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Despite numerous legislative and programmatic efforts, individuals with
disabilities continue to experience greater difficulties gaining eyngat and poorer
outcomes of employment than individuals without disabilities. These disparities
negatively impact society. My review of the U.S. empirical researchtiter suggests,
however, that self-employment could improve employment opportunities and outcomes
for individuals with disabilities, and their success is most influenced by indlvidua
characteristics, level of supports, and accountability systems.

In this dissertation study, | used a nonexperimental research design to ateestig
six research questions with Hierarchical Linear Modeling (HLM) and SiraldEquation
Modeling (SEM) statistical analyses. Extant data on more than a millemtsclof
vocational rehabilitation (VR) agencies from the 50 states and Disti@blambia for
fiscal years 2003 to 2007 were obtained from the Rehabilitation Services Adatioist

Results of the HLM analysis indicated that among the signifipen®Q1)

predictors of self-employment closure across thalfigears, ethnicity had the strongest



effect. The initial SEM analysis produced an inadmissible solution; theaiied model
of individual characteristics, level of supports, and accountability systems pdagluce
reasonable model fit in each fiscal year. The model invariance testogs dloe four U.S.
Census Regions indicated a reasonable fit in each fiscal year when madetteas
were freely estimated for each region, but very poor fit and significaetelites were
indicated when some parameters were fixed to be equal across the regions.

The major limitations of this dissertation study are model misspeafncet
HLM and SEM and the small number of RSA fiscal years that were analynesglc
inferences cannot be made. The primary implication of this study for resesars using
the results of the statistical analyses to develop and test theories abent@elment
of individuals with disabilities through VR. The primary implication for VR is usiney
results to make decisions about services and agency policies. Recommendations f
further research include (a) using Laplace estimation in HLM, (b) anglyther HLM
random effects and predictors, (c) testing a SEM model of different indieatdrsctor
structure with Bayesian estimation, and (d) conducting empirical longitudirtiés

given the complex developmental processes of self-employment.
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CHAPTER |
INTRODUCTION

Work is an indispensable human activity. Adam Smith explaifh&éWealth of
Nationsthat as societies have developed, labor and capital have combined to create
markets and transform work into employment opportunities (Smith, 2000). Not only has
employment become necessary and prevalent, but an indicator of social statusteand a r
of passage or transition to adulthood for some (Rice & Dolgin, 2005). The importance of
employment can also be observed in the frequency with which government agewicies
nongovernment organizations collect and use employment data.

Over the last four decades, the issue of employment in the United States has
gained salience among individuals with disabilities. In particular, kewe raised the
issue’s visibility and expanded employment opportunities, including self-empldym
The purpose of this dissertation study is to analyze self-employment of indsveitial
disabilities through vocational-rehabilitation agencies across the courganvhile,
research has studied the issue of employment and its conceptualization, focusing on
adults with disabilities and on post-school employment preparation of secondantstude
with disabilities. That research also has continued to evolve over seve@dsleca
Evolution of Employment for Individuals with Disabilities in the U.S.

In the 1970s, employment of adults with disabilities was impacted by the twin
ideas of normalization and deinstitutionalization. The philosophy of normalizatiga, (
1969; Wolfensberger, 1972) for human services meant “. . . the delivery of services in
environs and under contingencies that are as culturally normal as possibldi §rus

Hughes, 1990, p.6). Deinstitutionalization of those with severe disabilities tesuttes



growth of employment programs commonly referred to as sheltered workshops, which
operated as nonintegrated settings where individuals received paid trainingarapoa
for competitive employment (Parent & Hill, 1990). Despite some successfyrigons
from the late 1970s through the 1980s, however, significant improvement in outcomes
did not occur, and substantial gaps were identified between research-basais dif
program quality and actual practices (Renzaglia & Everson, 1990). To this day,
individuals who enter sheltered workshops largely remain there; they do not pmceed t
integrated competitive employment (Inge, Wehman, Revell, Erickson, Buttengort
Gilmore, 2009). As an alternative approach, supported employment was developed in the
mid-1970s to increase competitive-employment opportunities and lateieddolfthe
Developmental Disabilities Act of 1984 (P.L. 98-527), mandating competitive work,
ongoing support, and integrated work settings (Rusch & Hughes, 1990).

In the early 1980s, the importance of in-school preparation of secondary students
with disabilities for post-school employment was recognized by polikgnsaReacting
to chronically poor employment outcomes of adults with disabilities, the Office of
Special Education and Rehabilitative Services (OSERS) defined the federal the
school-to-work “transition” of secondary students with disabilities in 1984 ¢haiti
Council on Disability and the Social Security Administration, 2000). As itsygolic
OSERS identified employment as the ultimate goal of the transition gria&is 1984).
In a direct response, however, Halpern (1985) proposed an alternative perspective,
identifying “community adjustment” as the ultimate goal, with employnresidential
environment, and social and interpersonal networks serving as the three detegminat

factors for reaching that goal. During this time, research (e.gazid&ordon, & Roe,



1985) had also become focused on examining the effects of in-school programs, services,
and activities on students’ post-school adult outcomes.

The landmark special-education lagducation for All Handicapped Children Act
of 1974 amended a year later asHaeication for the Handicapped A®.L. 94-142),
was reauthorized and renamed in 1990 asniti@iduals with Disabilities Education Act
(P.L. 101-476). This reauthorized law further clarified the definition obttiam,
broadening its focus from employment to include other outcomes, such as post-secondary
and continuing-adult education, independent living, community participation, and
vocational training. Halpern (1993) posited that this revised and expanded definition
implied that a new framework for understanding and evaluating transition proeesse
outcomes could be “quality of life,” in which individual choice and social noresoebe
reconciled across three outcome domains: (a) personal fulfillment, (b) glhesct
material well-being, and (c) performance of adult roles.

Throughout the 1990s, federal priority on improving transition outcomes resulted
in numerous mandates, including the School-to-Work Opportunities Act of 1994 (P.L.
103-239), Workforce Investment Act of 1998 (P.L. 105-220), and Ticket to Work and
Work Incentives Improvement Act of 1999 (P.L. 106-170). These legislativeésefiso
impacted research, which increasingly focused on specific quality oéildss-domain
transition issues of individual choice and self-determination in career deeiofon
adults with disabilities (e.g., Hartnett, Collins, & Tremblay, 2002; 1zzo &ha2003),
and of improving and tailoring services to meet individual needs through customized

employment and One-Stop Centers (e.g., Citron, Brooks-Lane, Crandell, Bradyr,Coope



& Revell, 2008; Inge, 2006). Many of the research studies, though, also raised concerns
and questions about the efficacy of the various legislative efforts.
Employment Outcomes for Individuals with Disabilities
Despite a number of federal initiatives, programs, and services, significant
improvements in employment opportunities and outcomes have not occurred for adults
with disabilities. For example, comparing results from the National Lucigihl
Transition Study-1 and the National Longitudinal Transition Study-2, which were
conducted over the last two decades respectively, Newman, Wagner, Cameto, Knokey,
and Shaver (2010) found that the two cohorts of young adults with disabilities did not
differ in employment status, hours worked per week, job duration, or average hourly
wages. In a recent national survey by the U.S. Department of Labor, only 19.1% of
companies reported employing individuals with disabilities and only 13.6% reported
actively recruiting individuals with disabilities, with the public sector niedy to
actively recruit and hire than the private sector (Domzal, Houtenville, & Shanas).
Across the U.S., chronic employment and income disparities are found between
individuals with disabilities and individuals without disabilities. The U.S. CensusaBur
(2008) reported that approximately 45.6% of individuals with a disability 21 to 64 years
of age were employed with median monthly earnings of $1917; whereas 83.5% of
individuals without a disability in that age group were employed with mediarhigont
earnings of $2539. In addition, 27.1% of individuals with a severe disability and 12.0%
with a nonsevere disability 25 to 64 years of age were categorized as ifipogerty”;
whereas 9.1% of individuals without a disability in the same age group were cagdgori

as such (http://www.census.gov/prod/2008pubs/p70-117.pdf). These outcomes affirm that



individuals with disabilities remain at risk of social stigma, diminishefdestéem and
self-determination, dependence on government aid, and other persistent challenges

A growing body of information suggests self-employment can be a sustainable,
viable answer for improving socioeconomic and employment outcomes of individuals
with disabilities. According to the U.S. Department of Labor (2007), individuaks wit
disabilities are “nearly twice as likely to be self-employed as therglgpepulation, 14.7
percent to 8 percent” (http://www.dol.gov/odep). This prevalence can be explained in part
by the (a) shift in the U.S. economy from industrial manufacturing to a high-tegynolo
information and services economy; and (b) philosophy and movement of consumer
choice and self-determination in employment for individuals with disabili@ieliig &
Arnold, 2007; Palmer, Schriner, Getch, & Main, 2000; Rizzo, 2002; Schriner & Neath,
1996; Seekins, 1992; Walls, Dowler, Cordingly, Orslene, & Greer, 2001). Others have
surmised that self-employment is viable because it can be less stiggétian other
employment options as it connects the “American Dream” of owning a businessth . . w
the commitment of rehabilitation professionals, family members, frierdis@ighbors to
assist people with disabilities in achieving typical lives” (Griffin &hfais, 2008, p.2).

The two recessions that book-ended the last decade mark a continuing evolution
of the globalized U.S. economy. As traditional wage and salary employmeimgs be
redefined, emerging markets could expand opportunities for self-employnsenbriic
changes also have been linked to technological advances that have includexhstgnifi
innovations such as digital-wireless communications and social networking.mbadse
innovations have contributed to the growth and viability of internet commerce, wdsch h

the potential to ameliorate self-employment barriers related to digabitir example, an



analysis of data on U.S. veterans with service-connected disabilities fotdrtizuter
ownership correlated with a higher rate of self-employment (Open Blué@d, 2007).
Prevalence of Self-Employment in the U.S.

Self-employment is a distinct alternative to working for others. That elwic
decision can involve an array of factors, circumstances, and reasons. Onekmay se
certain degree of financial independence and work autonomy, pursue product or service
innovation or invention, or run a family business. In the United States, small business has
generally been regarded as vital to its free-enterprise entreparsystem, economic
strength, and global competitiveness (http://www.sba.gov/). Rates of galfiyenent,
however, have decreased from approximately 18.5% in 1948, to 7.5% in 2003 (http:
www.bls.gov/opub/ted/2004/aug/wk4/art02.htm). Much of this decrease is attributed to
the (@) decline in agricultural self-employment, particularly, smdikpendent farms
(and increase in large corporate farms and agricultural productivity) and (igecima
classifications to separate unincorporated and incorporated self-emptaategories,
with the latter tallying individuals as “wage and salary employedseaf dwn
businesses” starting in 1967 (Hipple, 2004; also http://www.bls.gov/opub/ted/2004/aug/
wk4/art02.htm). The self-employment rate of 7.5% in 2003 only represented individuals,
ages 16 years and older,unincorporatedself-employment or 10,295,000 out of
137,735,000 in total employment. The 3.6% rataobrporatedself-employment
represented 4,956,000 individuals (Hipple, 2004).

In addition to the 1967 classification change in self-employment, recent changes
complicate direct historical comparisons across the incorporated and unincorporated,

agricultural and nonagricultural industries. Changes were made to the 1994 U.S. Current



Population Survey and additional classification systems were adopted in 2003, including
the 2000 Standard Occupational Classification and the 2002 North American Industry
Classification System (Hipple, 2004). In 2003, numbering 9,344,000 out of 10,295,000
individuals in unincorporated self-employment were those in nonagricultural iredystri
while 4,810,000 out of 4,956,000 individuals in incorporated self-employment were also
those in nonagricultural industries (Hipple, 2004).

In 2007, an estimated 856,000 individuals in self-employment, ages 16 years and
older, were in unincorporated agriculture (http://www.bls.gov/cps/cpsaatl2.pdf). Most
individuals in self-employment, however, were still in unincorporated nonagridultura
industries, an estimated 9,557,000 out of 146,047,000 in total employment (http://www.
bls.gov/cps/cpsaatl5.pdf). Among the 9,557,000 individuals, 62% or 5,920,000 were
male, and 73% of males were between 35 and 64 years of age. Among nonagricultural
industries in unincorporated self-employment, the largest was “profesaimhélusiness
services” for both women and men, followed by “education and health services” for
women and “construction” for men (http://www.bls.gov/cps/cpsaatl6.pdf).

Vocational Rehabilitation Services in the U.S.

The role of the U.S. federal government in the self-employment of individuals
with disabilities commenced with the Rehabilitation Act of 1973, subsequently athende
by the Workforce Investment Act of 1998 Title IV Rehabilitation Act Amendsiéerite
purposes of the Act are “. . . (1) to empower individuals with disabilities to meximi
employment, economic self-sufficiency, independence, and inclusion and irtbe gnéoi
society . .. and (2) to ensure that the Federal Government plays a leadership role in

promoting the employment of individuals with disabilities.” Section 102(a)(1) ostline



the Vocational Rehabilitation (VR) services eligibility critefian individual is eligible
for assistance under this title if the individual — (A) is an individual with a digabi
under section 7(20)(A); and (B) requires vocational rehabilitation seragagpare for,
secure, retain, or regain employment.” Section 103 describes thesesas/”. . . any
services described in an individualized plan for employment necessary t@assist
individual with a disability in preparing for, securing, retaining, or regaining an
employment outcome that is consistent with the strengths, resources, prioatieerns,
abilities, capabilities, interests, and informed choice of the individual.”

Individuals with disabilities can be referred for eligibility determiratand
subsequent services to their home state VR agency by a number of sources, including but
not limited to educational institutions, medical personnel or institutions, welkigrmcy
(state/local government), community rehabilitation programs, the Sociatitye
Administration, and One-stop Employment/Training Centers. Individuals can #dso re
themselves to their state VR agency (Rehabilitation Services Admiiims{ra005).

Regarding self-employment, Section 7(11)(c) of the Act establishesnt as a
employment outcome: “The term ‘employment outcome’ means, with respect to an
individual -- satisfying any other vocational outcome the Secretary etayndine to be
appropriate (including satisfying the vocational outcome of self- employment
telecommuting, or business ownership), in a manner consistent with this ActdhSect
103(a)(13) defines VR support and services, including “. . . technical assistanathar
consultation services to conduct market analyses, develop business plans, and otherwise

provide resources . . . to eligible individuals who are pursuing self-employment or



telecommuting or establishing a small business operation as an emplayrtoame.”
Section 103(b)(1) defines other VR services for self-employment:
In the case of any type of small business operated by individuals with saghific
disabilities the operation of which can be improved by management services and
supervision provided by the designated State agency, the provision of such
services and supervision, along or together with the acquisition by the State
agency of vending facilities or other equipment and initial stocks and supplies.
While the VR process for self-employment of individuals with disabilisesot
identical across states, an example of this process is outlined by tloe ®@zational
Rehabilitation Services (http://www.myworkweb.biz/self_employment_goham). A
two-step process, in sequential order, is involved: (1) assessment and (2) development of
an individualized plan for employment. The first step focuses on a client’s pbtanti
self-employment, examining his/her interests, aptitude, skills, and othersfesich as
medical and psychological evaluations and observations and assessmentsig§a clie
initiative and enthusiasm. Also, the first step includes the (a) development ohadsusi
plan, (b) determining the viability of the business plan, and (c) applicatioméorcial
assistance. The most important part of this step is the business plan, which can involve
outside professional business consultants to provide technical expertise stathessi
The second step in the VR self-employment case process is the development of an
individualized plan for employment, which occurs after the VR counselor and cheat h
agreed that self-employment as a goal of employment is feasible hhfmeigompletion
of step one. The second step focuses on five activities: (a) vocational goal, ¢bhyebje
and criteria, (c) case reviews, (d) financial monitoring and follow up, and @xlesure

in self-employment. The counselor and client will need to agree on how to measure

progress throughout the case, and this can include quarterly financial reponts @ther



measures. A client’s case is not deemed “successful” until she or he nteimedl the
self-employment vocational goal for at least 90 days. The counselor will lsoretdtin
in determining the time frame for deriving the average self-emplofymeome that will
be used to assess the client’s case for possible closure.
Definitions of Key Terms
The following is a definition oflisability by the U.S. Department of Labor, Office
of Disability Employment Policy (2009): “A person with a disability isgelly defined
as someone who (1) has a physical or mental impairment that substamtigtiyohe or
more ‘major life activities,’ (2) has a record of such an impairment, os (@garded as
having such an impairment” (http://www.dol.gov/odep/fags/federal.htm). The follpwi
is the U.S. Census Bureau (2009) definition s€d-employed worker
e Self-employed in own not incorporated business workers. Self-employed in own
not incorporated business workers includes people who worked for profit or fees
in their own unincorporated business, professional practice, or trade or who
operated a farm.
e Self-employed in own incorporated business workers. In tabulations, this category
is included with private wage and salary workers because they are paaeespl
of their own companies. (http:ask.census.gov)
These definitions are included in this section because the various governmeiusstatis
individuals with disabilities, employment, self-employment, income, andrpotieat are
cited throughout this dissertation study also have come from the same government

sources, for example, the U.S. Department of Labor (Bureau of Laboti&taasd the

U.S. Census Bureau (Current Population Survey).
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CHAPTER I
LITERATURE REVIEW

The research literature on self-employment of individuals with disaisilii the
U.S. is comprised mostly of nonempirical articles, position or opinion papers,hard ot
nonresearch documents. A small number of empirical-research stul3 (vere
found, all of which were published since 1994. Every study used a nonexperimental
research design with a largely exploratory purpose and descriptive (i.e.plastagry
or predictive) focus. The most evident and pertinent methodological facesefdtuglies
is their unit of analysis, examining self-employment from the distinct petreéps of
either individuals with disabilities or service professionals. Thereforbgisubsequent
remaining sections of this chapter, each perspective will be analyzed in turn.
Individuals’ Perspectives of Self-Employment

A review of the small number of U.S. empirical-research studies thatiegd
self-employment from the perspectives of individuals with disabilitidxated the
following predominant themes: reasons for self-employment, benefits anenges|of
self-employment, and support in self-employment.

