistic Regression Model 2: Distribution of Predicted Probability 
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Table D5:  Logistic Regression Model 2: Predicted Probability by Gender and College 
 

Gender Group Total 

Male Female 

Predicted probability Predicted probability 
 Mean Median Mean Median 

Mean 
 
 

Median 
 
 

SC .12837 .09931 .19768 .19195 .13793 .10620 
SB .35319 .28559 .46766 .48828 .39884 .41893 
AG .21601 .15876 .31473 .33301 .23967 .18197 
EN .06636 .04183 .12067 .13802 .07018 .04379 
HU .30889 .23142 .42082 .46948 .34783 .32024 
FA .41677 .34936 .53981 .54872 .47525 .49983 
BP .24994 .22218 .37515 .38811 .28571 .27814 
ED .41129 .35016 .49930 .55487 .45098 .37732 

PRV .03904 .02775 .10205 .10205 .04167 .03220 
PH .18592 .14321 .25632 .22445 .20000 .15835 
LA .21942 .21076 .29786 .22879 .23810 .22879 
AR .35039 .28308 .49944 .49532 .41176 .44083 

RGS .40376 .36819 .52894 .47956 .46154 .41992 
PB .41659 .45954 .37512 .37478 .40000 .45102 
UE .53307 .56131 .57354 .54873 .55556 .54873 

Group Total .22379 .02972 .41245 . .27583 .22905 
 
 
 
 
 
 

Table D6:  Logistic Regression Model 2: Predicted Probability by Gender and Rank 
 

Gender Group Total 

Male Female Mean Median 

Predicted probability Predicted probability   

 Mean Median Mean Median   
Professor .14729 .12672 .24298 .23841 .16288 .14188 

Assist .35205 .33376 .46070 .48019 .39496 .43396 
Assoc0-6 .37160 .35035 .51566 .55218 .43415 .48044 
Assoc 7+ .20209 .12845 .44088 .48430 .26549 .21582 

Group Total .22379 .18129 .41245 .43184 .27583 .22905 
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Table D7: Logistic Regression Model 2:  
Classification of Gender by Predicted Gender 

 

 

 
Predicted 
Female 

 

Predicted 
Male Total 

Count 195 104 299 Female 
 Expected Count 104 195 299 

Count 181 604 785 Male 
 Expected Count 272 513 785 

Count 376 708 1084 
Total 

Expected Count 376 708 1084 
The Pearson Chi-Square statistic is the highest at 169.884 

for a cut-off value of 0.32 
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Two-Stage Classification Regression 
 
 

Table E1: TSCR Model 1: 
Tests of Between-Subjects Effects  

 
Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares Df Mean Square F Sig. 

Corrected Model 79.741(a) 37 2.155 141.202 .000
Intercept 519.583 1 519.583 34041.959 .000
Gender Subclasses 1.493 3 .498 32.595 .000
Rank .309 3 .103 6.759 .000
Highest Degree .515 5 .103 6.750 .000
College 1.443 14 .103 6.755 .000
Market 3.104 1 3.104 203.377 .000
Years at UR1 .521 1 .521 34.122 .000
Years at UR12 .070 1 .070 4.564 .033
Yrs_ad .496 1 .496 32.523 .000
Rank * Years in Rank 1.516 4 .379 24.837 .000
Rank * Years in Rank2 .598 4 .149 9.789 .000
Error 15.965 1046 .015  
Total 134610.242 1084  
Corrected Total 95.707 1083  

R Squared = .833 (Adjusted R Squared = .827) 
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Table E2: TSCR Model 1:   
Parameter Estimates 

Dependent Variable: Log Salary 

Parameter B 
Std. 
Error T Sig. 