Reasons for self-employmefihe reasons individuals with disabilities pursue
self-employment are diverse and vary in complexity. For some, self-emeidys a
response to discrimination they faced in losing employment or in tryingrio ga
employment (Blanck, Sandler, Schmeling, & Schartz, 2000), or to lack of opportunities
in other types of employment (Hagner & Davies, 2002). For some, self-emplognaent

answer to previous unsatisfactory employment (McNaughton, Symons, Light, &Bars
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2006) by using those negative experiences working for others to explore wimnking
themselves (McNaughton et al., 2006; Palmer et al., 2000).

Individuals with disabilities may choose self-employment based on a combination
of reasons that not only includes elements of business-feasibility assesarokras
resource/support availability and understanding one’s circumstanceseshditd needs,
but also more nuanced or idiosyncratic elements of risk-taking, such as chanogrand t
of life events that provide a self-employment opportunity at a particular m¢P&mer
et al., 2000). Still for others, self-employment is simply a matter of chéigeled by the
Rehabilitation Services Administration, the United Cerebral Palsy Asgmts Choice
Accesslemonstration project found 21% of participants had chosen self-employment.
Although not based on an empirical-research evaluation of the project, a commonly
repeated sentiment by participants was, “It's my choice, it's what | twadd”

(Callahan, Shumpert, & Mast, 2002, p.76).

Benefits of self-employmeirdividuals with disabilities can experience a range
of benefits from self-employment. Financial benefits are paramountrite, qoursuing
financial independence to support themselves and their dependents as a priorty eve
some face the prospect of only making enough to supplement income from government
assistance or other employment they already have (Hagner & Davies, 20&udyhton
et al., 2006). Others may have a more ambitious goal and plan of not just sustaining or
maintaining but expanding their business (Blanck et al., 2000; Hagner & Davies, 2002).
Self-employment benefits can also be more intrinsic or intangible, such asluadiévi
having a decision-making role, personal control, sense of dignity, personaltenoge

work autonomy, self-worth, self-reliance, enjoyment of work, way to meet personal
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expectations, and work toward changing societal attitudes about individuals with
disabilities (Hagner & Davies, 2002; McNaughton et al., 2006).

Other benefits of self-employment for individuals with disabilities have been
described in the empirical research literature in terms of the array of opites for
exploring and pursuing a wide range of small business and entreprengoeid¢eces,
reflecting a diversity of interests: jewelry sales, gift baskeys and painted wood
figures, bulk-mailing service, home child-care services, artist, paitolal service,
freelance journalist, motivational public speaker, software consultant, ansiteeb
developer (Blanck et al., 2000; Hagner & Davies, 2002; McNaughton et al., 2006y Palme
et al., 2000). These businesses, which sell a number of different products and service
across a number of different industries, also indicate a diversity of tatbabdrty.

Challenges of self-employmeAtprimary and significant self-employment
challenge is the access to adequate capital and business financing beyond iratiddual
family resources. While this challenge is certainly not unique to individudis wit
disabilities, their access to necessary capital and financing from cmmadrsiources,
such as commercial banks, has been almost as difficult as it has been Hisforical
women and ethnic-minority groups (Palmer et al., 2000; President’'s Committee on
Employment of Individuals with Disabilities, 2000). Consequently, individuals with
disabilities have relied substantially on individual and family resourcdsalgernative
external funding sources, such as community small-business development tigyes)iza
vocational-rehabilitation and disability-services agencies, and grant pro@Bdamck et

al., 2000; Hagner & Davies, 2002; Palmer et al., 2000).
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Individuals with disabilities face a number of challenges in self-employthant
are uniquely related to their disability condition and status, including (agipedcor
actual reduction in government benefits due to their self-employment incorseciébal
prejudice, (c) negative public attitudes and low expectations, (d) educationatsigur
inadequate school transition and vocational programs, (e) technological barters in t
access and use of devices, and (f) funding policy and regulation barriers irsbuside
personal supports (Callahan et al., 2002; McNaughton et al., 2006; President’s
Committee on Employment of Individuals with Disabilities, 2000; Rizzo, 2002).
Responding to self-employment challenges can require different skibasgd
on factors such as the nature of the business, market conditions, and access to supports
and resources. The level of difficulty of the challenges, however, mafdied to both
the type and severity of an individual’'s disability and certain contexts oéisgifeyment
(Hagner & Davies, 2002). For example, in their qualitative study of eighfpeatreurs
with cognitive disabilities, Hagner and Davies (2002) found individuals had expressed
that the major disadvantages of self-employment were the labor-inteasiure and
difficulty of managing a business, and the difficulty in receiving necessawyces and
support. Businesses either received subsidies or generated only enough revesugss to ¢
expenses. The owners needed to supplement their income with SSI, Medicaid, and other
jobs. Four of the businesses were operated essentially under the auspices of thg disabil
service-provider agency (Hagner & Davies, 2002). Ironically, for individwdlssevere
disabilities, the years of receiving social services may be contriptatitheir difficulty in

being as self-directed as they can or should be in self-employment (R22),
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Support in self-employmerior individuals with disabilities in the U.S., support
in self-employment has typically meant relying on a patchwork of resgunmuding
(a) financial assistance from family, disability services and VR aggngovernment
loans and grants, and community organizations; (b) personal support and services from
Social Security and other agencies; and (c) business-related assastdrsupport from
attorneys, accountants, business-development experts, and computer/information
technology consultants and technicians (Blanck et al., 2000; Hagner & Davies 2002,;
McNaughton et al., 2006; Palmer et al., 2000). The availability and accessibility
resources to support individuals with disabilities in self-employment, howevairem
foremost concerns. This is a central issue that the Eoww@preneurs with Disabilities
(EWD) program attempted to address. The evaluation of EWD (see Blarick2608)
is sui generign the empirical-research literature on self-employment of individuiihs
disabilities in the U.S. and will receive further attention and elaboration here.

The lowa Entrepreneur’s with Disabilities (EWD) was a statewiderpanog
supporting the self-employment of individuals with disabilities managed Hpwee
Department of Vocational Rehabilitation Services (DVRS), lowa Degauttfor the
Blind (IDB), and lowa Department of Economic Development (IDED). Froroszdhe
state, the program recruited 509 lowa residents with disabilities wigakeady
receiving services from the DVRS or IDB. After the selection processntii#duals
were provided financial (typically about $10,000) and technical assistancetto star
expand, or maintain their own business. The selected individuals were required to provide
at least 50% of business capital. Technical assistance included accoegimhgdvice,

and business planning and management (Blanck et al., 2000). After the start of the EWD
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program, most of the selected participants were receiving less goverrasistdarace than
they had been receiving during the program’s selection process.

Businesses were monitored monthly by EWD program and were required to
disclose financial information for two years or until they reached a#fitency. The
program defined success as DVRS case closure, and individuals were &igdalse
closure if their business “. . . has received financial assistance, remaislién st
operation, and shows a trend toward profitability” (Blanck et al., 2000, pp.1609-1610).
From the program period of May 1, 1995 to August 1, 1999, case closures were achieved
by 42 individuals. The profiles of these successful cases were as follows:el@/iviee,

33 were male, 39 had finished at least high school, 25 owned a service-oriented business,
and 17 had an orthopedic primary disability, the largest category.

The preceding review of studies focusing on the self-employment perspedftive
individuals with disabilities in the U.S. provides one of two distinct perspectivies in t
empirical-research literature. The other perspective comes fronses@rafessionals.
Professionals’ Perspectives of Self-Employment

Individuals with disabilities in self-employment often receive support from
service professionals, including counselors from vocational rehabilitAt®nggencies,
consultants from small-business development centers (SBDCs), and profe$siomals
other social-service agencies and community organizations. From thecatn@siearch
studies that examined these professionals’ perspectives, the predominast Wexet
professionals’ attitudes about, roles in, and support of clients’ self-emphbyme

Attitudes about self-employmeAtmore positive or favorable attitude toward

self-employment by VR counselors has been associated with highetaages for
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clients with disabilities in self-employment (Arnold & Seekins, 1996; Rave#t

Seekins, 1996). Counselors’ attitudes toward self-employment tend to be more positive if
they have had positive experiences with clients in self-employment (Arnokk&irss,

1996; Ravesloot & Seekins, 1996). Agency policies also can affect agency atmosphere
and counselors’ attitudes (Arnold & Seekins, 1996; Ravesloot & Seekins, 1996).

Some researchers have posited that for decades in the U.S., a core VR philosophy
has been to help individuals with disabilities find traditional wage and salary jobs
working for others, not self-employment, because counselors are not trained in business
development (Colling & Arnold, 2007; Schriner & Neath, 1996). That may be changing,
however. In examining policy changes in self-employment from 1992 to 2002, Arnold
and Ipsen (2005) found, “Current policies are more positive toward self-employment”
(p.117). On average, more necessary components of self-employment (e.g., market
analysis, business plan) were addressed in 2002, which also provided more guidance to
counselors on self-employment initiation and follow-through by coordinating a&sivit
with small-business development professionals than in 1992 (Arnold & Ipsen, 2005).

Service region may affect VR counselors’ attitudes toward self-empldynker
example, Ravesloot and Seekins (1996) found in a survey of counselors from U.S. rural
and urban areas that rural counselors rated self-employment statistigaificantly
higher. Rural counselors also were significantly more familiar withgases involved in
self-employment. Counselors did not significantly differ on most ratingghat they
believed to be critical self-employment attributes: enthusiasm, pexsstatelligence,
risk-taking, business-planning ability, their own financial backing, pleasingmedity,

and good organizational and social skills. Urban counselors, however, rated a client’s
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experience in considering what type of business to own to be significantly more
important (Ravesloot & Seekins, 1996). While urban counselors expressed siggificantl
greater satisfaction with clients’ employment, training, and educatiqpalrtunities,

rural counselors expressed greater dissatisfaction with transportatimmsaptailable to
clients, but also expressed greater satisfaction with networking opportaniiésble to
counselors (Arnold & Seekins, 1997). If a problem was identified by both rural and urban
counselors, it was usually perceived worse by the former: “Rural counseidesw
situations that are less conducive to achieving VR goals” (Arnold & See€l®98, p.12).

In the field of supported-employment in the U.S., professionals’ attitudes toward
self-employment of individuals with disabilities have been generally cteaized by (a)
fear that individuals would be in a solitary environment and socially isolatedyr{bgim
over not being able to provide adequate information to individuals about starting and
maintaining a business, (c) belief that a large majority of business vergtiliagteir
first year, and (d) caution that the direction and decision for self-emplaynot be
confused with the service provider’s personal wish to be a business owner (Catlaha
al., 2002). These attitudes can be traced through the history of supported employment in
the U.S., which before the 1990s rarely included self-employment as a servma@utc
When it was, Callahan et al. (2002) noted that self-employment was “. . . largely
characterized by either retail businesses developed as a result of gaviatiym
mandated ‘set-asides’ for persons with milder impact of disability in likes
(particularly from blindness) or in telemarketing of household goods by persitns wi

more significant physical disabilities” (p.76).

18



Role in self-employmerih recent years, approximately 12% of working
individuals with disabilities have earned an income from self-employmesein(lps
Arnold, & Colling, 2005). While many of those individuals have been supported as
clients by VR agency services, since the late 1980s, the national VR case-cbssiin
self-employment have generally remained between 2% and 3% (Ipsen, Arnold, &
Colling, 2005; Schriner & Neath, 1996). These rates represent the ratio of suc¢Bssful
case closures in self-employment to the total number of VR employment csiseesl

Despite the relative stability of the national VR self-employment clasiies
over the last two decades, an analysis of the “Rehabilitation Services Adatiomsg11
Closure Reports for Fiscal Years 2003 to 2007” by Revell, Smith, and Inge (2009) found
differences in self-employment rates among states (50 states and@eferal and
Combined” VR agencies). In Fiscal Year (FY) 2007, Mississippi had the higisst ¢
closure rate in self-employment at 12.6%, followed by Wyoming 7.9%, Alaska 6.6%, and
Maine 6.0%. In fact, Mississippi had the highest rates over these fiscal lpea¥s2007,
the national average-weekly self-employment earnings of $396 were ttighethe
average-weekly earnings of $350 for all Status 26 closures (VR defines employme
closure as “rehabilitated”). By comparison, in FY 2007, Mississippi had averagidy
self-employment earnings of $439 and average-weekly earnings of $423 forusl Zat
closures. Connecticut had the highest self-employment average-weekhgearh$896
and in all Status 26 closures of $538 (Revell, Inge, & Smith, 2009).

The role of VR counselors in clients’ self-employment may vary by latafior

example, Arnold and Seekins (1995) found several statistically significaneditis
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between counselors in U.S. rural and urban areas: (a) self-employmargagasore
commonly in VR case closures in rural areas; (b) rural counselors averaged m
self-employment closures during their careers; and (c) job avéyablbwer growth
rate, higher unemployment, and lower wages contributed to greater closur®bkein
rural settings (Arnold & Seekins, 1995; see also Seekins, 1992). Counselors did not differ
significantly in their caseload, level of education, years as counseloGessao
telephones and fax machines (Arnold & Seekins, 1998; see Arnold & Seekins, 1997, and
Arnold & Seekins, 1995), but rural clients lived significantly farther than urbamiglie
did from their counselors’ offices (Arnold & Seekins, 1997).

Support of self-employmei&ervice professionals have cited service costs and
agency resources as important considerations in supporting self-employmearitsf th
their focus group, Colling and Arnold (2007) found that professionals “. . . cited
budgetary constraints, limited personnel, and diminishing resources as aofesdityice
delivery today” (p.38). VR counselors’ decision to support self-employment napeals
influenced by their consideration of “. . . how long such placements last compared to
others, the comparative return on investment, the levels of income produced by each
placement type, or consumers’ comparative satisfaction” (Arnold & Seekins, 1996, p.17).
Others have expressed concerns that VR counselors are neither adequatelynna
equipped to provide resources and support to clients in self-employment (Hagner &
Davies, 2002), while also cautioning that VR counselors’ final decision to support
self-employment desires and goals could be based more on their assessiamsof

disability status than on business-related factors (Rizzo, 2002). Notablgngatiyment

20



rates have been higher for individuals with disabilities outside the VR syBtesidents
Committee on Employment of People with Disabilities, 2000).

As service providers and agencies face resource constraints, nenitiyag
collaboration may provide a way of pooling expertise and finances to support individuals
with disabilities in self-employment. Colling and Arnold (2007) found from theugoc
group interviews that interagency collaboration “. . . could provide direct résults
clients such as entrepreneurship training and increased the probability oéss$uic
business” (p.38). They also found, however, that professionals admitted knowing little
about each other, and cited physical and organizational barriers as discoacaigimg
collaboration. Moreover, those with collaboration experience did not charadteize
relationships as active or engaged, and cited financial and funding-source actibuntabi
as a collaboration barrier. On one side, rehabilitation counselors “. . . expressed
apprehension that small businesses or self-proprietorships may not lead to strong
performance on the identified standards and indicators for which their progems ar
evaluated” (p.38). On the other side, professionals from small-business development
centers (SBDCs) expressed concerns that clients’ businesses thama#es and
contributing less to their “bottom-line” than businesses they typically funded.

For VR counselors, success may entail aligning clients’ individualized nedds a
reasons for self-employment, such as (a) increasing self-confided@ngaging in
meaningful work, (b) increasing self-sufficiency and income, (c) raspleoncerns over
accommodations and mobility, (d) increasing control over scheduling and amount of
work, and (e) increasing community inclusion and participation (Walls et al., 2001).

Hagner and Davies (2002) recommend counselors receive self-employamengtto
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help clients make informed choices and (a) understand how self-employment cdn benef
them, (b) recognize the types of supports needed for self-employment saoccke&y
assist clients to identify reasons for choosing self-employment over otipéwygnent.