Intercept 10.275 .086 119.488 .000 
[Gender Subclasses=1.00] -.008 .013 -.652 .515 
[Gender Subclasses=2.00] .132 .015 8.513 .000 
[Gender Subclasses=3.00] .125 .018 7.147 .000 
[Gender Subclasses=4.00] 0(a) . . . 
Assistant -.091 .036 -2.534 .011 
Associate1 .018 .030 .598 .550 
Associate2 .113 .073 1.544 .123 
Professor 0(a) . . . 
Highest Degree .035 .096 .360 .719 
Doctor .079 .040 2.007 .045 
Master .088 .043 2.045 .041 
MD/DVM .393 .070 5.612 .000 
No Degree .061 .075 .820 .412 
Professional 0(a) . . . 
[College=AG ] -.018 .044 -.405 .685 
[College=AR ] -.050 .053 -.951 .342 
[College=BP ] .105 .050 2.080 .038 
[College=ED ] .031 .046 .680 .497 
[College=EN ] -.020 .047 -.427 .669 
[College=FA ] -.076 .046 -1.675 .094 
[College=HU ] -.026 .044 -.579 .563 
[College=LA ] .048 .069 .691 .490 
[College=PB ] .120 .059 2.014 .044 
[College=PH ] .065 .052 1.247 .213 
[College=PRV] .136 .051 2.678 .008 
[College=RGS] -.016 .055 -.296 .767 
[College=SB ] .004 .044 .081 .935 
[College=SC ] -.005 .045 -.102 .919 
[College=UE ] 0(a) . . . 
Market 9.36E-006 .000 14.261 .000 
Years at UR1 -.013 .002 -5.841 .000 
Years at UR12 .000 .000 2.136 .033 
Yrs_ad .021 .004 5.703 .000 
Assistant * Years in Rank .031 .013 2.331 .020 
Associate1 * Years in Rank .043 .016 2.741 .006 
Associate2 * Years in Rank .008 .009 .851 .395 
Professor * Years in Rank .020 .002 9.546 .000 
Assistant * Years in Rank2 -.001 .002 -.556 .578 
Associate1 * Years in Rank2 -.003 .003 -1.185 .236 
Associate2 * Years in Rank2 .000 .000 -.986 .324 
Professor * Years in Rank2 .000 .000 -6.148 .000 

a  This parameter is set to zero because it is redundant. 
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Table E3: TSCR Model 2:  
Tests of Between-Subjects Effects 

 
Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares Df Mean Square F Sig. 

Corrected Model 80.219(a) 37 2.168 146.423 .000
Intercept .000 1 .000 .009 .925
Gender Subclasses 1.047 3 .349 23.560 .000
Rank .374 3 .125 8.412 .000
Highest Degree .533 5 .107 7.201 .000
College 1.208 14 .086 5.830 .000
Log Market .006 1 .006 .417 .518
Log Market2 .000 1 .000 .018 .893
Log Years at UR1 1.827 1 1.827 123.393 .000
Log Administrator Years .623 1 .623 42.074 .000
Rank * Log Years in Rank .386 4 .097 6.521 .000
Rank * Log Years in Rank2 .142 4 .036 2.402 .048
Error 15.488 1046 .015  
Total 134610.242 1084  
Corrected Total 95.707 1083  

R Squared = .838 (Adjusted R Squared = .832) 
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Table E4: TSCR Model 2:  
Parameter Estimates 

Dependent Variable: Log Salary 

Parameter B 
Std. 
Error t Sig. 

Intercept 0.762 8.935 0.085 0.932 
[Gender Subclasses=1.00] -0.005 0.013 -0.371 0.71 
[Gender Subclasses=2.00] 0.115 0.016 7.416 0 
[Gender Subclasses=3.00] 0.11 0.018 6.228 0 
[Gender Subclasses=4.00] 0(a) . . . 
Assistant -0.052 0.041 -1.263 0.207 
Associate1 0.082 0.033 2.472 0.014 
Associate2 -0.417 0.449 -0.93 0.352 
Professor 0(a) . . . 
Highest Degree 0.019 0.095 0.201 0.841 
Doctor 0.08 0.039 2.049 0.041 
Master 0.086 0.042 2.039 0.042 
MD/DVM 0.4 0.069 5.79 0 
No Degree 0.092 0.073 1.253 0.211 
Professional 0(a) . . . 
[College=AG ] -0.034 0.044 -0.787 0.431 
[College=AR ] -0.062 0.052 -1.189 0.235 
[College=BP ] 0.069 0.05 1.383 0.167 
[College=ED ] 0.007 0.045 0.159 0.874 
[College=EN ] -0.04 0.046 -0.866 0.387 
[College=FA ] -0.074 0.045 -1.663 0.097 
[College=HU ] -0.029 0.044 -0.656 0.512 
[College=LA ] 0.127 0.068 1.851 0.064 
[College=PB ] 0.09 0.059 1.534 0.125 
[College=PH ] 0.043 0.051 0.834 0.404 
[College=PRV] 0.121 0.05 2.419 0.016 
[College=RGS] -0.038 0.055 -0.699 0.485 
[College=SB ] -0.014 0.043 -0.334 0.739 
[College=SC ] -0.026 0.044 -0.588 0.557 
[College=UE ] 0(a) . . . 
Log Market 1.029 1.593 0.646 0.518 
Log Market2 -0.01 0.071 -0.134 0.893 
Log Years at UR1 -0.119 0.011 -11.108 0 
Log Administrator Years 0.067 0.01 6.486 0 
Assistant * Log Years in Rank -0.005 0.054 -0.087 0.931 
Associate1 * Log Years in Rank 0.108 0.062 1.739 0.082 
Associate2 * Log Years in Rank 0.579 0.366 1.58 0.114 
Professor * Log Years in Rank 0.117 0.026 4.546 0 
Assistant * Log Years in Rank2 0.06 0.028 2.186 0.029 
Associate1 * Log Years in Rank2 -0.01 0.032 -0.304 0.761 
Associate2 * Log Years in Rank2 -0.115 0.069 -1.667 0.096 
Professor * Log Years in Rank2 -0.009 0.007 -1.394 0.164 