Incorporating elements of person-centered-planning may be helpful ¥areser
professionals supporting clients in self-employment (Rizzo, 2002). This approach
typically involves service professionals recognizing clients’ streragidsskills, around
which a number of external (e.g., accounting), organizational (e.g., adviaowils),
and other personal supports are built. Professionals also may want to discus&migh cli
contextual factors such as (a) understanding individual circumstances, slaliiie
needs; (b) evaluating assumptions about self-employment; and (c) recogtizial
available support and training resources (Palmer et al., 2000). Ultimat&ynald and
Ipsen (2005) assert, “There is no cookie-cutter method for achieving a selfyarepto
outcome. Each agency’s policy and set of operational procedures are uniquingeflec
the state’s fiscal constraints and its approach to self-employment” (p.117).
Conceptual Framework

My review of the empirical-research literature indicates that indivsdwéh
disabilities can succeed in self-employment, and that their succafiseénced most by
three factors: individual characteristics, level of supports, and accougtaipgdtems.
Presented in Figure 1, the conceptual framework for this dissertation studgdsdra
the core assumption that self-employment success links individuals esth tifree
interrelated and interdependent factors over time. While succesengudged in
business terms by measures such as income and profits, growth, &atishare,

success can also include other more intrinsic measures, such as the acaiskills,
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and enhanced self-determination and self-efficacy. Individual chesticte constitute
person-level traits or identities not limited to demographic variables sugbnaer and
ethnicity. Level of supports constitutes the amount or degree of assistance ttuigdivi
with disabilities that is directly and indirectly related to their bussr@vnership and
management, for example, government aid (e.g., Medicare, Social Setursipess
loans, and VR services. Accountability systems constitute laws and regs)atnd
business requirements and conditions related to the business venture, such aandcome
profits, local market competition, and business loan-repayment schedule.

The conceptual framework for this dissertation study not only assumes clranges
the relationships, both direct and mediated, among the three factors andadhieinsteip
to self-employment success over time, but also that the rate of changexpecied to
be consistent or predictably linear but dynamic. This is recognition of the negpief
each individual self-employment experience. For example, individuals sdbitiiies
who are female and a member of an ethnic minority group may face diffidedises on
their characteristics that other individuals with disabilities in saifleyment do not
face. Individual characteristics, then, can mediate the relationship bdeveénf
supports and accountability systems, where lower resource allocation basederogend
ethnicity affects business activity and practices and affects sutesss of supports can
mediate the relationship between individual characteristics and accounsystims.
For example, diminished resources or decreased supports resulting fronsenecas
affect business practices and revenue and the ability of individuals tocaeet |
requirements or obtain necessary supports related to their disability contthi¢iceby

affecting success. Accountability systems can mediate theoredhip between
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individual characteristics and level of supports. For example, changedacdhenarket,
such as an increase in the number of similar businesses or new laws and regoéations
significantly shape business practices and activities. These conditions;aheaifect the

level of resource allocation that is necessary for supporting a businesesmh@duccess.

Figure 1.Conceptual model of self-employment success and its most influential factors
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CHAPTER I
METHOD
The procedures for conducting this dissertation research study comprised five
major steps: (a) defining the research purpose and questions, (b) designingafares
study, (c) collecting the data, (d) defining the data variables, aath@B)zing the data.
Research Purpose and Questions

In alignment with the conceptual framework, the purpose of this diseartat

research studwas to examine individuals with disabilities in self-employment through
vocational-rehabilitation (VR) agencies across the U.S. by addrebsisg siba priori
research questions:

(1) What are significant predictors of self-employment case closureRalignts?

(2) Do significant predictors of self-employment case closure for \&Rtslidiffer over
time?

(3) Do significant predictors of self-employment case closure for \éRtsldiffer
depending on service location (e.g., different U.S. states or regions)?

(4) What is the relationship of individual characteristics, level of supports, and
accountability systems to self-employment success?

(5) Does the relationship of individual characteristics, level of supports, and
accountability systems to self-employment success differ over time?

(6) Does the relationship of individual characteristics, level of supports, and
accountability systems to self-employment success differ by location?

Research Design
To answer the research questions, | used a nonexperimental research design,
consisting of statistical analyses of extant data (see Shadish, Cook, & Ca2(phi).

The goal of this approach to research design is noted by Kerlinger a2i00€2:
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Nonexperimental research is systematic empirical inquiry in which teetsti
does not have direct control of independent variables because their manifestations
have already occurred or because they are inherently not manipulable. kedgerenc
about relations among variables are made, without direct intervention, from
concomitant variation of independent and dependent variables. (p.558)
Moreover, nonexperimental research is often used when investigating a phenomenon for
which experimentation would be premature because it lacks an empirical basigtand t
the phenomenon needs to be better understood first through exploration of a number of
possible variable relationships in statistical analyses (Shadish et al., 20029. |
dissertation study, that exploration consisted of analyzing extant adatinesulata from
VR agencies across the U.S. as they play a visible role in the self-emptayime
individuals with disabilities observed throughout the empirical-researcatliter
Data Collection
As a federal agency within the U.S. Department of Education Office of Special
Education and Rehabilitative Services, the Rehabilitation Services Administf@SA)
was the source of the extant administrative VR data analyzed in thisatisgestudy.
The RSA collects data from VR agencies in all 50 states, the District of Gialuamd
the territories. The data are collected for each fiscal year, (R¥ government’s
operating calendar beginning on October 1 of one year and ending on September 30 of
the following year. These fiscal-year data are called “RSA-911 Casgie&SReport” and
are submitted in disk, CD-ROM, or electronic format by every agency in Nmsmremfter

the end of a fiscal year. The RSA provides assistance in the form of editingmsoigr

ensure accuracy of data entry by state VR agencies.

After requesting and receiving the deidentified RSA @at&Y 2003 to 2007, the

data, which were contained in several CD-ROM discs, were opened in a secureecomput
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and transferred as text files to the hard drive. The data then were tresh$etine PASW
Statistics GradPack 17.0 for Windows (SPSS, Inc., 2009) statistical sofonammpile
the data, label the variables according to the RSA data-variable dictiandrgnalyze
the data. Only data from U.S. states and District of Columbia for VR cliethts w
disabilities who achieved employment case closure were included in thgsean@he
territories were excluded because of their legal, political, and socigautifferences
from the states and because they are not designated as part of th&SfdDehsus
Bureau Regions, which were to be analyzed in this dissertation research study
Data Variable Definitions

Included in the statistical analyses of the RSA data for FY 2003 to 2007 in this
dissertation research study are some of the 43 variables contained in thet&&Adda
two external variables. The RSA variables were defined according to itsat&tble
dictionary (Rehabilitation Services Administration, 2005). The type and number of
selected variables were based on my review of the empirical-researatuh¢ (see
Chapter IlI: Literature Review), the conceptual framework for this degsar study, and
model parsimony. Thus, the variables that best represented self-eraptaumcess,
individual characteristics, level of supports, and accountability systems elecees,
while also taking care to avoid variable redundancy and data fishinggmini

Four demographic categorical variables representing VR clienlis/idual
characteristics were selected: (a) gender, with categoriesl®ettoded as 0 and female
coded as 1; (b) ethnicity, with categories of nonwhite coded as 0 and wdhte as 1,
(c) significant-disability status, with categories of no coded as 0 andogied as 1; and

(d) educational attainment at case closure, with categories of upkedtigol coded as

27



0 and post-high school coded as 1. These four variables were the most frequently cited
individual characteristics in the empirical-research literatur@vwevand they also
represent the most fundamental and important characteristics to empaitalze in
their relationship to self-employment success for VR clients.
Acknowledging their distinctions, racial and ethnic identities (e.g., white,
Hispanic) both were included in the “ethnicity” variable as intended by the Rl&ts
with biracial identification were coded as 1 in the white and nonwhite categéiiso,
the nonwhite category included Black or African-American, Latino or Hisp&sian,
Native Hawaiian or Other Pacific Islander, and American Indian or Aldskive.
The significant-disability (status) variable is defined by the RE®Y%) as:
An individual with a significant disability is an individual: (a) who has a physica
or mental impairment that seriously limits one or more functional capadatieb (
as mobility, communication, self-care, self-direction, interpersonal ,Skiigk
tolerance, or work skills) in terms of an employment outcome; (b) whose VR can
be expected to require multiple VR services over an extended period of time; and
(c) who has one or more physical or mental disabilities resulting from atigojt
arthritis, autism, blindness, burn injury, cancer, cerebral palsy, cystici§ipros
deafness, head injury, heart disease, hemiplegia, hemophilia, respiratory or
pulmonary dysfunction, mental retardation, mental illness, multiple sclerosis
muscular dystrophy, musculo-skeletal disorders, neurological disordersi{ing!
stroke and epilepsy), spinal cord conditions (including paraplegia and
qguadriplegia), sickle cell anemia, specific learning disability, engestanal
disease, or another disability or combination of disabilities determined on the
basis of an assessment for determining eligibility and VR needs to cause
comparable substantial functional limitation. (p.43)
Four variables representing accountability systems were selectéata(aost of
VR services, (b) average weekly earnings at closure, (c) typica&lysaurs worked at
closure, and (d) state average annual unemployment rate. The total coss@fides
represented accountability of clients to VR for service costs, worGimgrt closure. The

variable also represented accountability of VR counselors to their agenophey
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spent on a client’s case. The average weekly earnings variable népdesecountability
of clients to VR for earning sufficient money from employment to lead to closhee
typical weekly hours worked variable represented accountability otglie their work
(e.g., customers), as an indication of their commitment to working for eatoiaghieve
closure. The state’s average unemployment rate variable repreaectemtability in
terms of a state’s overall economic condition in which the clients workegingha
business environment that then directly affected the employment eaohiclgsts.

The cost of VR services included, to the nearest dollar, the amount of money the
state VR had spent on a client’s services for the entire case, exchgimgistrative
costs and nonindividual services. The average weekly earnings included, torédst nea
dollar, the amount of money a client had earned from employment in a typieklat/
closure. Earnings could include wages, salaries, commissions, and tips befolle payr
taxes were deducted; they also could include self-employment profite &aesngs
were based on adjusted gross income (income minus unreimbursed business expenses)
but excluded in-kind payments such as lodging and meals. If earnings exceeded $9999,
then “9999” was entered in the data field. No negative earnings could be reported; the
lowest amount that could be reported was “0000” for no earnings. The typical weekly
hours worked included the number of hours a client had worked for earnings during a
typical week at closure. If a client’s work hours exceeded 99 hours in a week, then “99”
was entered in the data field. The state’s average annual unemployragoheadf two
variables external to the RSA data, was a state’s quarterly ratésthléen averaged
for each year by the U.S. Department of Labor from 2003 to 2007. The unemployment

rate data were manually entered and incorporated with the RSA data.
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Three variables representing level of supports were selected: (a) nofnvser
services, (b) monthly dollar amount of public supports at closure, and (c) number of
medical support services at closure. The number of VR services vaapldsented the
actual services and their quantifiable level of VR support for clientsmimehly dollar
amount of public supports variable represented the level of external public financial
assistance supporting clients during the case. Similarly, the number of hsegioart
services variable represented the level of medical/health support fasche array of
medical services related to clients’ disability and concomitant health myndéquiring
these services in order for them to be able to perform self-emplowoéhntasks.

The number of VR services included all services provided during the entire case.
These services could include, for example, job searching and skills training, véreh w
among the pre-defined categories, but other services also could be identifiadladed
by counselors. The monthly dollar amount of public supports at closure included, to the
nearest dollar, the amount of money a client had received from government and other
public sources, including Social Security and Temporary Assistance to Ragtles.

If a client’s public support exceeded $9999 at closure, then, “9999” was entered in the
data field. The number of medical support services at closure included all medical
services and insurance coverage the client had at closure, including Meuatida
Medicaid, and any other public and private health insurance plans or programs.

The other variable external to the RSA data was the U.S. Census BureamsRegi
All states and D.C. were coded as belonging to one of four regions, coded 1 for
Northeast, 2 for Midwest, 3 for South, and 4 for West. Finally, the binary outcome

(criterion) variable was employment-closure status, whetheemt'slicase was closed in
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self-employment or other employment. A client was coded O for closure in other
employment and coded 1 for closure in self-employment. Therefore, in thestaiss
study, “self-employment success” was defined as VR self-em@ot/oase closure.
Data Analysis

A two-step process was used in the analyses of the RSA data. First, ther@ata w
screened to examine their distributions, producing a case summary and descriptive
statistics. Next, the data were statistically analyzed usingidi@cal Linear Modeling
(HLM) and Structural Equation Modeling (SEM) to answer the research gp®siihese
analyses contained most but not all of the same variables. This differdacteteiy
consideration of the empirical-research literature review, the contéjationwork for
this dissertation study, and the model-parsimony necessities to avaidieagdundancy
(i.e., the best models with the fewest variables) and to disallow daitagfisining.

Data screeningeach RSA fiscal-year dataset was screened. This involved
inspecting cases and variables for impossible values, such as those thatenay hav
occurred because of a keystroke error (e.g., a “211” for gender or ethridaty of
continuous variables were screened for univariate and multivariate normality

Data were also screened with the Missing Values Analysis in PASW 17.8,(SPS
Inc., 2009) to determine the amount, pattern, and nature of missing data. A univariate
pattern occurs when data are missing for one variable; an arbitramn meatters for any
variable; and a monotone pattern occurs when items or variable groups are,aigsing
as attrition with repeated measurements (Schafer & Graham, 2002). Tiheafat
missing data are classified as (a) Missing Completely At Random — MGAR)

Missing At Random — MAR; or (c) Missing Not At Random — MNAR (Schafer &
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Graham, 2002). For MCAR data, the probability of missing data does not depend on the
distributions of either the observed or unobserved data (i.e., missing values). For MAR
data, the probability of missing data depends on the distribution of the observed data but
not on the unobserved data. For MNAR data, the probability of missing data depends on
the distribution of the unobserved data (Schafer & Graham, 2002). Researchers have
noted, however, that “There are as yet no firm guidelines for how much missangpdat
be tolerated for a sample of a given size” (Tabachnick & Fidell, 2007, p.63). A case
summary and the descriptive statistics of variables were produced tmexamdata
distributions across the five fiscal years, FY 2003 to 2007.

HLM statistical modelingTo answer the first three research questions, the RSA
data were exported to the statistical-software program, Hierartimear Modeling,
version HLM 6.0.8 (Raudenbush, Bryk, & Congdon, 2009). The data were hierarchically
structured, or nested, as they were “. . . organized at more than one level” (Tdb&chnic
Fidell, 2007, p.781). The statistical analytic approach of HLM (Raudenbush et al., 2009)
is known as multilevel modeling (Raudenbush & Bryk, 2002; Tabachnick & Fidell,
2007). Hierarchical linear modeling specifically refers to the proprietaityare by
Raudenbush et al. (2009), in which “. . . each of the levels in this structure is formally
represented by its own submodel. These submodels express relationships among
variables within a given level, and specify how variables at one level infludatens
occurring at another” (Raudenbush & Bryk, 2002, p.7). Hierarchically structured data
need to be analyzed at different levels to avoid errors in (a) using degressdohf that
are not available, violating the statistical assumption of independence, atidgrtfie

Type | error rate; and (b) research interpretations by erroneousiyrapgtoup-level
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analysis to the individual, known as “ecological fallacy,” (Tabachnick & FidéD7,
p.782), or applying individual-level analysis to the group level, known as “atomistic
fallacy” (Hox, 2002, as cited in Tabachnick & Fidell, 2007, p.782).

A two-level hierarchical generalized linear model (HGLM) was proddiceeach
fiscal year. This model is a special type of HLM analysis, a nonlimedyss of binary
or multinomial outcome (criterion) variables with count/ordinal data (Raudenbush &
Bryk, 2002). In this HGLM analysis, clients were “nested” in their home stadearthey
received VR services, and either achieved case closure in self-emplqgoued as 1)
or closure in other employment (coded as 0) that occurred after a cons80utiag case
employment period. The use of HGLM to analyze a binary outcome variable “.rs. affe
coherent modeling framework for multilevel data with nonlinear structural inadd
nonnormally distributed errors” (Raudenbush & Bryk, 2002, p.292).

The level-1 model of any HGLM contains three parts: sampling model, nonlinear

link function, and structural model. The sampling modéd;i$g; ~ B(m; ¢, ), where;

is the number of successes with a binomial distributiomimumber of trials ang,
probability of success (Raudenbush, Bryk, Cheong, Congdon, & du Toit, 2004). The
expected value of; is E(Y; |¢,) = m;¢, and variance i¥ar(Y; |4, ) =m;¢, 0—4;).
Becausem; =1, Y; may take on values of 1 or 0. This sampling model then becomes a

special type of binomial distribution, called a Bernoulli distribution (Raudenbush &

Bryk, 2002; Raudenbush et al., 2004). The sampling model for the Bernoulli distribution

is rewritten as: ProfY; = 1| 3,) = ¢, . The nonlinear link function ig = Iog(—1 ¢"¢ ] ,
-4,

which is a logit or log odds link function used to transform the predicted vial|uses
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nonlinear (Raudenbush et al., 2004). In this dissertation study, the link function

represented the log odds of VR clients achieving self-employment closweesy,

represented the probability of achieving self-employment closure witbs/aetween 0

and 1, and where #; represented the probability of achieving other employment

closure. Finally, the level-1 structural model comprised two steps. First, anditignal

model was specified in which the log odds of self-employment closure were ahatyze

an intercept without predictors. Second, a conditional model was specified in which the
log odds of self-employment were analyzed with predictors. This two-stepg¥ is
recommended by Raudenbush et al. (2004). The unconditional level-1 structural model is

written asn = f,; , whereg,; is the intercept. The conditional level-1 structural model is:

n; = Bo; + B (Gended; + B, (Ethnic); + B, (CostVR; + S, (EducAt); +
Bs; (PubSupp; + S, (SigDisab);

The level-1 structural model included an outcome variaglerepresenting the

log odds of VR clients in self-employment at closure. The six level-1 preslixtor

included gender, ethnicity, cost of VR services received, level of educatitmairent

at closure, dollar amount of public supports at closure, and significant-disatailitg.s

The CostVRandPubSuppredictors were centered with the group (i.e., state) mean.
Centering is used when 0 is not a meaningful value and to ensure stable estimation of
parameters (Raudenbush & Bryk, 2002). The subscrgserred to the VR client, the
level-1 unit of analysis. The subscrjpeferred to the state, the level-2 unit of analysis.