This parameter is set to zero because it is redundant. 
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Appendix F 
 

 Two-Equation Multiple Regression Models 
 
 

Table F1: Female Multiple Regression Model 1: Tests of Between-Subjects Effects 
 

Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares Df Mean Square F Sig. 

Corrected Model 19.185(a) 33 .581 44.589 .000
Intercept 100.188 1 100.188 7684.083 .000
Rank .020 3 .007 .514 .673
Highest Degree .189 4 .047 3.629 .007
College .614 14 .044 3.362 .000
Market .698 1 .698 53.551 .000
Years at UR1 .015 1 .015 1.131 .289
Years at UR12 .000 1 .000 .010 .921
Yrs_ad .018 1 .018 1.408 .237
Rank * Years in Rank .280 4 .070 5.360 .000
Rank * Years in Rank2 .055 4 .014 1.045 .384
Error 3.455 265 .013  
Total 36249.991 299  
Corrected Total 22.641 298  

R Squared = .847 (Adjusted R Squared = .828) 
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Table F2:  Female Multiple Regression Model 1: Parameter Estimates 
 

Dependent Variable: Log Salary 

Parameter B 
Std. 
Error t Sig. 

Intercept 10.358 .168 61.538 .000 
Assistant .002 .071 .025 .980 
Associate1 .047 .058 .802 .423 
Associate2 .025 .257 .096 .924 
Professor 0(a) . . . 
Doctor -.102 .093 -1.099 .273 
Master -.107 .096 -1.119 .264 
MD/DVM .246 .123 1.999 .047 
No Degree -.108 .127 -.847 .398 
Professional 0(a) . . . 
[College=AG ] .065 .058 1.111 .268 
[College=AR ] -.041 .071 -.587 .558 
[College=BP ] .162 .075 2.167 .031 
[College=ED ] .042 .060 .692 .490 
[College=EN ] .099 .072 1.379 .169 
[College=FA ] -.047 .058 -.811 .418 
[College=HU ] .009 .057 .151 .880 
[College=LA ] -.049 .125 -.388 .699 
[College=PB ] .139 .083 1.671 .096 
[College=PH ] .194 .080 2.411 .017 
[College=PRV] .243 .127 1.906 .058 
[College=RGS] -.063 .077 -.820 .413 
[College=SB ] .021 .056 .372 .710 
[College=SC ] .109 .059 1.847 .066 
[College=UE ] 0(a) . . . 
Market 9.42E-006 .000 7.318 .000 
Years at UR1 -.004 .004 -1.064 .289 
Years at UR12 -1.34E-005 .000 -.099 .921 
Yrs_ad .010 .009 1.186 .237 
Assistant * Years in Rank .014 .019 .751 .453 
Associate1 * Years in Rank .027 .023 1.168 .244 
Associate2 * Years in Rank .020 .044 .449 .654 
Professor * Years in Rank .030 .007 4.438 .000 
Assistant * Years in Rank2 -.001 .003 -.338 .736 
Associate1 * Years in Rank2 -.002 .004 -.579 .563 
Associate2 * Years in Rank2 -.001 .002 -.322 .748 
Professor * Years in Rank2 -.001 .000 -1.920 .056 

This parameter is set to zero because it is redundant. 
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Table F3:  Male Multiple Regression Model 1: Tests of Between-Subjects Effects 
 

Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares Df Mean Square F Sig. 

Corrected Model 52.387(a) 34 1.541 85.881 .000
Intercept 377.781 1 377.781 21056.634 .000
Rank .318 3 .106 5.913 .001
Highest Degree .365 5 .073 4.068 .001
College 1.561 14 .111 6.214 .000
Market 2.160 1 2.160 120.413 .000
Years at UR1 .612 1 .612 34.108 .000
Years at UR12 .152 1 .152 8.490 .004
Yrs_ad .556 1 .556 31.007 .000
Rank * Years in Rank 1.543 4 .386 21.508 .000
Rank * Years in Rank2 .751 4 .188 10.470 .000
Error 13.456 750 .018  
Total 98360.251 785  
Corrected Total 65.843 784  

R Squared = .796 (Adjusted R Squared = .786) 
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Table F4:  Male Multiple Regression Model 1: Parameter Estimates 
 

Dependent Variable: Log Salary 

Parameter B 
Std. 
Error t Sig. 