The six slopes?,; tofg;, represented the change in the log odds of self-employment
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closure associated with a unit increase in the corresponding preigtoholding

constant (i.e., controlling the effects of) the other predictors.

The HGLM at level-2 further analyzed each level-1 coefficiemis its own
“outcome” variable. At level-2, the unconditional modelig = 74, + Uy; - They,

intercept represented the mean log odds of self-employment closure tatessi$e

Uo; term represented the random effect (residual variance), which wasithant of

variability among states in their mean log odds of self-employment closure

Conditional Level-2 S, = yq, + 7o (AvgUnemp+ uy;
B =70 {level-1 Gender predictor}
Baj =720 {level-1 Ethnic predictor}
Bsj = 730 {level-1 CostVR predictor}
Bai =740 {level-1 EducAtt predictor}
Bsj = 7so {level-1 PubSupppredictor}
Bsi = Veo {level-1 SigDisab predictor}

In the conditional level-2 model, the lone predictor wagUnempa state’s
average annual unemployment rate. This predictor was grand-mean certtereg. T
intercept term represented the mean log odds of self-employment closanediowhite
male client who had received his home state’s average cost of VR senhose
educational attainment at closure was no more than a high-school level, whod&cgive
state’s average dollar amount of public supports at closure, who identified as ngtdavi
significant disability, and who lived in a state with a “typical”’ self-eoyphent closure

rate, a random effeaty; value of 0. Theu,; term represented random variation of the
intercepty,,, across states, controlling favgUnempThey,, slope term represented the

change in the log odds of self-employment closure associated with a unisencreiae
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unemployment rate for states with the samevalue. The remaining six terms, level-1
slopess;; toj;,;, became level-2 “outcome” variables with interceptsfo y,

respectively, but without thevgUnemppredictor. These intercepts represented the mean
change in the log odds of self-employment closure for VR clients in the same/sta

differed by one unit on the predictof,; to X, , holding constant the other fivg,
predictors and the,; value. These six slope coefficients, then, were tested in the model

as fixed effects at level-2, invariant across states (see Raudenbugh, & B32;
Raudenbush et al., 2004). The level-1 and level-2 conditional models produced the
following combined complete model:

M =Yoo + 7o:(AvgUnemp — GrandMeanAgUnemp) + y,,(Gende); +
720 (Ethnig); + 73, (CostVR —GroupMean@stVR ) + y,,(EducAt); +
7s0(PubSupp — GroupMeanRbSupp) + 74, (SigDisal); +uy;

The combined model represented all of the variables for individual characsgristi
but only two of three variables for level of supports and only one of three variables for
accountability systems. My final selection decision for the predictordased on model
parsimony for this HGLM analysis, to use as few variables as necéss#rg model to
explain the RSA data across the fiscal years, and guided by a priori halitfe
variables representing individual characteristics were the most importas to test.

Two results are produced in any HGLM, parameter estimates for a unfiespec
model and parameter estimates for a population-average model. Choosing a ntfalel as t
final result of the analysis is based upon the research questions specifiedafualjises
(Raudenbush & Bryk, 2002; Raudenbush et al., 2004), as suggested by the model names.

For this dissertation study, the unit-specific model was chosen because it wougd, ans
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for example, the question of how a state’s average annual unemployment rate might
affect log odds or likelihood of self-employment closure, holding constant the other

predictors and the level-2 random effect valug,. A population-average model would

answer a different question, for example, of how unemployment or how being male
versus female affects the nationwide log odds or likelihood of self-employinsntes,

holding constant the other predictors but ngt, the random effects across states.

For the unit-specific results, model-based standard errors and robust (or Huber
corrected) standard errors were compared. Considerable divergencenlbiseeerrors

is an indication of misspecification in the distributionugf random effects, which

would affect inferences about the, regression coefficients (Raudenbush & Bryk,

2002). Finally, the results were examined to assess how closely the levertear

followed the assumed variance of the sampling madgd, (1-4;) to determine either

over-dispersion (i.e., more than expected) or under-dispersion (i.e., less thaeadxpec

with level-1 scalar variance,*w; ,

(Raudenbush et al., 2004). All model parameters were

estimated with Penalized Quasi-Likelihood, a type of estimation that is “.ed bas

normal approximation to the restricted likelihood” (Raudenbush, et al., 2004, p.103).
SEM statistical modelingro answer the final three research questions, the RSA

data were exported to the Amos 17.0.2 statistical software (Arbuckle, 2008) faisnaly

with a type of Structural Equation Modeling (SEM) technique known as Condirgnat

Factor Analysis (CFA). The CFA model focused on the three factors adreplbyment

success in the conceptual model: individual characteristics, level of supports, and

accountability systems. Only clients with self-employment closure aathediscal years
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were included. These individuals achieved “self-employment successfiasdiby VR,
corresponding to the conceptual model for this dissertation study. The use of CFA is
appropriate “. . . when the researcher has some knowledge of the underlying latent
variable structure. Based on knowledge of theory, empirical research, or bothhke or s
postulates relations between the observed measures and the underlying faatars a pr
and then tests this hypothesized structure statistically” (Byrne, 1998, p.6).

A full latent variable CFA model was specified and tested with a measurement
model linking the observed variables to a factor and a structural model linkigeke t
factors to each other (see Byrne, 1998). In the measurement model, the observed
variables are “reflective indicators” (Kline, 2005, p.167), which are theorized to be
“caused” by two sources, their residuals (or error terms) and thedfattmse factors are
unobserved (or latent) variables. The indicators are endogenous variableg beeaus
“cause” is explained within the model, loading on a specified factor. In thetigtl
model, the factors are exogenous variables because they contribute tsahahg
values of other factors, but their own “cause” is external to the model (Byrne, 1998).

The measurement model for each fiscal year included specifyingigthnic
gender, educational attainment, and significant disability status as fazatord of the
individual characteristics factor. The cost of VR services, hours workéosate, and
weekly wages at closure variables were specified as three indicatbess#cond factor,
accountability systems. The number of VR services received, dollar amount of public
supports received, and number of medical supports were specified as thrdensdica
the third factor, level of supports. These indicators were selected becauserdede

previously (see Chapter Ill: Methods), they best represent, out of the vaiiakthe RSA

38



data, important theoretical underlying facets of their corresponding {se®Byrne,

1998; Kline, 2005). This three-factor CFA model is depicted in Figure 2.

Figure 2. Three-Factor CFA Model of Self-Employment Success for Individitls
Disabilities through VR from FY 2003 to FY 2007

1
Gender
1
. 1
Ethnicity
Individual {
Characteristics Education .
Attainment
1
Significant 1
Disability
CostVR 1
Services
Accountability Hours 1
Systems Worked
Weekly 1
Earnings
NumberVR 1
Services
Level of Medical 1
Supports Support
Public 1
Support

With 10 measured variables, 10(10+1)/2 = 55 variances and covariances were
estimable (see Byrne, 1998; Kline, 2005). In the specified CFA model, 19 paramet
were estimated: 7 direct regression paths from indicators to facadng@s), 6 indicator

residual variances, 3 factor covariances, and 3 factor variances. Oneioagrats for
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each factor was fixed to a value of 1.0, the “unit loading identification” or ULI @inst
(Kline, 2005, p.170) for the unstandardized coefficients required for model identificati
and scaling (i.e., assigning a metric). Residual variances for trgooateg indicators
were also constrained to 1.0 (Arbuckle, 2008; Arbuckle, 2009). These constraints were
not estimated. Thus, model degrees of freeditfinifere computed as 36 (55 minus 19),
producing a recursive model that was over-identified, a requirement for algtaimi
admissible model solution with more data observatidf)gtfan parameters freely
estimated (Byrne, 1998; Kline, 2005). All CFA model parameters wereatstinvith
Bayesian Estimation using the Markov-Chain Monte Carlo algorithm (Arbuckle, 2009).
The specified three-factor CFA model was also diagrammed as a nasittedm
model using the Linear Structural Relationships or LISREL symbolic notatioesibg
& van Thillo, 1972; Joreskog & S6rbom, 2009), which is based on matrix algebra. The
mathematical equation representing the general LISREL model faCfAsvas:
x=A,D+0,. Inthe equation represented each observed indicator variable, and the
three parameter matrices represented (1) Lanbdanatrix of coefficients of the
relationships between each observed indicator variable and its corresponding2actor
Phi @ matrix of the variances and covariances of factors; and (3) Theta®gltaatrix
of the variances and covariances of residual terms. In the diagrammezks)dtre
Roman letters denoted the observed endogenous variablesx,, ); the upper-case
Greek letters denoted the three parameter matrices. The internal elefribatthree
parameter matrices were denoted by lower-case Greek lettersergprg the estimated

parameters. The 0 values indicated that no estimates were specifiedvalbesl

represented the required constraints. The numeric subscripts indicated the row and
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column positions, respectively. The Phi and Theta-Delta matrices containgtienly

lower triangle because the upper triangle was redundantgg.gnd ¢,, ).

Measured variables A Lambda matrix @ Phi matrix
{lower triangle}
_Xl_ _/111 O O_
X, 1 0 O
Xq Ay 0 O
X, Ay 0 O
X ~ 0 4, O i} P
XG - O 1 O ¢21 ¢22 +
X7 O 272 O ¢31 ¢32 ¢33
Xg 0 0 A
X 0 0 /193
| X0 | 10 0 1]
©®, Theta-Delta matrix
{lower triangle}
1 -
01
0 01
0 001
0 00 0 65
0 00 00 6
0 00O0O0 O o6,
00000 O 0 6
00000 O O 0 ¥y
00000 0 0 O 0 By

A two-step test was conducted on the specified @fedlel for the five fiscal
years. First, the model was specified for VR ckanith self-employment closure across
the country. Second, clients with self-employmedasare were compared across the U.S.

Census Bureau’s four regions. Region 1 Northeaspecises Connecticut, Maine,
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Massachusetts, New Hampshire, New Jersey, New Yahknsylvania, Rhode Island,
and Vermont. Region 2 Midwest comprises lllinorgjiana, lowa, Kansas, Michigan,
Minnesota, Missouri, Nebraska, North Dakota, OBioyth Dakota, and Wisconsin.
Region 3 South comprises Alabama, Arkansas, Deigvizastrict of Columbia, Florida,
Georgia, Kentucky, Louisiana, Maryland, Mississjgyorth Carolina, Oklahoma, South
Carolina, Tennessee, Texas, Virginia, and WestiMagRegion 4 West comprises
Alaska, Arizona, California, Colorado, Hawaii, ldgtMontana, Nevada, New Mexico,
Oregon, Utah, Washington, and Wyoming (U.S. Celausau, 2010).

Model testing in SEM is used “. . . to determine goodness of fit between the
hypothesized model and the sample data . . . thidreecessarily be a discrepancy
between the two” (Byrne, 1998, p.7). Across the figcal years, the national CFA
models were assessed on four widely recommended ¢giitliness-of-fit indexes (see
Arbuckle, 2009; Byrne, 1998; Hu & Bentler, 1999jrd, 2005; McDonald & Ho, 2002).
Each fit index examines a different part of a made assigns a numerical value that is
unique to the index as a measure of the goodnesm@mess) of model fit.

The first model-fit index that was used to asskesGFA model was Pearson’s
likelihood Chi-Square or model Chi-Square which is used to test the fit between the

restricted covariance matrix, representing the thyggized (or predicted) structure of
relationships among the variables, and the unocéstfisample covariance matrix,

representing actual relationships among variallése observed data (Arbuckle, 2009;
Byrne, 1998). Ag* value increases, model fit becomes worse. Thistta however, is
highly sensitive to large sample sizes (Byrne, 199®ie, 2005). The modet® degrees

of freedom ¢f) is a measure of model parsimony (Arbuckle, 2008¢ dssociatep
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value indicates whether the specified model shbaldejected as a test of the null
hypothesis that the model has perfect fit (Byrrg98 Kline, 2005).

The second model-fit index used, Comparative Flein(CFl) is a fit statistic that
indicates the improvement in model fit of the spedimodel over the baseline or
independence model, which assumes no populaticariemees among the observed
variables. A CFI value of 0.90 or greater indicategod fit (Hu & Bentler, 1999). The
third model-fit index used, Root Mean Square EafoApproximation (RMSEA)
measures the discrepancy between the populatiarianece matrix and the specified
model (Byrne, 1998). A value of less than 0.05¢atks a good fit, a value of 0.05 to
0.08 indicates a reasonable fit, and a value df Orlgreater indicates a poor fit (Kline,
2005; McDonald & Ho, 2002). The fourth model-fidex used, Standardized Root Mean
Square Residual (SRMR) measures “. . . the meavlugbsorrelation residual, the
overall difference between the observed and predicbrrelations” (Kline, 2005, p.141),
with a value less than 0.10 “. . . generally coesed favorable” (Kline, 2005, p.141).

In each fiscal year, the four U.S. Census BureagidRe were compared for
model fit. This evaluation involved testing the amance of the CFA model across the
four regions (see Cheung & Rensvold, 2002; Hoyl®r&ith, 1994). Model invariance
testing comprises a hierarchical series or stefigimy certain model parameters to be
equal across comparison groups and determiningnwhetodel fit significantly changes
across those groups (Arbuckle, 2009; Cheung & Rids2002). The CFA model
invariance testing across the four regions inval&ylallowing freely estimated
parameters across the four regions, (2) fixingoalttadings, (3) fixing factor

covariances and variances, and (4) fixing residaahnces. Each step beginning with (3)
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included keeping the previous step(s) in place.gxample, in step 3, factor variances
and covariances were fixed to be equal acrossetiiernrs, and factor loadings (from step
2) were also kept fixed (e.g., the path from lexfedupports factor to public supports
indicator is the same weight value in the Northedseiwest, South, and West regions).

In the final step, indicator residuals were fixedl all previous steps held in place. Each

step was compared with the previous step for mbdehanges using Chi-Squayé

value (Ay?) and degrees of freedom (If), and CFI A CFl) and RMSEA A RMSEA)

fit indexes (see Arbuckle, 2009; Byrne, 1998; Clig&rRensvold, 2002; Kline 2005;
McDonald & Ho, 2002). The SRMR fit index was noedsn the model invariance
testing for the five fiscal years, FY 2003 to 20b&cause the index was unavailable; it
was only available and used in the CFA model tgsdtrthe national level.

For all statistical analyses in this dissertatitudyg, in both HLM and SEM, the
level of statistical significance,, (alpha) was initially set a priori at 0.01. Tle&ason for
setting this stringent alpha was the exploratotumeaof these analyses, preemptively
addressing possible nonnormality and attemptingitomize the inflation of Type |
Error (see Keppel & Wickens, 2004; Kerlinger & L@002; Pedhazur & Schmelkin,
1991). The initial alpha level, however, neededmaction in the SEM analysis because
statistical testing on the same RSA data occumszbt Testing was first conducted on
the entire CFA model across the fiscal years, bad subsequently conducted on the
same data in the multi-step model invariance arsabfsthe four U.S. Census Regions.
Thus, the corrected alpha for the model invariaeséng was 0.0025, which was

calculated by dividing 0.01 by 4, the number ofges the invariance procedure.
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CHAPTER IV
RESULTS

In this chapter, the results are reported for dataening and the HLM and SEM
statistical analyses to answer the six researchtigues for this dissertation study.
Data Screening

Data screening revealed that approximately onkreetpercent of analyzed
variables of RSA data across all five fiscal yeaese missing data. The missing data
were missing arbitrarily. The nature of the missilaga was determined to be missing at
random, or MAR (see Schafer & Graham, 2002). Thesmg values were then imputed
in the PASW Statistics GradPack 17.0 for WindowRSS, Inc., 2009) statistical
software program using the Multiple Imputation witlarkov-Chain Monte Carlo
iterative algorithm, a recommended imputation métfow continuous and categorical
variables with missing data that are MAR (Schafeé&ham, 2002).

The case summary of the four demographic predicegmesenting individual
characteristics is presented in Table 1. Resulisated that the largest number of
employment closure caseas)(occurred in FY 2003, with 214,982 closures, idahg
self-employment and other employment. The smatiestber of closures occurred in FY
2007, with 202,726 closures. Results indicatedttiiagender composition remained
unchanged across the fiscal years, with 54% maleléf6 female clients with case
closure. Across the fiscal years, the ethnicity position ranged from 23% to 27% of
nonwhite clients and 73% to 77% white clients. Slymificant-disability status
composition ranged from 7% to 9% of clients withawgignificant disability and 91% to

93% of clients with a significant disability. Thdwecational attainment composition
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ranged from 57% to 61% of clients with up to a kegihool level of education, and 39%

to 43% of clients with post high-school level oliedtion.

Table 1

Case Summary of Demographic Variables Represehtdigidual Characteristics

Variable (%)

RSA Fiscal Years

2003 2004 2005 2006 2007

Gender

female 46 46 46 46 46

male 54 54 54 54 54
Ethnicity

nonwhite 27 24 23 23 23

white 73 76 77 77 77
Significant
disability

no 9 9 8 8 7

yes 91 91 92 92 93
Educational
attainment

up to h.s. 61 60 59 58 57

post h.s. 39 40 41 42 43
Closure Totals 214982 210931 203820 202977 202726

The total number of VR cases for each fiscal yearesented in Appendix A,

this total includes self-employment closure, ottrmployment closure, and no closure.
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Descriptive statistics of the continuous varialaes presented in Table 2 for the
five fiscal years. Results indicated the mddl fotal number of VR services for clients
ranged from 4.22 to 4.50, with a range of standandations $D) from 2.16 to 2.25. The
mean M) cost of VR services ranged from $3963.08 to $483,0with a range of
standard deviation$SQ) from 7193.72 to 8602.21. The medn) (monthly dollar amount
of public supports at closure ranged from $167@2$201.56, with a range of standard
deviations §D) from 330.79 to 377.08. The medv)(number of medical support
services at closure ranged from 0.72 to 0.77, witAnge of standard deviatior&l)
from 0.59 to 0.60. The meall) weekly earnings at closure ranged from $305.52 to
$349.10, with a range of standard deviatid®®B) (from 222.86 to 266.23. The meavi)(
number of hours worked in a typical week at closaregged from 31.37 to 31.77, with a
range of standard deviatiorS{) from 11.32 to 11.99. Dollar amounts were unaddst
Thus, direct comparisons were not possible ashheynot been indexed for inflation
(e.g., CPI) across the five-year span, FY 20030@/2in the analyses.

As indicated by their mea) and standard-deviatiosD) values, the three
“monetary” variables of cost of VR services, weegdrnings, and public supports, and
the variable of weekly hours worked showed somenaanality in their distributions, in
their skewness and kurtosis statistics. These olisgriptive statistics are presented in
Appendix B tables. Because the two distinct analyséM and SEM, were to be
conducted on the same data, stringent a priorl Eva&gnificance (alpha) for statistical
tests was applied to account for the effects ohoomality and potential inflation of
Type | Error. Also, the effects of any nonnormaiitguld appear in the model results and

would be addressed appropriately with further elation in subsequent chapters.
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Table 2
Descriptive Statistics of Service, Support, and Eypent Variables

RSA Fiscal Years

Variable 2003 2004 2005 2006 2007

M SD M SD M SD M SD M SD

Number
of VR 4.22 2.16 4.25 2.16 4.38 2.19 4.50 2.25 4.50 2.25
services

Cost of
VR 3963.08 7193.72 4021.22 7315.46 4403.75 8060.37 5.9839 8167.03 4810.98 8602.21
services

spljj;)plalgrts 167.91 330.79 167.26 336.51 177.61 346.89 190.4562.98 201.56 377.08
Number

of

medical 0.72 0.59 0.73 0.59 0.74 0.60 0.76 0.60 0.77 0.60
support

services

\é\é?re"lﬂés 305.52 22286 31257 232.26 32251 236.10 336.00 1.385 349.10 266.23
Weekly
hours 31.37 11.99 31.59 11.74 31.67 11.54 31.77 11.37 7331. 11.32
worked

Hierarchical Linear Modeling

To answer the first three research questionspddvel HGLM analysis was
conducted. The results of this analysis are desdrib the following sections, organized
by research question in sequential order and predam tables, from Table 3 to Table 7
for FY 2003 to FY 2007, respectively.

Research Question The first research question asked, “What are sogmt
predictors of self-employment case closure for iBs?” In FY 2003, the significant

predictors p<.001) of VR clients’ self-employment case closwexe gender

48



(B=-0.2710,SE=0.0301), ethnicity§=0.5889,SE=0.0412), cost of VR services
(B=0.00002,SE=0.000001), educational attainmeBt(0.2818,SE=0.0303), and public
supports B=0.00083 SE=0.00003).

In FY 2004, the significant predictorns<(.001) of VR clients’ self-employment
case closure were gend&=(-0.2624 SE=0.0310), ethnicity$=0.5471,SE=0.0431),
cost of VR servicesB=0.00002 SE=0.000001), educational attainmeBt(0.3162,
SE=0.0312), public support8€0.0007,SE=0.000035), and significant disability
(B=0.2429,SE=0.0586).

In FY 2005, the significant predictorns<{.001) of VR clients’ self-employment
case closure were gend&=(-0.2830,SE=0.0329), ethnicity§=0.6462,SE=0.0479),
cost of VR servicesB=0.00002 SE=0.000001), educational attainmeBt(.3059,
SE=0.0330), and public support8=<0.0008,SE=0.000035).

In FY 2006, the significant predictors<(.001) of VR clients’ self-employment
case closure were gend&=(-0.3017,SE=0.0338), ethnicity§=0.6437,SE=0.0489),
cost of VR servicesB=0.00002 SE=0.000001), educational attainmeBt(0.3004,
SE=0.0338), and public support8=0.0008,SE=0.00003).

In FY 2007, the significant predictors<(.001) of VR clients’ self-employment
case closure were gend&=(-0.3272,SE=0.0340), ethnicity§=0.5422,SE=0.0470),
cost of VR servicesB=0.00002 SE=0.000001), educational attainmeBt(.3105,
SE=0.0339), and public support8=£0.0007,SE=0.00003).

The average unemployment of sta&ggUnemyp, the lone level-2 predictor in

the HGLM analysis, was not statistically signifitamany fiscal year's model result.
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Table 3

Statistics for 2-Level HGLM Self-Employment ClosuréY 2003

Fixed Effect B SE df p Exp (B) RobusSE
Unconditional Model
Mean log odds
intercept v -3.8247 0.1054 50 <.001 0.0218 0.1044
Conditional Model
Mean log odds
Intercept Vs -4.3797 0.1199 49 <.001 0.0125 0.1720
AvgUnemp  y, 0.0105 0.0994 49 0.917 1.0105 0.1012
Gender Y10 -0.2710 0.0301 214974 <.001 0.7626 0.0322
Ethnic Y 20 0.5889 0.0412 214974 <.001 1.8020 0.0463
CostVR V30 0.00002 0.000001 214974 <.001 1.00002 0.000003
EducAtt Y a0 0.2818 0.0303 214974 <.001 1.3255 0.0769
PubSupp Vso 0.00083  0.00003 214974 <.001 1.0008 0.000054
SigDisab V60 0.0015 0.0522 214974 0.978 1.0015 0.1128
Random Effect Variance Component  y? df p
Unconditional Model
State mean log odds Uy, 0.5359 2319.05 50 <.001
Conditional Model
State mean log odds Uy, 0.5086 2404.81 49 <.001
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Table 4

Statistics for 2-Level HGLM Self-Employment ClosuféY 2004

Fixed Effect B SE df p Exp (B) RobusSE
Unconditional Model
Mean log odds
intercept v -3.8756 0.1029 50 <.001 0.0207 0.1019
Conditional Model
Mean log odds
Intercept v -4.6374 0.1237 49 <.001 0.0097 0.2246
AvgUnemp 7., -0.0031 0.0977 49 0.975 0.9969 0.0903
Gender 710 -0.2624 0.0310 210923 <.001 0.7692 0.0385
Ethnic ¥ 20 0.5471 0.0431 210923 <.001 1.7282 0.0751
CostVR 730 0.00002 0.000001 210923 <.001 1.00002 0.000002
EducAtt Va0 0.3162 0.0312 210923 <.001 1.3718 0.0901
PubSupp Vso 0.0007  0.000035 210923 <.001 1.0007 0.000064
SigDisab V6o 0.2429 0.0586 210923 <.001 1.2749 0.1360
Random Effect Variance Component  y? df p
Unconditional Model
State mean log odds Uy, 0.5096 2530.07 50 <.001
Conditional Model
State mean log odds Uy, 0.5085 2738.86 49 <.001
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Table 5

Statistics for 2-Level HGLM Self-Employment ClosuréY 2005

Fixed Effect B SE df p Exp (B) RobusSE
Unconditional Model
Mean log odds
intercept v -3.9948 0.1128 50 <.001 0.0184 0.1117
Conditional Model
Mean log odds
Intercept v -4.6526 0.1333 49 <.001 0.0095 0.2046
AvgUnemp 7., 0.0242 0.1183 49 0.839 1.0245 0.1354
Gender 710 -0.2830 0.0329 203812 <.001 0.7535 0.0539
Ethnic 720 0.6462 0.0479 203812 <.001 1.9082 0.0912
CostVR 730 0.00002 0.000001 203812 <.001 1.00002 0.000003
EducAtt Va0 0.3059 0.0330 203812 <.001 1.3578 0.0862
PubSupp Vso 0.0008 0.000035 203812 <.001 1.0008 0.000052
SigDisab Yo 0.0414 0.0615 203812 0.500 1.0423 0.1304
Random Effect Variance Component  y? df p
Unconditional Model
State mean log odds Uy, 0.6132 2576.53 50 <.001
Conditional Model
State mean log odds Uy, 0.5919 2687.89 49 <.001
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Table 6

Statistics for 2-Level HGLM Self-Employment ClosuréY 2006

Fixed Effect B SE df p Exp (B) RobusSE
Unconditional Model
Mean log odds
intercept v -4.0714 0.1236 50 <.001 0.0171 0.1224
Conditional Model
Mean log odds
Intercept v -4.6828 0.1433 49 <.001 0.0093 0.2343
AvgUnemp 7., 0.0709 0.1222 49 0.564 1.0735 0.1316
Gender 710 -0.3017 0.0338 202969 <.001 0.7395 0.0442
Ethnic 720 0.6437 0.0489 202969 <.001 1.9035 0.0831
CostVR 730 0.00002 0.000001 202969 <.001 1.00002 0.000002
EducAtt Va0 0.3004 0.0338 202969 <.001 1.3503 0.0827
PubSupp Vso 0.0008  0.00003 202969 <.001 1.0008 0.000055
SigDisab Yo -0.0075 0.0625 202969 0.904 0.9925 0.1429
Random Effect Variance Component  y? df p
Unconditional Model
State mean log odds Uy, 0.7409 3676.90 50 <.001
Conditional Model
State mean log odds Uy, 0.7192 3672.80 49 <.001
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Table 7

Statistics for 2-Level HGLM Self-Employment Closuré&Y 2007

Fixed Effect B SE df p Exp (B) RobusSE
Unconditional Model
Mean log odds
intercept v -4.0861 0.1146 50 <.001 0.0168 0.1135
Conditional Model
Mean log odds
Intercept Voo -4.6674 0.1376 49 <.001 0.0094 0.2438
AvgUnemp  y, 0.0146 0.1220 49 0.905 1.0148 0.1417
Gender Y10 -0.3272 0.0340 202718 <.001 0.7210 0.0439
Ethnic Y 20 0.5422 0.0470 202718 <.001 1.7198 0.0607
CostVR V30 0.00002 0.000001 202718 <.001 1.00002 0.000003
EducAtt Y a0 0.3105 0.0339 202718 <.001 1.3641 0.1031
PubSupp V0 0.0007 0.00003 202718 <.001 1.0007 0.00007
SigDisab V60 0.0735 0.0638 202718 0.250 1.0763 0.1420
Random Effect Variance Component  y? df p
Unconditional Model
State mean log odds Uy, 0.6322 3711.22 50 <.001
Conditional Model
State mean log odds Uy, 0.6368 3899.01 49 <.001
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Research Question Zhe second research question asked, “Do significant
predictors of self-employment case closure for ViBnts differ over time (e.g., multiple
fiscal years)?"The significant predictorg€.001) of self-employment closure for VR
clients differed only for FY 2004, when all six &vl predictors (gender, ethnicity, cost
of VR services, educational attainment, public sufg and significant disability status)
were statistically significant. In contrast, sigcéit disability status was not statistically
significant in the other fiscal years (FY 2003, E§O5, FY 2006, and FY 2007).

Research Question Zhe third research question asked, “Do significant
predictors of self-employment case closure for Vients differ depending on service
location?” The significant predictors of closuresgf-employment for FY 2003 were the
same across the states. For the educational atatrpredictor, however, the estimated
model-based standard err&@H=0.0303) and robust standard err8E£0.0769) differed
considerably, indicating possible significant diffieces in random effects among states
and misspecification in the random effects distitiu

The significant predictors of self-employment clesin FY 2004 were the same
across the states. The estimated model-based bustt standard errors, however,
differed considerably for these predictors: ettigionodel-basedSE=0.0431) and robust
(SE=0.0751); educational attainment model-bas#-0.0312) and robus65E&=0.0901);
and the significant disability status model-baseB-0.0586) and robus§E=0.1360)
errors. In addition, for significant disability stig, the estimated robust standard error
resulted in a statistically nonsignificant resolt the predictor. These differences
between the standard errors indicated possibldfisigmt differences in random effects

among states and misspecification in the randoecesffdistribution.
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The significant predictors of self-employment clesin FY 2005 were the same
for across the states. The estimated model-baskbanst standard errors, however,
differed considerably for these predictors: gendedel-basedSE=0.0329) and robust
(SE=0.0539); ethnicity model-basesiE=0.0479) and robus5E&=0.0912); educational
attainment model-base8E=0.0330) and robus5E=0.0862); and public supports
model-based3E=0.000035) and robusBE=0.000052). These differences between the
standard errors indicated possible significantedéhces in random effects among states
and misspecification in the random effects distiidiu

Significant predictors of self-employment closuneHY 2006 were the same
across the states. The estimated model-based huost istandard errors, however,
differed considerably for these predictors: gendedel-basedSE=0.0338) and robust
(SE=0.0442); ethnicity model-base8HE=0.0489) and robus5E=0.0831); educational
attainment model-base8E=0.0338) and robus5E=0.0827); and public supports
model-based3E=0.00003) and robus8E=0.000055). These differences between the
standard errors indicated possible significantedéhces in random effects among states
and misspecification in the random effects distitiu

Significant predictors of self-employment closuneRY 2007 were the same
across states. The estimated model-based and ibadard errors, however, differed
considerably for these predictors: gender modetth&E=0.0340) and robust
(SE=0.0439); ethnicity model-base8HE=0.0470) and robus85E=0.0607); educational
attainment model-base8E=0.0339) and robus5E=0.1031); and public supports

model-based3E=0.00003) and robus8E=0.00007). These differences between the
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standard errors indicated possible significantedé@hces among states in random effects
and misspecification in the random effects distiins.
Structural Equation Modeling

The specified CFA model to answer the final thesearch questions produced
an inadmissible solution (see Arbuckle, 2008),¢ating problems such as improper
estimates (e.g., negative variances, correlatidn@)>r correlations of exogenous
variables beyond a particular range that causesavariance matrix to be singular or
nonpositive definite (Joreskog & Sérbom, 1984, K|iR005). Therefore, a model
respecification was necessary (see Arbuckle, 2B9fhe, 1998; Kline, 2005).

In the model respecification, the previously spediffactors of accountability
systems and level of supports, and their indicaaadsresiduals, were retained, but the
individual characteristics factor was removed. The observed indicators of that former
factor were retained and respecified as exogenatahbles (previously endogenous).
The four variables were respecified not to corestatd respecified with regression paths
to the two factors. The two factors were respetifis both exogenous and endogenous

latent variables with disturbanceB (), which are residuals for endogenous variables

(Byrne, 1998; Kline, 2005). The required unit-laagliconstraints of 1.0 were applied to
the paths from disturbances to factors for scaimg identification. Disturbances were
also specified to correlate, to reflect the assionpt . . that the factors have common
omitted causes” (Kline, 2005, p.308). Residualsdost of VR Services and the Number
of VR Services (R3 and R4) indicators were spetifeecorrelate, to reflect the
assumption that cost of VR services is likely torelate positively with the number of

services. Depicted in Figure 3, this respecifiedlelés known as a “Multiple Indicators
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and Multiple Causes” or MIMIC model (Kline, 2005,1p4). Model parameters were

estimated in the AMOS 17.0.2 software with Maximuikelihood (Arbuckle, 2009).

Figure 3. Respecified MIMIC Model for FY 2003 to 2007
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Research Question #he fourth research question asked, “What is tteiomship
of individual characteristics, level of supportsdaccountability systems to
self-employment success?” The MIMIC model freelyneated 26 parameters, consisting
of 8 regression paths from the exogenous catedqmiedictors (i.e., structural weights),

4 regression paths from factors to indicators, (faetor loadings), 1 covariance between
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R3 and R4 residuals, 1 covariance between D_L3ais disturbances, 4 variances of
exogenous predictors, 2 variances of disturbararek6 variances of residuals. The
respecified recursive model was over-identifiedhv9 degrees of freedordf): 55
variances and covariances were available to beratstd for 10 observed variables
(10(10+1)/2), minus 26 freely-estimated paramgiszs Byrne, 1998; Kline 2005).