Intercept 10.412 .114 91.512 .000 
Assistant -.173 .045 -3.810 .000 
Associate1 -.039 .038 -1.019 .308 
Associate2 -.100 .090 -1.109 .268 
Professor 0(a) . . . 
Highest Degree .032 .107 .302 .763 
Doctor .040 .047 .846 .398 
Master .074 .053 1.404 .161 
MD/DVM .373 .093 3.993 .000 
No Degree -.027 .107 -.254 .799 
Professional 0(a) . . . 
[College=AG ] .052 .070 .740 .460 
[College=AR ] -.013 .082 -.154 .878 
[College=BP ] .184 .076 2.425 .016 
[College=ED ] .060 .073 .823 .411 
[College=EN ] .102 .071 1.435 .152 
[College=FA ] -.053 .073 -.732 .464 
[College=HU ] .028 .070 .400 .689 
[College=LA ] .102 .096 1.060 .290 
[College=PB ] .157 .089 1.760 .079 
[College=PH ] .151 .077 1.960 .050 
[College=PRV] .253 .074 3.411 .001 
[College=RGS] .016 .086 .190 .849 
[College=SB ] .062 .070 .888 .375 
[College=SC ] .102 .070 1.463 .144 
[College=UE ] 0(a) . . . 
Market 8.99E-006 .000 10.973 .000 
Years at UR1 -.017 .003 -5.840 .000 
Years at UR12 .000 .000 2.914 .004 
Yrs_ad .024 .004 5.568 .000 
Assistant * Years in Rank .031 .020 1.547 .122 
Associate1 * Years in Rank .041 .022 1.847 .065 
Associate2 * Years in Rank .029 .011 2.659 .008 
Professor * Years in Rank .023 .003 8.968 .000 
Assistant * Years in Rank2 -.002 .004 -.521 .603 
Associate1 * Years in Rank2 -.003 .004 -.819 .413 
Associate2 * Years in Rank2 -.001 .000 -2.383 .017 
Professor * Years in Rank2 -.001 .000 -6.198 .000 

This parameter is set to zero because it is redundant. 
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Table F5: Female Multiple Regression Model 2: Tests of Between-Subjects Effects 
 

Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares df Mean Square F Sig. 

Corrected Model 19.467(a) 33 .590 49.252 .000
Intercept .024 1 .024 1.964 .162
Rank .030 3 .010 .845 .470
Highest Degree .167 4 .042 3.476 .009
College .342 14 .024 2.040 .015
Log Market .039 1 .039 3.239 .073
Log Market2 .027 1 .027 2.234 .136
Log Years at UR1 .100 1 .100 8.323 .004
Log Administrator Years .038 1 .038 3.205 .075
Rank * Log Years in Rank .014 4 .003 .292 .883
Rank * Log Years in Rank2 .040 4 .010 .845 .498
Error 3.174 265 .012  
Total 36249.991 299  
Corrected Total 22.641 298  

R Squared = .860 (Adjusted R Squared = .842) 
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Table F6: Female Multiple Regression Model 2: Parameter Estimates 

 
Dependent Variable: Log Salary 

Parameter 
 

B 
 

Std. 
Error 

 
t 
 

Sig. 

Intercept -22.281 15.858 -1.405 .161 
Assistant .109 .079 1.382 .168 
Associate1 .100 .063 1.572 .117 
Associate2 -.095 1.269 -.075 .940 
Professor 0(a) . . . 
Doctor -.078 .091 -.853 .394 
Master -.086 .094 -.912 .363 
MD/DVM .250 .119 2.096 .037 
No Degree -.077 .128 -.603 .547 
Professional 0(a) . . . 
[College=AG ] .048 .056 .861 .390 
[College=AR ] -.042 .068 -.620 .536 
[College=BP ] .107 .073 1.469 .143 
[College=ED ] .022 .058 .387 .699 
[College=EN ] .034 .070 .479 .632 
[College=FA ] -.023 .056 -.413 .680 
[College=HU ] .017 .055 .314 .754 
[College=LA ] .075 .124 .605 .546 
[College=PB ] .120 .079 1.511 .132 
[College=PH ] .169 .077 2.204 .028 
[College=PRV] .205 .122 1.676 .095 
[College=RGS] -.057 .073 -.779 .437 
[College=SB ] .011 .053 .205 .837 
[College=SC ] .083 .057 1.461 .145 
[College=UE ] 0(a) . . . 
Log Market 5.107 2.838 1.800 .073 
Log Market2 -.190 .127 -1.495 .136 
Log Years at UR1 -.052 .018 -2.885 .004 
Log Administrator Years .038 .021 1.790 .075 
Assistant * Log Years in Rank -.050 .076 -.657 .512 
Associate1 * Log Years in Rank .063 .092 .691 .490 
Associate2 * Log Years in Rank .239 1.147 .208 .835 
Professor * Log Years in Rank .032 .068 .467 .641 
Assistant * Log Years in Rank2 .046 .037 1.228 .220 
Associate1 * Log Years in Rank2 -.004 .046 -.079 .937 
Associate2 * Log Years in Rank2 -.040 .238 -.169 .866 
Professor * Log Years in Rank2 .027 .020 1.333 .184 