The MIMIC model in FY 2003N=4867) converged to an admissible solution.

The standardized (i.eX ~ N( «,o?), thenZ ~ N(0, 1)) regression estimates that were

statistically significantig<.001) included paths from significant disability t
accountability systems (-0.106), significant di$iapto level of supports (0.281), gender
to accountability systems (-0.220), educationaiathent to level of supports (0.206),
accountability systems to hours worked (0.869)pantability systems to weekly
earnings (0.582), level of supports to number ofséiRvices (0.251), level of supports to
public supports (0.652), and level of support talio@ supports (0.574). The estimated
correlations (i.e., standardized covariances) wapeificant £<.001) for R3 and R4
(0.224), and for D_AS and D_LS (-0.525). The estedarariances were significant
(p<.001) for gender (0.240), significant disabili®/@87), ethnicity (0.135), educational
attainment (0.249), D_AS (122.479), D_LS (0.118),(&2.296), R2 (61767.85), R3
(117672280.52), R4 (4.311), R5 (108229.49), and(R&72).

In FY 2004, the MIMIC modelN=4568) converged to an admissible solution.
The significant <.001) standardized regression estimates includddsgrom
significant disability to accountability system8.¢15), significant disability to level of
supports (0.233), gender to accountability systeh&08), educational attainment to

level of supports (0.188), accountability systembdurs worked (0.901), accountability
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systems to weekly earnings (0.450), level of suggmrnumber of VR services (0.239),
level of support to public supports (0.709), anceleof support to medical supports
(0.604). Estimated correlations were significgrat.001) for R3 and R4 (0.239), and for
D_AS and D_LS (-0.473). Estimated variances weagriicant (p<.001) for significant
disability (0.074), gender (0.240), ethnicity (2)3educational attainment (0.250),
D_AS (136.133), D_LS (0.138), R1 (33.386), R2 (13620), R3 (119812651.58), R4
(4.615), R5 (96685.56), and R6 (0.264).

In FY 2005, the MIMIC modelN=4078) converged to an admissible solution.
Significant <.001) standardized regression estimates includétsgrom significant
disability to accountability systems (-0.124), sigant disability to level of supports
(0.251), gender to accountability systems (-0.18dycational attainment to level of
supports (0.227), accountability systems to howsked (0.866), accountability systems
to weekly earnings (0.606), level of supports tmber of VR services (0.239), level of
support to public supports (0.733), and level giiart to medical supports (0.617).
Estimated correlations were significap&(001) for R3 and R4 (0.224), and for D_AS
and D_LS (-0.469). Estimated variances were sicgmii ¢<.001) for significant
disability (0.078), gender (0.239), ethnicity (B),leducational attainment (0.250),
D_AS (125.922), D_LS (0.147), R1 (44.228), R2 (5796), R3 (159356917.81), R4
(4.196), R5 (91823.28), and R6 (0.271).

In FY 2006, the MIMIC modelN=3903) converged to an admissible solution.
Significant <.001) standardized regression estimates includédsgrom significant
disability to accountability systems (-0.126), sigant disability to level of supports

(0.254), gender to accountability systems (-0.1&@8)cational attainment to level of
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supports (0.197), accountability systems to howsked (0.894), accountability systems
to weekly earnings (0.530), level of supports tmber of VR services (0.274), level of
support to public supports (0.710), and level giimart to medical supports (0.615).
Estimated correlations were significap&(001) for R3 and R4 (0.276), and for D_AS
and D_LS (-0.483). Estimated variances were sicgmii ¢<.001) for significant

disability (0.078), gender (0.238), ethnicity (00)2educational attainment (0.250),
D_AS (133.825), D_LS (0.151), R1 (35.115), R2 (9%248), R3 (107079214.75), R4
(4.338), R5 (121388.84), and R6 (0.277).

In FY 2007, the MIMIC modelN=3889) converged to an admissible solution.
Significant <.001) standardized regression estimates includddsgrom significant
disability to accountability systems (-0.126), sigant disability to level of supports
(0.237), gender to accountability systems (-0.28@ycational attainment to level of
supports (0.250), accountability systems to howsked (0.941), accountability systems
to weekly earnings (0.497), level of supports taber of VR services (0.280), level of
support to public supports (0.681), and level giimart to medical supports (0.592).
Estimated correlations were significap&(001) for R3 and R4 (0.221), and for D_AS
and D_LS (-0.478). Estimated variances were sicgmii 0<.001) for significant
disability (0.073), gender (0.237), ethnicity (01)3educational attainment (0.250),
D_AS (140.496), D_LS (0.134), R2 (138666.31), R89(120101.84), R4 (4.446), R5
(121554.49), and R6 (0.284); and R1 was not sicgnifi in FY 2007.

Table 8 contains the standardized estimates foretession paths; Table 9

contains estimates for the correlations and vaesnthe tables are followed by the

computed (not estimated) squared multiple cor@tat(R*) of endogenous variables.
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Table 8

MIMIC Model Standardized Regression Path EstimiiesY 2003 to FY 2007

Path* FY 2003 FY 2004 FY 2005 FY 2006 FY 2007
Sig Disab to
-0.106* -0.115* -0.124* -0.126* -0.126*
Acct Syst
Sig Disab to
0.281* 0.233* 0.251* 0.254* 0.237*
Level Supp
Gender to
-0.220* -0.208* -0.184* -0.176* -0.237*
Acct Syst
Gender to
-0.012 0.000 -0.013 -0.028 0.029
Level Supp
Ethn to
0.005 -0.005 0.014 0.006 -0.002
Acct Syst
Ethn to
0.036 0.021 0.049 0.023 0.016
Level Supp
Ed Attain to
-0.010 -0.041 -0.036 -0.026 -0.070
Acct Syst
Ed Attain to
0.206* 0.188* 0.227* 0.197* 0.250*
Level Supp
Acct Syst to
0.869* 0.901* 0.866* 0.894* 0.941*
Hrs Worked
Acct Syst to
) 0.582* 0.450% 0.606* 0.530* 0.497*
WKk Earnings
Acct Syst to
0.003 -0.006 0.033 -0.005 0.001
VR Svc Cost
Level Supp to
0.251* 0.239* 0.329* 0.274* 0.280*
Numb VR Svc
Level Supp to
0.652* 0.709* 0.733* 0.710%* 0.681*
Public Supp
Level Supp to
0.574* 0.604* 0.617* 0.615* 0.592*

Medical Supp

* Significant at p<.001
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Table 9

MIMIC Model Correlation and Variance Estimates Fof 2003 to FY 2007

Parameter* FY 2003 FY 2004 FY 2005 FY 2006 FY 2007
Correlations
R3 and R4 0.224* 0.239* 0.224* 0.276* 0.221*
B:f‘g to -0.525* -0.473* -0.469* -0.483* -0.478*
Variances
Sig Disab 0.087* 0.074* 0.078* 0.078* 0.073*
Gender 0.240* 0.240* 0.239* 0.238* 0.237*
Ethnicity 0.135* 0.132* 0.118* 0.120* 0.131*
Ed Attain 0.249* 0.250* 0.250* 0.250* 0.250*
D_AS 122.479* 136.133* 125.922* 133.825* 140.496*
D_LS 0.118* 0.138* 0.147* 0.151* 0.134*
R1 42.296* 33.386* 44.228* 35.115* 19.871
R 2 61767.85* 135954.20* 57963.06* 92486.77* 1388&6
R3 117672280.52* 119812651.58* 159356917.81* 10204.75* 159220101.84*
R4 4.311* 4.615* 4.196* 4.338* 4.446*
R5 108229.49* 96685.56* 91823.28* 121388.84* 12439*
R6 0.272* 0.264* 0.271* 0.277* 0.284*

* Significant at p<.001

Squared multiple correlation®&() indicated the proportion of variance explained

for endogenous variables. In FY 2083, values were: medical supports (0.330), public

supports (0.426), weekly earnings (0.339), hourskaa (0.755), cost of VR services

(0.000), number of VR services (0.063), level giarts (0.123), and accountability



systems (0.060). In FY 200B? were: medical supports (0.365), public supportsq8),
weekly earnings (0.203), hours worked (0.812), cd3R services (0.000), number of
VR services (0.057), level of supports (0.090), aocbuntability systems (0.058). In FY
2005,R* were: medical supports (0.381), public supports30), weekly earnings
(0.367), hours worked (0.750), cost of VR servi@801), number of VR services
(0.108), level of supports (0.117), and accounitgislystems (0.051). In FY 20082
were: medical supports (0.379), public supportsq@), weekly earnings (0.281), hours
worked (0.800), cost of VR services (0.000), nundfevR services (0.075), level of
supports (0.104), and accountability systems (Q.048Y 2007 R* were: medical
supports (0.350), public supports (0.463), weeklynmgs (0.247), hours worked (0.885),
cost of VR services (0.000), number of VR servige878), level of supports (0.120),

and accountability systems (0.077). ThRSevalues are all presented in Table 10.

Table 10
MIMIC Model Squared Multiple Correlations for FY @8 to FY 2007

Variable FY 2003 FY 2004 FY 2005 FY 2006 FY 2007
Medical Supp 0.330 0.365 0.381 0.379 0.350
Public Supp 0.426 0.503 0.537 0.504 0.463
Wk Earnings 0.339 0.203 0.367 0.281 0.247
Hrs Worked 0.755 0.812 0.750 0.800 0.885
Cost VR Svc 0.000 0.000 0.001 0.000 0.000
Numb VR Svc 0.063 0.057 0.108 0.075 0.078
Level Supp 0.123 0.090 0.117 0.104 0.120
Acct Syst 0.060 0.058 0.051 0.048 0.077
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Research Question Bhe fifth research question asked, “Does the @tatip of
individual characteristics, level of supports, @adountability systems to

self-employment success differ over time?” In FYX020the MIMIC model resulted

in Chi-Squarey 2 (29)= 496.088p <.001, with CFI=0.891, RMSEA=0.058, and

SRMR=0.0417. In FY 2004, the MIMIC model resulteg/ (29)=456.238p <.001,
with CFI=0.884, RMSEA=0.057, and SRMR=0.0409. In 2005, the MIMIC model

resulted iny* (29)=427.384p <.001, CFI=0.904, RMSEA=0.058, and SRMR=0.0402.

In FY 2006, the MIMIC model resulted jt (29)=480.463p <.001, with CFI=0.878,
RMSEA=0.063, and SRMR=0.0455. In FY 2007, the MIMt©del resulted in
7% (29)=537.189p <.001, with CFI=0.860, RMSEA=0.067, and SRMR=0.04B1e

MIMIC model fit was best in FY 2005, although somgsfit was present in each fiscal
year as indicated by the Chi-Square and CFI vallies.results of the model fit statistics

for the five fiscal years are presented in Table 11

Table 11
MIMIC Model Fit Statistics for FY 2003 to FY 2007

Fiscal Year 72 df p CFI RMSEA  SRMR
FY 2003 [=4867) 496.088 29 <.001 0.891 0.058 0.0417
FY 2004 [=4568) 456.238 29 <.001 0.884 0.057 0.0409
FY 2005 [N=4078) 427.384 29 <.001 0.904 0.058 0.0402
FY 2006 [=3903) 480.463 29 <.001 0.878 0.063 0.0455
FY 2007 [=3889) 537.189 29 <.001 0.860 0.067 0.0481
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Research Question Bhe sixth and final research question asked, “Does
relationship of individual characteristics, levélsopports, and accountability systems to
self-employment success differ by location?” Iclefiscal year, the MIMIC model was
tested for invariance across the four Census Regieith alpha correction for six steps:

01/6 = 0.00167. In FY 2003, the first step of theariance test, in which specified model
parameters were freely estimated for the regiaslted iny? (116)=496.622p<.001,
with CFI=0.903 and RMSEA=0.026, indicating reasdeabodel fit. Step 2 with fixed
factor loadings resulted jp” (128)=531.252p<.001, CFI=0.897, RMSEA=0.025, also
indicating reasonable fit. A small difference fratep 1 in CFI A CFI=0.006) and
RMSEA (ARMSEA=0.001) occurred, but the significant changgi(Ay*=34.63,

Adf=12,p<.001) indicated that the regions significantlyfeliéd in fit (see Cheung &

Rensvold, 2002). Step 3 with fixed structural wésgtand holding step 2 in place)
resulted iny” (152)=600.073p<.001; with CFI=0.886, and RMSEA=0.025, an increase
in model misfit. A small change occurred from s?eip CFI (A CFI=0.011), but a
significant change i? (Ay?=68.821,Adf =24, p<.001) indicated significant fit
differences among regions. Step 4 with fixed fagetances and covariances (and
holding steps 2 and 3 in place) resultedyin(164)=1994.048p<.001; CFI=0.546,

RMSEA=0.047, indicating poor overall model fit. ®durther invariance testing was

unnecessary (see Cheung & Rensvold, 2002). In fapgprting the testing outcomes,

however, step 5 resulted jp® (173)=2000.272p<.001; CFI=0.534, RMSEA=0.047.

Step 6 resulted ip® (194)=2502.452p<.001; CFI=0.411, RMSEA=0.049. The entire

results of the model invariance testing for FY 2@@8 presented in Table 12.
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Table 12
MIMIC Model Invariance Results for FY 2003

Invariance Comparison ;(2 df p CFlI RMSEA

National Model 496.088 29 <.001 0.891 0.058
Regional four-group model

1. All parameters freely

. 496.622 116 <.001 0.903 0.026
estimated

2. Fixed factor loadings 531.252 128 <.001 0.897 .029
3. Fixed structural weights ) 74 152 <.001 0.886 0.025
and #2

4. Fixed factor variances g9, 040 164 <.001 0.546 0.047
and covariances and #3

5. Fixed disturbances and #4 2000.272 173 <.001 340.5 0.047
6. Fixed residuals and #5 5y, 455 194 <.001 0.411 0.049

(fixed all parameters)

In FY 2004, the first step of the invariance testulted iny? (116)=505.124,
p<.001, CFI=0.892, RMSEA=0.027, indicating reasoaahbdel fit. Step 2 results were
7% (128)=567.595p<.001; CFI=0.879, RMSEA=0.027, indicating some maudisfit. A
small change from step 1 in CFA CFI=0.013) occurred, but a significant changg in

(Ay?=62.471,Adf=12,p<.001) indicated that the regions had become sagmifly
different from each other in model fit (see Chedngensvold, 2002). Step 3 results
werey?(152)=603.472p<.001; CFI=0.875, RMSEA=0.026, indicating an insiag
model misfit. A small change occurred from step £ZFI (A CFI=0.004) and RMSEA

(ARMSEA=0.001) and some changeyih (Ay>=35.877,Adf =24) indicated no
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significant change in fit from the previous stefeB4 results werg? (164)=1714.407,

p<.001, and CFI=0.571, RMSEA=0.046, indicating poeerall model fit. With an

increase in RMSEA and a significantly larger and low CFI (much less than the

recommended 0.90 or greater value), indicating pwerall model fit, further invariance

testing across the regions was unnecessary (sesgBeRensvold, 2002). In fully

reporting invariance test outcomes, however, stgg 6173)=1754.553p<.001;

CFI=0.563, RMSEA=0.045) and ste 6 (194)=3487.376p<.001; CFI=0.090,

RMSEA=0.061) indicated very poor overall fit. Thatiee results of the model invariance

testing for FY 2004 are presented in Table 13.

Table 13
MIMIC Model Invariance Results for FY 2004

Invariance Comparison ;(2 df p CFlI RMSEA
National Model 456.238 29 <.001 0.884 0.057
Regional four-group model

1. All parameters freely 505.124 116 <.001 0.892 0.027
estimated

2. Fixed factor loadings 567.595 128 <.001 0.879 .02
3. Fixed structural weights — ¢y3 47, 152 <001 0.875 0.026
and #2

4. Fixed factor variances 149, 147 164 <.001 0571 0.046
and covariances and #3

5. Fixed disturbances and #4 1754.553 173 <.001 630.5 0.045
6. Fixed residuals and #5 5,57 374 194 <.001 0.090 0.061

(fixed all parameters)
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In FY 2005, the first step of the invariance testulted iny? (116)=473.506,
p<.001, CFI=0.908, RMSEA=0.028, indicating reasoaahbdel fit. Step 2 results were
7% (128)=560.039p<.001, with CFI=0.888 and RMSEA=0.029, indicatimgne model
misfit. A small change from step 1 in CFA CFI=0.02) and RMSEAA RMSEA=0.001)
occurred, but a significant changeyih (Ay>=86.533,A df=12, p<.001) indicated that
the regions had become significantly different freach other in model fit (see Cheung
& Rensvold, 2002). Step 3 results werg(152)=594.766p<.001, with CFI=0.886 and
RMSEA=0.027, indicating an increasing model miglismall change occurred from

step 2 in CFl A CFI=0.002) and RMSEAA RMSEA=0.002) and some changeyih
(Ay?=34.727,Adf =24) indicated no significant change in fit frone threvious step.