This parameter is set to zero because it is redundant. 
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Table F7:  Male Multiple Regression Model 2: Tests of Between-Subjects Effects 

 
Dependent Variable: Log Salary 

Source 
Type III Sum 
of Squares df 

Mean 
Square F Sig. 

Corrected Model 53.173(a) 34 1.564 92.575 .000 
Intercept .056 1 .056 3.314 .069 
Rank .339 3 .113 6.690 .000 
Highest Degree .374 5 .075 4.431 .001 
College 1.129 14 .081 4.773 .000 
Log Market .098 1 .098 5.784 .016 
Log Market2 .066 1 .066 3.922 .048 
Log Years at UR1 1.809 1 1.809 107.069 .000 
Log Administrator Years .701 1 .701 41.505 .000 
Rank * Log Years in Rank .459 4 .115 6.796 .000 
Rank * Log Years in Rank2 .124 4 .031 1.839 .119 
Error 12.670 750 .017   
Total 98360.251 785   
Corrected Total 65.843 784   

R Squared = .808 (Adjusted R Squared = .799) 
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Table F8:  Male Multiple Regression Model 2: Parameter Estimates 
 

Dependent Variable: Log Salary 

Parameter B Std. Error t Sig. 
Intercept -19.950 11.040 -1.807 .071 
Assistant -.110 .052 -2.108 .035 
Associate1 .046 .042 1.090 .276 
Associate2 -1.095 .566 -1.937 .053 
Professor 0(a) . . . 
Highest Degree .008 .104 .076 .939 
Doctor .045 .046 .979 .328 
Master .077 .051 1.489 .137 
MD/DVM .386 .091 4.256 .000 
No Degree .008 .104 .080 .937 
Professional 0(a) . . . 
[College=AG ] .001 .068 .015 .988 
[College=AR ] -.050 .080 -.621 .535 
[College=BP ] .114 .074 1.539 .124 
[College=ED ] .015 .071 .206 .837 
[College=EN ] .038 .070 .550 .582 
[College=FA ] -.074 .071 -1.050 .294 
[College=HU ] -.001 .068 -.018 .986 
[College=LA ] .180 .094 1.926 .054 
[College=PB ] .084 .087 .959 .338 
[College=PH ] .092 .075 1.212 .226 
[College=PRV] .199 .072 2.748 .006 
[College=RGS] -.022 .084 -.264 .792 
[College=SB ] .013 .068 .197 .844 
[College=SC ] .043 .068 .638 .524 
[College=UE ] 0(a) . . . 
Log Market 4.726 1.965 2.405 .016 
Log Market2 -.173 .087 -1.980 .048 
Log Years at UR1 -.145 .014 -10.347 .000 
Log Administrator Years .080 .012 6.442 .000 
Assistant * Log Years in Rank .055 .078 .702 .483 
Associate1 * Log Years in Rank .131 .085 1.547 .122 
Associate2 * Log Years in Rank 1.028 .457 2.250 .025 
Professor * Log Years in Rank .133 .030 4.396 .000 
Assistant * Log Years in Rank2 .034 .041 .810 .418 
Associate1 * Log Years in Rank2 -.021 .043 -.486 .627 
Associate2 * Log Years in Rank2 -.182 .086 -2.130 .033 
Professor * Log Years in Rank2 -.011 .008 -1.391 .165 

This parameter is set to zero because it is redundant. 
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Appendix G 

Statistical Framework for Modeling Faculty Salary 

 

Like any statistical hypothesis-testing situation, the gender salary inequity detection 

investigation can only be adequately performed in a statistical frame of reference that 

provides theoretical support. The theoretical support is expected to help in the process of 

finding and describing the relationship between the variations observed in the salary 

response (dependent variable) to the explanatory characteristic differences (independent 

variables) in a sample of faculty members. The goal is to derive a statistical model that 

can parsimoniously predict such a relationship. The common practice is to use 

multivariate functions that can map any point from the multidimensional space of 

characteristics (domain of the function) to some level of the range of salaries (image of 

the function). These functions are typically expressed in some formula or mathematical 

equations that combine known individual independent variables and the unknown but 

estimable fixed parameters of the model to closely match the corresponding salary 

response variable. The determination and analysis of these functions provide the 

researcher with a means to evaluate the effects of experience, rank, and other variables on 

faculty salary. More importantly, the framework will provide for an opportunity to 

understand how the Gender factor affects Salary. When an adequate model is obtained, 

the statistical testing procedure assumes that the Gender variable has no effect on Salary 

beyond those effects that may happen by random chance. A test statistic computed from 

the data is used to decide whether there is enough evidence to reject the assumption of 
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gender salary equity. The generalized linear model (see McCulagh and Nelder, 1889) is 

the theoretical support for the Two-Stage Classification Regression method (TSCR). The 

chief reason is that both the logistic and the regression models used to build the TSCR 

can be derived as conditional distributions from the exponential family of distributions.  

 

The Faculty Gender Equity Data Representation 

Generalized linear models are used to model how a response variable depends on one or 

more explanatory variables. Both the response and explanatory variables may be 

quantitative (continuous, discrete, or ordinal) or categorical. 

For a sample of n individuals from the faculty population of interest indexed by 

1,...,=i n  

Let 1 nw , , wK  denote n independently distributed observations on the response variable. 

In vector notation 1 nw (w , , w ) '= K  where w is a the column vector of responses. In 

practice, we will mostly work with some transformation 1,..., ny y  of the original response 

observations that can be represented by 1[ ,..., ]'= ny y y in vector notation. 

Now, let 1 kv , , vK  be the k observed explanatory variables of interest denoted by 

1 kv [v , , v ]'= K . We further assume and will work with the k functions 1 kx , , xK of the 

original k explanatory variables denoted by 1 px [x , , x ]'= K , which are appropriate 

transformations of the original independent variables 1 kv [v , , v ]'= K . The values of x for 

each individual faculty member in the sample are represented by i i1 ikx [x , , x ]'= K  

for i 1, , n= K . In the setting, we set 11 =ix  for i 1, , n= K . This allows the possibility of an 
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intercept in the model. As a result, the first column vector of the design matrix 

is 1 [1,...,1]'=x .  

 

As a sample observation, each of these iy  values can be considered in one of two 

sampling schemes: 

 

• Repeated Sampling from the Same Population: Each iy  observation is 

considered a realization of the random response variable Y under the specific 

conditions determined by the explanatory vector i i1 ipx [x , , x ]'= K . Thus the 

observation iy  has the distribution of the random variable Y conditioned on the 

vector 1[ ,..., ]'=i i ikx x x . We denote this by /~
ii Y Xy F .  

• Sampling Once from Different Populations: Each observation iy  on the response 

is considered a realization of a random variable iY . The distribution of iY  is then 

denoted by 
iYF , for i 1, ,n= K . It may seem like there is not much one can do with 

such a data set if each of the distributions 
iYF has a different parameter vector iθ  

for i 1, , n= K . But in practice, these parameters can be further modelled. For 

example, we can assume under the null hypothesis that all the iθ ’s are the same, 

which means that we have =iθ θ  for all i 1, , n= K .  

• Which one of the two sampling schemes is more appropriate?    

The second sampling scheme where we have drawings from different populations 

provides the analyst with the flexibility to model the parameter space from each 
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individual level to subgroups or the entire sample. Hypothesis testing can then be 

easily performed at all these levels of aggregation.  

 

In either of the two sampling schemes, the data set at hand that we have to work with can 

be represented by: 
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  with x the design matrix. 

In the generalized linear model, we further assume that the random variable iY has a 

cumulative distribution function
iYF that belongs to the exponential family of 

distributions. This family of distributions provides some flexibility and ease for the 

mathematical computations. Let us briefly define and explore some of these properties. 

 
The Exponential Family of Distributions 

 The probability distribution function F of the random variable X is a member of 

the exponential family if for a fixed parameter vectorθ , and the event x in the domain, its 

probability density or mass function can be expressed by: 

  
1

( | ) ( ) ( ) exp ( ) ( ) ,
=

⎧ ⎫⎪ ⎪= ⎨ ⎬
⎪ ⎪⎩ ⎭
∑

m

i i
i

f x h x c w t xθ θ θ  

With  1( ) 0, ( ), , ( )kh x t x t x> K  are real-valued functions of x , not depending on θ . ( ) 0c θ ≥  

and 1( ), , ( )kw wθ θK  are real-valued functions of θ , not depending on x . 