Step 4 results werg® (164)=1399.947p<.001, with CFI=0.681 and RMSEA=0.043,
indicating poor overall model fit. With an increaseRMSEA and a significantly
largery® and low CFI (much less than the recommended Q.90eater value),

indicating poor overall model fit, further invariaatesting across the regions was

unnecessary (see Cheung & Rensvold, 2002). In fepgrting the model invariance
testing outcomes, however, step 5 resultegt1173)=1427.958 p<.001, with
CFI=0.676 and RMSEA=0.042. Step 6 resultegi11194)=2424.109p<.001, with

CFI=0.424 and RMSEA=0.053. The results of both &tepd step 6 of the invariance
test indicated very poor overall model fit acro$aaur regions. This was first indicated
by the poor model fit at step 4. The entire resoilthhe model invariance testing across

the four U.S. Census regions for FY 2005 are ptesen Table 14.
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Table 14
MIMIC Model Invariance Results for FY 2005

Invariance Comparison ;(2 df p CFlI RMSEA

National Model 427.384 29 <.001 0.904 0.058
Regional four-group model

1. All parameters freely

) 473506 116 <.001 0.908 0.028
estimated

2. Fixed factor loadings 560.039 128 <.001 0.888 .029
3. Fixed structural weights o 60 152 <.001 0.886 0.027
and #2

4. Fixed factor variances ) 399 947 164 <.001 0.681 0.043
and covariances and #3

5. Fixed disturbances and #4 1427.958 173 <.001 760.6 0.042
6. Fixed residuals and #5 ), ) 149 194 <.001 0.424 0.053

(fixed all parameters)

In FY 20086, the first step of the invariance testulted iny? (116)=530.201,
p<.001, CFI=0.883, RMSEA=0.030, indicating some nioahésfit. Step 2 results were
7°(128)=571.477p<.001, with CFI=0.875 and RMSEA=0.030, indicatingther
model misfit. A small change from step 1 in CRICFI=0.008) occurred, but a
significant change in® (Ay*=41.276,Adf=12, p<.001) indicated that the regions had
become significantly different from each other indual fit (see Cheung & Rensvold,
2002). Step 3 results weyé (152)=609.398p<.001, CFI=0.871 and RMSEA=0.028,
indicating an increasing model misfit. A small cgaroccurred from step 2 in CFl
(A CFI=0.004) and RMSEAARMSEA=0.002) and some changeyif (Ay*=37.921,

Adf =24) indicated no significant change in modelriarh the previous step. Step 4
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results were/? (164)=1717.144p<.001, with CFI=0.562 and RMSEA=0.049, indicating

poor overall model fit. With an increase in RMSEAdaa significantly largey® and low

CFI (much less than the recommended 0.90 or greabee), indicating poor overall
model fit, further invariance testing was unnecestsee Cheung & Rensvold, 2002). In

fully reporting the MIMIC model invariance testiogitcomes, however, step 5 results
were y*(173)=1759.490p<.001, with CFI=0.553 and RMSEA=0.048. Step 6 rasul
werey*(194)=2930.857 p<.001, with CFI=0.228 and RMSEA=0.060. Resultsteps

and step 6 of the invariance test indicated veoyr peerall model fit across all four
regions. This was first indicated by the poor mddedt step 4. The entire results of the

model invariance testing for FY 2006 are presemtelhble 15.

Table 15
MIMIC Model Invariance Results for FY 2006

Invariance Comparison ;(2 df p CFlI RMSEA

National Model 480.463 29 <.001 0.878 0.063
Regional four-group model

1. All parameters freely

. 530.201 116 <.001 0.883 0.030
estimated

2. Fixed factor loadings 571.477 128 <.001 0.875 0.030
3. Fixed structural weights g 394 152 <.001 0.871 0.028
and #2

4. Fixed factor variances 15, 144 164 <.001 0.562 0.049
and covariances and #3

5. Fixed disturbances and #4 1759.490 173 <.001 530.5 0.048
6. Fixed residuals and #5444 g57 194 <.001 0.228 0.060

(fixed all parameters)
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In FY 2007, the first step of the invariance testulted iny? (116)=626.552,
p<.001, CFI=0.859, RMSEA=0.034, already indicatingh® model misfit. Step 2 results
werey*(128)=712.755p<.001, with CFI=0.839 and RMSEA=0.034, indicatingtfier
model misfit. A small change from step 1 in CRICFI=0.020) occurred, but the
significant change i (Ay*=86.203,Adf=12, p<.001) indicated that the regions had
become significantly different from each other indual fit (see Cheung & Rensvold,
2002). Step 3 results weyé (152)=742.755p<.001, CFI=0.837 and RMSEA=0.032,
indicating an increasing model misfit. A small cgaroccurred from step 2 in CFl
(A CFI=0.002) and RMSEAARMSEA=0.002), and some changeyih (Ay*=30.00,

Adf =24) indicated no significant change in modelranh the previous step. Step 4
results wereg/? (164)=2135.369<.001, with CFI=0.456 and RMSEA=0.056, which
indicated very poor overall model fit across thgioas. With an increase in RMSEA and
a significantly largey? and low CFI (much less than the recommended Q. 9eater

value), indicating very poor overall model fit, fiaer invariance testing was unnecessary

(see Cheung & Rensvold, 2002). In fully reportihg invariance testing outcomes,
however, step 5 results weré(173)=2160.473p<.001, with CFI=0.452 and
RMSEA=0.054. Step 6 results weré(194)=2960.214 p<.001, with CFI=0.237 and

RMSEA=0.061. The results of both step 5 and steptbe model invariance testing
indicated very poor overall fit across all regiowkich was first indicated in step 4. The

entire results of the model invariance testingfgr2007 are presented in Table 16.
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Table 16
MIMIC Model Invariance Results for FY 2007

Invariance Comparison ;(2 df p CFlI RMSEA

National Model 537.189 29 <.001 0.860 0.067
Regional four-group model

1. All parameters freely

) 626.552 116 <.001 0.859 0.034
estimated

2. Fixed factor loadings 712.755 128 <.001 0.839 .030
3. Fixed structural weights 7, ;¢ 152 <.001 0.837 0.032
and #2

4. Fixed factor variances 5 509 164 <.001 0.456 0.056
and covariances and #3

5. Fixed disturbances and #4 2160.473 173 <.001 520.4 0.054
6. Fixed residuals and #5951 514 194 <.001 0.237 0.061

(fixed all parameters)

The nationall{l) and regional sample sizey for each fiscal year are presented in
Table 17. The largest group of VR case closuregiflemployment over the five fiscal
years occurred in FY 2003, with 4867 closures;stnallest occurred in FY 2007, with
3889 closures. The U.S. Census Region with thesangumber of self-employment
closures from FY 2003 to FY 2007 was Region 3 Sowith the largest regional number
of self-employment closures occurring in FY 20034339), at least twice the number of
any other region. Also, Region 3 South maintaimeditighest self-employment closure
rates across the fiscal years, with the highessratcurring in FY 2003 (1.09%) and FY
2004 (1.08%). This rate is based on the numbeeléesnployment closures out of the
total number of VR closures for all employment ames in a fiscal year (see Table 1).

These closure rates are displayed in Figure 4 mp@eregion (NE, MW, S, and W).
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Table 17
MIMIC Model National and Regional Sample SizesFaf 2003 to FY 2007

Sample FY 2003 FY 2004 FY 2005 FY 2006 FY 2007
Total N 4867 4568 4078 3903 3889
Region 1

714 583 539 463 433
Northeast (NE)
Region 2

) 1116 1001 845 820 921

Midwest (MW)
Region 3

2339 2280 2035 2004 1947
South (S)
Region 4

698 704 659 616 588
West (W)

Figure 4. VR Self-Employment FY Closure Rate (%)b$. Census Region
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CHAPTER V
DISCUSSION

In this chapter, the results of the HLM and SERtistical analyses are
interpreted, the limitations of the analyses arireed, and the implications for various
stakeholder groups are discussed in turn.

Hierarchical Linear Modeling

Research Question This question asked, “What are the significaedptors of
self-employment case closure for VR clients?” A 4step process in HGLM was utilized
to analyze the RSA data for each fiscal year, bysspecifying an unconditional model
to analyze the outcome variable without predictiméowed by a conditional model in
which predictors were specified. For the uncondalanodels across the five fiscal
years, the estimated log odds,, which are all statistically significanp<.001), range in
value from -4.0861 to -3.8247. This is an indicatibat closures are significantly more
likely for other employment (coded as 0) than felf-employment (coded as 1) in every
state. The estimated variance in the mean log ofisistesz,, , range from 0.5096 to
0.7409, are all significanp€.001), indicating significant differences amonatss.

In Table 3 to Table 7, Exp(B) is the Odds Ratiojchtare the relative odds
converted from log oddsy e®, whereeis the Euler value of approximately 2.7182818
and exponerB is the log-odds regression coefficient. Among unttittonal models, the
highest odds ratio of self-employment closure, 080®5% CI, 0.018 to 0.027), is
computed for FY 2003. Thus, for a state with a itgy self-employment closure rate, a

random effect,; value of O, the expected odds of self-employmeft0218, which

does not include the effects of predictors. Thafoisevery self-employment closure,
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approximately fifty closures would occur in othen@oyment (1/50=0.02). The 95%
confidence interval of 0.018 and 0.027 also indisdhat the proportion of intervals from
many (theoretically infinite) repeated trials ofstlanalysis that includes an odds ratio of
0.0218 will be approximately 95 percent. Finallye imeasure of over-dispersion and

under-dispersion of level-1 variance, scalar vagaromponent? ranges in value from

0.98 to 0.99, which is very close to 1.00, indiegtihat neither problematic dispersion
condition is likely to be present (Raudenbush gt24102).

The conditional models provide estimates of theddds of self-employment
closure of VR clients across states affected bysexlictors at level-1 and one predictor
at level-2 for each of the five fiscal years (se®l€ 3 to Table 7). The estimated log odds
of self-employmenty,,, ranging in value from -4.6828 to -4.3797, areistiaally
significant £<.001). This is the estimated log odds of self-ewpient closure for a
male, nonwhite VR client who received his state’srage cost of VR services, whose
educational attainment at closure was no more @haigh-school level, who received his
state’s average dollar amount of public supportdasure, who identified as not having a
significant disability, and lived in a state withug value of 0. His probability of closure
in self-employment in FY 2003 is 1/(1+ ExpB{4.379A 0.0124, or 1.24%. The log
odds also indicate VR clients are significantly mbkely to achieve closure in other
employment than in self-employment. The estimatedmvariance of the log odds,,
ranging from 0.5086 to 0.7192, are all significg®t.001), indicating significant
differences among states. This finding is conststeth a recent analysis by Revell et al.
(2009), who found that several states, Mississifyioming, Alaska, and Maine, have

had consistently higher rates of self-employmeseadosure than the other states.
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Among the significant predictorg<€.001) of self-employment closure across the
fiscal years, the strongest effects are foundydeioof strength, for ethnicity, educational
attainment, and gender. Ethnicity is associatet higher log odds of self-employment

closure, holding constant other predictors ancrdhelom effecty,; . The estimated

regression coefficient values of ethnicity,, representing the mean fixed slopes (i.e.,

unique effect of ethnicity fixed across statesjgefrom 0.5422 to 0.6462. The largest
ethnicity slope is 0.6462 in FY 2005, where a umitease in ethnicity of VR clients
(from 0 nonwhite to 1 white) increases the log odfdself-employment closure by
0.6462. The corresponding odds ratio is 1.9082 (€3%4.737, 2.096). White clients
have nearly a 91-percent increase in their odds mwewhite clients. The expected odds
of self-employment closure for white clients aramgdouble the expected odds for
nonwhite clients. Under the assumption of a nufidtizesis, the significanp<.001 value
indicates that in fewer than 1 in 1000 cases as oaliib of self-employment closure this
large will occur for nonwhite clients.

Educational attainment is associated with highgrddds of self-employment

closure, holding constant other predictors ancrdhelom effecty,; . The estimated

regression coefficient values of educational atteint,y,,, representing the mean fixed

slopes, range from 0.2818 to 0.3162 across thalfisars. The largest mean educational
attainment slope is 0.3162 in FY 2004, where aingiease in the predictor (from 0 up
to high school to 1 post-high school) increaseddgendds of self-employment closure
by 0.3162. The corresponding odds ratio is 1.3B584 Cl, 1.290, 1.458), indicating that
the expected odds of self-employment closure fientd with a post-high school level of

education are 1.37 times the expected odds famtslwith up to (but no more than) a
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high school level of education. Thus, the oddsetffemployment closure increase by
approximately 37 percent for clients with post-hggihool education. A strong link
between VR self-employment closure and post-hidgiloslceducation is also documented
in the empirical research literature (e.g.., Blaathl., 2000).

Gender is associated with lower log odds of selpleyment closure, holding

constant other predictors and the random efiegt, The estimated regression coefficient

values of gendey,,, representing the mean fixed slopes, range fro8272 to -0.2624.

The largest gender slope is -0.2624 in FY 2004 revhaunit increase in gender (from O
male to 1 female) decreases the log odds of sghlegment closure by 0.2624. The
corresponding odds ratio is 0.7692 (95% CI, 0.72817), indicating that the expected
odds of self-employment closure for female VR disegre 0.7692 times the expected
odds for male clients. Thus, the odds of self-eyplent closure decrease by nearly 23
percent for females. Conversely, an increase @23L2n the log odds for male clients
corresponds to an odds ratio of 1.3000, or a 30gmerincrease in odds for males.

The remaining significant predictors are the “mangtvariables, cost of VR
services and public supports. While these prediatannot be compared directly across
the fiscal years because the dollar values aradjasted for inflation, their effect on the
log odds of self-employment closure can be inteégokeCost of VR services is associated
with higher log odds of self-employment closureldiitg constant other predictors and

the random effect,; . Estimated regression coefficients of the predigtg, represent

the mean fixed slopes. In FY 2003, for example cibefficient of 0.00002 is the increase
in the log odds of self-employment closure assediatith a unit increase in the cost of

VR services. The corresponding odds ratio is 1.@000at is, if two VR clients are
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similar in the other ways but differ by one unitthie cost of VR services they received,
the odds of self-employment closure for the cligith the higher cost of VR services is
expected to be 1.00002 times the odds of the alghtthe lower cost of VR services. In
perspective, the standard deviation of this predicariable (see Table 1) in FY 2003 is
7193.72. Therefore, one standard deviation diffeeen the cost of VR services is
associated with a change in the log odds of 7193(020002) = 0.1439, which
corresponds to an odds ratio of 1.1548, or 15 pe¢loerease in odds.

Public supports associate with higher log oddstfemployment closure,

holding constant the other predictors and the rameffect,u,; . Estimated regression

coefficients of public supportg,,, represent the mean fixed slopes. In FY 2003, for

example, the coefficient of 0.00083 is the incre@deg odds associated with a unit
increase in public supports (dollars) received limnts. The corresponding odds ratio is
1.0008. That is, if two VR clients are similar hretother ways but differ by one unit on
the dollar amount of public supports they receitkd,odds of self-employment closure
for the client with the higher amount of public popts is expected to be 1.0008 times the
odds of the client with the lower amount of puldigpports. These effects are nonlinear
As an example, the aforementioned typical VR cliarEY 2003 with a unit increase in
public supports would have an expected log oddsAd3797 + 0.0008 = -4.3789, which
corresponds to an odds ratio of 0.012539 and agbeeldprobability of 1/(1+ Exp(B) of
4.3789) = 0.012384, or 1.23% . An additional undrease in public supports would
result in a predicted log odds of -4.3797 + (0.06AB0008) = -4.3781 with an odds ratio
of 0.012549 and a predicted probability of 1/(1+8%pof 4.3781) = 0.012394; these

probabilities are not additive however (e.g., 03842+ 0.012384 = 0.024768).
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The results of the HGLM analysis for Research Qaest reveal that while
individual characteristics place some VR clientsahof others in their likelihood of
case closure in self-employment (“success” in VRY that white male clients with a
post-high school level of education are most likelyachieve VR self-employment
closure, clients still are significantly more lilkgb achieve case closure in other
employment. Case closure in self-employment isgugtry rare occurrence overall
within VR, between 2% and 3% nationally since tite 1980s (Ipsen, Arnold, &
Colling, 2005; Schriner & Neath, 1996). The verwlmte of VR self-employment
closure, which has remained stably — perhaps reabbrk- over many years, could be
explained by bureaucratic inertia or other facteithin the VR system, in light of the
higher rates of self-employment for individualsiwitisabilities outside the VR system
(see President’s Committee on Employment of PeweftleDisabilities, 2000).