 

The exponential family will play a central role in our statistical analyses within the 

generalized linear model framework. The normal and binomial probability distributions 
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are members of the exponential family. To show this, we need to write their density and 

mass functions in the exponential form above: 

 

• The Normal Distribution  

The probability density of a normal random variable X with mean μ  and standard 

deviation σ is defined for x in R  by: 

  

1
2

1
2

2
2

2 2

2 2

2 2 2 2

1 ( )( | , ) exp
2 2

1 exp exp .
2 2 2

xf x

x x

μμ σ
πσ σ

μ μ
πσ σ σ σ

⎧ ⎫−⎪ ⎪⎛ ⎞= −⎨ ⎬⎜ ⎟
⎝ ⎠ ⎪ ⎪⎩ ⎭

⎧ ⎫ ⎧ ⎫⎪ ⎪ ⎪ ⎪⎛ ⎞= − − +⎨ ⎬ ⎨ ⎬⎜ ⎟
⎝ ⎠ ⎪ ⎪ ⎪ ⎪⎩ ⎭ ⎩ ⎭

 

This last expression is exactly of the exponential family expression if we set: 

1
2

2 2
2 2 2 2

1 2 1 22 2 2
1( ) 1, ( , ) (2 ) exp , ( , ) ( , ) ( ) , ( ) .

22
− ⎧ ⎫⎪ ⎪= = − = = = − =⎨ ⎬

⎪ ⎪⎩ ⎭

xh x c w w t x t x xμ μμ σ πσ μ σ μ σ
σ σ σ

 where 2( , )=θ μ σ . 

Thus, the normal probability density function is a member of the exponential family of 

distributions. 

 

• The Binomial Distribution  

For a binomial random variable X with parameters  

=n Number of independent two mutually exclusive success/failure trials,   

and =p  probability of success in each trial, the probability mass function is 

defined for },,1,0{ nx L∈ by: 
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( | ) (1 )

(1 )
1

(1 ) exp log .
1

x n x

x
n

n

n
f x p p p

x

n pp
x p

n pp x
x p

−⎛ ⎞
= −⎜ ⎟
⎝ ⎠

⎛ ⎞⎛ ⎞
= − ⎜ ⎟⎜ ⎟ −⎝ ⎠ ⎝ ⎠

⎛ ⎞⎛ ⎞⎛ ⎞
− ⎜ ⎟⎜ ⎟⎜ ⎟ −⎝ ⎠ ⎝ ⎠⎝ ⎠

 

By setting the functions 1 1( ) , ( , ) (1 ) ,   ( ) log , ( )
1
⎛ ⎞⎛ ⎞

= = − = =⎜ ⎟⎜ ⎟ −⎝ ⎠ ⎝ ⎠
nn ph x c n p p w p t x x

x p
, with the 

parameter vector ( , )= n pθ , the binomial distribution belongs to the exponential family. 

 

The Generalized Linear Model 

Although classical linear models and the least squares method were first developed by 

Gauss and Legendre (see Stigler, 1981 and 1986), the generalized linear models was 

formulated by Nelder and Wederburn (1972) to show how linearization can be used to 

unify statistical methods that are as diverse as models for continuous and discrete count 

response variables. We will start by describing the classical linear model. 

 

The General Linear Model 

In the classical linear model, whether the observed response iy for an individual indexed 

by i  in the sample is generated from the random variable iY  or / iY x , it is generally 

assume that either of these two random variables has a normal distribution: 

 2 or / ~ ( , )i iY Y x N ιμ σ , 

where ιμ is the mean and 2σ the variance of the distribution. We further assume that the 

th observations on the  individualk i  denoted by i i1 ikx [x , , x ]'= K  have a linear functional 
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relationship with the mean of the normal distribution ( ιμ ). This can be written in matrix 

notation as: 

 '  which means that [ ] or [ / ]     1,...,   and  1,...,i i i i

k
x E Y E Y x x β i n j kij jj = 1

μ β= = = =∑  

where [ , ... , ]' is a column vector of scalar fixed parameters1= kβ β β .  

It follows that the relationship between the observed response and the explanatory 

variables is given by: 

 'i iy x ιβ ε= +  

As a consequence, we can write the following set of relationships: 

 [ ]  or [ / ]= + = + + = +∑i i i

k
y E Y E Y x β xj ijj = 1

ι ι ι ι ιμ ε ε ε ε  

The set of equations above shows that the observed response has two components that are 

very different statistically. The first part that is deterministic constitutes the systematic 

effects that we assumed to be linear in the parameters i i1 1 ip p(μ = x β +…+ x β ) . And the 

second part is the error ιε , which is stochastic. The random variables 's  ( 1,..., )=i nιε  are 

assumed independent and identically normally distributed with mean zero, and constant 

variance 2σ .  

The expected value or the regression model is defined in this case as: 

1

[ ] or [ / ]  1,...,  ; j = 1,...,k
k

i i j ij
j

E Y E Y x x i nβ
=

= =∑ , 

The fact that both  and y x can be considered transformations of the original response and 

explanatory variables to linearity provides an opportunity and flexibility to approximate 

the distributional assumptions on the error terms and therefore the response variable.  
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However, in certain specialized cases where the normal distribution can no longer be a 

viable assumption, the generalized linear model framework can still be useful by 

assuming a conditional distribution of the response in the exponential family of 

distributions. Besides the normal distribution, this family includes among others the 

binomial distribution that is of interest to us as an appropriate distributional assumption 

in support of the logistic regression model. But since the variance of the binomial 

distribution is not constant, we need another data transformation to accommodate the 

heteroschedasticity problem inherent to the binomial model. 

 

Let g be a known one-to-one smooth real-valued function defined by:  

( )
p

i ij j
j 1

g E(Y ) x
=

= β∑  

 in such a way that the mean-variance relationship can be written as 

φi iVar(Y )= v(μ ), i = 1,...,n, 

where v is a positive real-valued function and φ  a positive real number. The classical 

linear regression model is a member of this class of models. In fact by recognizing that g 

is the identity function, 2φ = σ is the constant variance with iv(μ )= 1 , the conditions of 

the transformation above are satisfied. 

 

Generalization of the Linear to the Logistic Regression Model 

Logistic regression models are typically used in situations where the response variable 

denoted by Y is no longer continuous, but has only two mutually exclusive outcomes. 
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Classical examples are success or failure type experiments such as a sporting event where 

the only results are either a win or a loss. Such measurements are known as dichotomous 

or binary random variables. For each individual, we can represent the outcome as: 

 i

1 if the individual is a female with probability 
Y

0 if the individual is a male with probability (1- )
ι

ι

π⎧
= ⎨ π⎩

 

 
This can also be written as i i i iP(Y 1)   and  P(Y 0) 1= = π = = − π . With this notation, it 

follows that the expected value of the random variable iY  is given by: 

 i i i iE[Y ] 1. 0.(1 )= π + − π = π    
 
As in the case of the classical linear regression model, if we want to model the expected 

value of the response variable i iE[Y ] = π , then we have to model a probability 

i( )π function, which is a number between 0 and 1. With this restriction on the range of 

possible values of the expected value, a non-linear transformation is needed to satisfy the 

binomial distributional imposed restriction. The following regression model is proposed: 

 

 
i

i

x '

i i x '

eE[Y ]
e

β

βπ = =
1+

 

 

where '     1,...,   and  1,...,= = =∑i

k
x x β i n j kij jj = 1

β  as in the case of classical linear 

model. But the regression model can also be rewritten in a more familiar form where the 

transformation affects the response variable. Thus we will have: 

 i i
i

i i

E[Y ]Ln Ln x '
1 1 E[Y ]
⎛ ⎞ ⎛ ⎞π

= = β⎜ ⎟ ⎜ ⎟− π −⎝ ⎠ ⎝ ⎠
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The transformation of the mean response variable given by i

i

Ln
1
⎛ ⎞π
⎜ ⎟− π⎝ ⎠

is the logit 

function that can be interpreted as the natural logarithm of the odds ratio of being female 

over being male with probability iπ . The logit function is defined on the open unit 

interval (0 , 1) with a range of possible values spanning the whole real line R . Note that 

the odds ratio i

i1
⎛ ⎞π
⎜ ⎟− π⎝ ⎠

spans only the positive half of the real line +R . In the end, the 

logistic regression model can then simply be written as: 

 

 ( ) ( )i i iLogit Logit E[Y ] x 'π = = β  

 

When compared to the classical linear regression equation, this equation differs only in 

the logit transformation of the mean response, showing that the logistic regression is a 

particular case of the generalized linear model. The logit function here known as the link 

function, which is the generic element that differentiates different variants of the 

generalized linear model. The identity function is to the classical linear regression model, 

what the logit function is to the logistic regression model: the link function in the 

generalized linear regression model framework. The book titled “An Introduction to 

Generalized Linear Models” by Annette J. Dobson (2002) contains further developments 

of the logistic regression model. 
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Appendix H: Monte Carlo Simulation of Mean Difference 
 
Figure H1: Simulation Comparison 
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