Research Question Zhis question asked, “Do significant predictofs o
self-employment case closure for VR clients ditiger time?” As first noted in the
previous chapter (Chapter 1V: Results) about tiiedinces between model-based
standard errors and robust standard errors, tlyeppoblematic result occurs for the
significant disability status predictor in FY 20@4dhere using the model-based standard
error (SE=0.0586) produces a significam(001) result, but using the robust standard
error SE=0.1360) produces a nonsignificant result. Bec#hisegoredictor is not
significant in any other fiscal year, caution mettaken in interpreting the model-based
result. The nonsignificant result is likely the i@t interpretation. In analyzing
differences between model-based and robust staedams, Raudenbush and Bryk

(2002) note “Large discrepancies typically signald@l misspecification” (p.278). While

80



the other significant predictors also have somieidihces between their model-based
and robust standard errors, their statisticalreesilts remain significanp€.001). The
fact that significant effects of ethnicity, gendeducational attainment, cost of VR
services, and public supports on the likelihoodelf-employment closure remain
consistent over multiple years is noteworthy, amgigests that while an empirical trend
analysis has not been conducted, at the very leasgdel trend could be considered.
Research Question Fhis question asked, “Do significant predictofs o
self-employment case closure for VR clients ditfepending on service location?”
Significant predictors of self-employment case atesor VR clients do not differ across

states. In addition, th&,; (log odds) state-level intercepts across the ffigears, in the

unconditional and conditional models, range frotht®.95, indicating a high degree of
reliability of estimates of these intercepts. Rality is based on the precision of
estimation of a regression equation for each statehow much variability of the “true
underlying parameters” (Raudenbush & Bryk, 20029poccurs across states. The

precision in estimating,; intercepts is dependent on sample size within etatk

(Raudenbush & Bryk, 2002). As noted previouslyheRSA fiscal year data contains
more than 200,000 cases of VR employment closilitess parameter-estimate solutions
across all the fiscal years in the unconditiona eonditional models also were all
reached within eight macro iterations, a relativelgid solution. The quick convergence
to solutions suggests that these model parametroadifficult to estimate. These
results are not suggesting, however, that a statdie variation in the slopes (i.e.,
random effects of predictors which were not testeapt occurring. In fact, the

misspecification may be one indication of this g&hiiity — and the need to test these
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random effects. Certainly, some states, such asMexico, Hawaii, and California, are
more ethnically heterogeneous in their populati@ntother states, and the strength of
the ethnicity effect on self-employment closureldorary significantly across states.
These differences, in terms of the odds-ratiosviote and nonwhite clients, could mean
that in a more homogenous state, the odds of sgifayment closure for white clients
over nonwhite clients are significantly greatemtiaa more heterogeneous state.
Structural Equation Modeling

Research Question Zhis question asked, “What is the relationshimpdividual
characteristics, level of supports, and accountglsiystems to self-employment
success?” The initial specified CFA model resuitedn inadmissible solution, which
then necessitated respecification based on thatingrthan by empirical methods based
on the data (e.g., use of Modification Indices)isTdpproach is used to avoid capitalizing
on chance, which reduces the generalizabilityradifigs (MacCallum, Roznowksi, &
Necowitz, 1992). The respecified SEM model, knowraaIMIC model, tested the
assumption that, for VR clients with self-employrmelosure in a given fiscal year, the
differences in specific individual characteristafggender, ethnicity, educational
attainment, and significant disability status wodiectly predict the two factors, level of
supports and accountability systems, which thenlavexplain variances of their
indicators and residuals, the latter accountingmMoat is left unexplained by the model.

The MIMIC model produced an admissible solutiondach fiscal year. The
model fit reasonably well in FY 2003 to FY 2005tindications of some misfit. The
model fit less well in FY 2006 and FY 2007, with mmenodel misfit according to the

four model-fit indexes used: Chi-Square (degredsegidom and p-value), CFl, RMSEA,
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and SRMR. McDonald and Ho (2002) assert, “The presef categorical variables or
indicators may cause nonnormality,” (p.70) but assert “. . . ML estimation and its
associated statistics seem fairly robust againshaenality” (p.70). This suggests that
the overall MIMIC model misfit is less likely expteed by the presence of the gender,
ethnicity, educational attainment, and significdisability variables or the nonnormality
among the “monetary” variables (weekly earningst ad VR services, and public
supports) and more likely to be found in some nasgjzation of the model itself. While
the model has captured some aspect of the relatmos$individual characteristics, level
of supports, and accountability systems to selflegmpent success through VR, it also
has left some of that relationship unexplainedsTheans that specifying different or
additional indicators and different factor struetis warranted (guided by theory) and is
likely to produce a MIMIC model with better fit the RSA data.

Research Question Fhis question asked, “Does the relationship divildual
characteristics, level of supports, and accountglsiystems to self-employment success
differ over time?” Notably across all five fiscatars, the same regression paths are
significant £<.001). For the exogenous variables predictingwltefactors, the paths
(known as structural weights) from significant digigy to accountability systems range
from -0.106 to -0.126, and the paths from signiftadisability to level of supports range
from 0.233 to 0.281. These coefficients represezdasurements of predictors’ direct
effects on the factors. Thus, among VR clients wéHl-employment closure, those
without a significant disability are significantigore likely to predict accountability
systems, and those with a significant disability significantly more likely to predict

level of supports. One explanation for these figdirs that (a) clients without a
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significant disability are more likely to work loaghours and have different intrinsic or
extrinsic motivation related to a number of potaingiains from self-employment (see
Chapter II: Literature Review), and (b) VR servieesl public supports are more likely
to accrue for clients with a significant disabildye to higher level of support needs
directly related to their disability condition asdlf-employment work requirements.

The path from gender to accountability systemsearigpm -0.176 to -0.237.
Thus, male clients (coded as 0) are significantbyenlikely to predict accountability
systems. An explanation of this result is that naéients are working more hours and
have higher average weekly earnings than femadatsli Also, the path from educational
attainment to level of supports ranges from 0.188.250. Thus, clients with post-high
school education are significantly more likely trdients with up-to-high school level of
education to predict level of supports. A posséiplanation of this result is that clients
with post-high school education have more infororaind awareness of services and
supports and will be more likely to self-advocaiethose needs in self-employment.

Interestingly, ethnicity has no significant effect accountability systems or level
of supports: white and nonwhite clients do notetifignificantly in predicting either
factor. Because the MIMIC model includes only dgewith self-employment closure,
this nonsignificant finding suggests that, perhaisnicity is more directly and
significantly predictive of the quality — not thenaunt or level — of supports, and more
predictive of other business-related factors thatat included here, beyond the three
variables of accountability systems that were aedyin the MIMIC model.

For the two exogenous factors predicting the endoge observed variables (i.e.,

factor loadings or measurement weights), the patims accountability systems to hours
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worked range from 0.866 to 0.941, accountabilitstems to weekly earnings range from
0.450 to 0.606, and accountability systems to cb$R services range from -0.006 to
0.033. Two of the three indicators for the accohitityt Systems factor are substantial,
significant direct effects in which the “causes’tioé observed endogenous variables,
hours worked and weekly earnings, are well expthinghe model. The direct effect on
the third indicator, cost of VR services, howeveminiscule (nearly zero); that the cost
of VR services has almost no relationship with iieelarnings or hours worked. The
paths from level of supports to number of VR segicange from 0.239 to 0.329, level of
supports to public supports range from 0.652 t8®.and level of supports to medical
supports range from 0.574 to 0.617. All three iathes are significant; these variables
have some relationship to each other. Public stppmd medical supports also have
moderately high factor loadings, meaning that t#eycapturing important facets of
accountability systems. Having all high indicatoadings for a factor represents strong
evidence of convergent validity (Byrne, 1998; Kli2005). Such evidence, though, is
lacking here as the number of VR services variabemoderately low loadings.

The correlations are significani<(001) for the same variables across the fiscal
years. The correlation between R3 and R4, theuabktdrms for the cost of VR services
and the number of VR services variables respegtivahge from 0.221 to 0.276. This
correlation represents the assumed relationshipdeet the two indicator variables. The
correlation between D_AS and D_LS, the disturbdaoms for accountability systems
and level of supports respectively, range from26.® -0.469. The substantial negative
correlation, indicating a strong inverse relatiapsbuggests the presence of common but

unanalyzed sources that “caused” these factordgse 2005), which are external to
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the model. These sources remain unexplained ayet amdefined, but nevertheless
impose a certain degree of detectable signifiaa#hience on the two factors.

The variances are significamg<(.001) for the same variables across the fiscal
years. Among the exogenous predictors, varianaesdaificant disability range from
0.073 to 0.087, variances for gender range frorB0ta 0.240, variances for ethnicity
range from 0.118 to 0.135, and variances for etutatattainment range from 0.249 to
0.250. Among the disturbances, the variances f&3(accountability systems factor)
range from 122.479 to 140.496, and the varianaeB f&.S (level of supports factor)
range from 0.118 to 0.151. Because these distuesaserve as factor residual terms, the
large variances indicate that much more of theavae of the accountability systems
factor is unexplained by the model. In additiorg thur exogenous predictors account for
much more of the explained variand@?] for the level of supports factor, even after the
correlation of the disturbance terms is taken adoount.

Variances are significanp€.001) for the same residuals across the fiscakyea
with one exception. The R1 variance (residual faurs worked) in FY 2007 (19.871) is
not significant. The variances for R1 range fronB¥Q to 44.228. The variances for R2
(residual for weekly earnings) range from 57963®638666.31. The variances for R3
(residual for cost of VR services) range from 1037214.75 to 159356917.81. The
variances for R4 (residual for number of VR sers)aange from 4.196 to 4.615. The
variances for R5 (residual for public supports)gaifrom 91823.28 to 121554.49. The
variances for R6 (residual for medical supportapeafrom 0.264 to 0.284. These large
residual variances are indicating that the MIMICdmlohas a significant amount of

unexplained variance — a strong indication of someelel misfit and misspecification.
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The squared multiple correlationBY) represent the variances explained for the
endogenous variables in the model, the factordlaidindicators. The explained
variances for the two factors, level of supporg (@ 12%) and accountability systems
(5% to 8%), are somewhat small. Among the indicaswiables, substantial variance is
explained in the model for medical supports (33%8&0), public supports (43% to
54%), weekly earnings (20% to 37%), and hours wibkk®&% to 88%). Conversely, very
little variance is explained for cost of VR sengdbetween zero and one-tenth of 1%) or
number of VR services; and both residual termsdRBR4) are correlated — a significant
(p<.001) but not substantial correlation. Thus, amdrents with self-employment
closure, the effect of VR services in cost and neind nearly undetectable, unlike the
effects of the non-VR variables, which are welllexped in the model. Another
interesting aspect of these results is that detgige residual variances for weekly
earnings (R2) and public supports (R5), thefrexplained variances are also significant
(p<.001) and substantial. This result is likely amotimdication and potential location of
model misspecification that was first indicatedthg four model-fit indexes.

Research Question @his question asked, “Does the relationship divildual
characteristics, level of supports, and accountglsiystems to self-employment success
differ by location?” From FY 2003 to FY 2007, threvariance testing of the MIMIC
model across the four U.S. Census Regions indita&she model only has reasonable
fit when the entire national data of self-employmansures are examined, as these data
are averaged across all four regions. The sigmifi@@.001) worsening in model fit
begins after the second step of testing in whiehféistor loadings are fixed to be equal

across regions. Clearly, the regions significaundlgy in the relationships among
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indicators of the same factor and their loadingshenfactor. Also for each fiscal year,
model fit becomes very poor at step 4, in whichidagariances and covariances of level
of supports and accountability systems are fixdoetequal across regions. This is very
strong evidence that the MIMIC model fails to eisdbmodel invariance across the four
regions for VR clients with case closure in selfpdmyment; and strong evidence for
both significant regional effects on the MIMIC mbdad some model misspecification.
The MIMIC model results suggest the misfit in FYOBGand FY 2007 is related
to sample-size differences among regions. For elgripge number of self-employment
closures for Region 3 South in FY 2006:2004) is more than double the number of
Region 2 Midwestr{=820), more than triple the number of Region 4 Wies616), and
more than quadruple the number of Region 1 NortHead63). Other state-specific
effects are present, but they are only indirecthasured as residual variances or as
unanalyzed (i.e., external) sources of model vianain FY 2003, the self-employment
closure rate of 1.08% (2339/214982) in the Sougtightly less than half of the overall
national rate of 2.26% (4867/214982). In each figear, the rate differences between
the South and the other regions are larger tharateedifferences among the other three
regions (see Figure 4). The fact that such subataagional differences have remained
rather consistent over time, as have the signifieffiects of certain predictors on the
likelihood of self-employment closure (HLM analysisould be explained by a number
of regional economic, cultural, and political fatehat differentially affect VR and
clients. While self-employment closure in VR rensa@rare occurrence relative to other
employment closures, VR in the South may be exegimore autonomy and flexibility

in clients’ employment cases that are driven bgr#laence of these factors.
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Limitations of this Dissertation Study

Pertaining to the first three research questiamsiesmodel misspecification in the
HGLM analysis may be present, suggested by diffsgeimn the model-based and robust
standard errors for some predictors across thalfy@ars. Although only one of the
predictors, significant disability status, was diigantly affected, additional predictors at
level-1 and level-2 are probably needed for impngunodel fit, such as age or SES or
other state-level economic covariates. Additioaaldom effects at level-2, such as those
for ethnicity and educational attainment, also ddué used. In this dissertation study,
only the intercept (log odds of self-employmentsci@) was specified to randomly vary
across states; the analysis was guided by a pesearch questions.

Pertaining to the final three research questithresinitial CFA model did not
converge to an admissible solution. The respecMédIC model did converge to an
admissible solution, but some model misfit wasceatkd, more in FY 2006 and FY
2007. The MIMIC model invariance testing acrossfthe U.S. Census Bureau regions
in each fiscal year indicated that the model fitsemed significantly when the factor
loadings (i.e., Lambda matrix) in step 2 and fagtmiances and covariances (i.e., Phi
matrix) in step 4 were fixed to be equal acrossé#ggons. In addition, the issue of
sample size may be especially relevant for the MINhvariance testing of the regions,
where the Northeast and the West regions condigtesdl much smaller samples of VR
clients with self-employment case closure thanSbeth region did in all five fiscal
years. The Maximum Likelihood estimation that isdiso estimate model parameters for
SEM analyses in the AMOS 17.0.2 software (usetli;dissertation study) is robust

against nonnormality (McDonald & Ho, 2002), but W®best in producing efficient and
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unbiased estimators for large samples (Kline, 20@bachnick & Fidell, 2007). The
sample sizes of the West and Northeast regionsaptplvould not qualify as “large.”

Using mathematical transformation to correct thenwomality in the data of the
“monetary” variables was not done because it wbialke changed the variables’ metric
unit (Kline, 2005; Raudenbush and Bryk, 2002; Tainéak & Fidell, 2007). For
example, if a Log Base 10 transformation had bese wn the data for the Cost of VR
Services variable, the metric unit would have bee6bog 10 dollars.” Such a change
would have been problematic in the interpretatiointhe model results. While the
nonnormality probably did not affect the HLM anasyst may have contributed to the
model misfit in the SEM analysis, specifically,thre MIMIC model invariance testing.

The final limitation of this dissertation studytige limited number of years of
data that were analyzed. The HLM and SEM analysbgiocluded five fiscal years, FY
2003 to FY 2007. Moreover, the RSA data were camstd by the limited number and
types of variables that constituted individual eut&eristics, level of supports, and
accountability systems for the conceptual framevadrthis dissertation study. More
important is that significant economic changes haoairred in the U.S. (and globally)
since 2007, most notably a major recession. Thexgmnclusions drawn from this
dissertation study may serve more appropriatelyoasext against which economic and
population changes affecting self-employment adras through VR agencies across the
U.S. are compared and understood in subsequernysasalf RSA data.
Implications of this Dissertation Study

This dissertation study has implications for selvstakeholder groups, including

researchers, VR, policy makers, and school prajasss.

90



Implications for researcher&Jnique in terms of its analytic approach and scope,
with more than a million cases analyzed acrossfisgal years with HLM and SEM
statistical techniques, this dissertation studeaty the importance of conducting regular
analysis of the RSA data. Because these data aféect an annual “census” of VR
services in the U.S., analyzing that data to unidedsself-employment and its correlates
at client and state levels and across regions {otipte years constitutes empirical
replications and cross validations. Researchersdhe use those analyses to develop and
test theories about self-employment of individwaith disabilities through VR.

Implications for vocational rehabilitatiarThe results of the analyses in this
dissertation study appear to confirm disparitie®agngroups found in other empirical
research studies on self-employment (see Chaptetdrature Review). Historically,
individuals with disabilities have had difficultyaming access to capital and loans for
self-employment through conventional means, suareasure capital firms or
commercial banks. These difficulties are similatitose that have been faced by women
and ethnic minorities (President’'s Committee on Exytpent of People with Disabilities,
2000). This knowledge could be used by VR in @ning of counselors and in
reviewing agency policies for supporting certaileris in self-employment.

Another important implication of this dissertatistudy for VR counselors and
administrators is the use of RSA data to assessires allocation, given the persistent
fiscal challenges for state VR agencies acrossdhatry. For example, knowing the
amount of resources that are used to support sliargelf-employment for a given year,
or how state support differs over time, could pdevan empirical basis for counselors

and administrators to plan ahead specific appr@achstrategies. Also, the fact that
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certain regions and states have had consistemhehself-employment closure rates
may prompt counselors or administrators to moreatioexamine why and how those
rates are occurring, and determine whether their palicies should change.
Implications for policy maker#\s indicated in the Literature Review (see
Chapter Il) and the statistical analyses of the RI8#a in this dissertation study, the rates
of VR self-employment case closure and their ptedschave remained consistent.
Perhaps not surprisingly, self-employment ratesridividuals with disabilities have
been higher outside the VR system (President’s Gttegron Employment of People
with Disabilities, 2000). This leads to a countettml argument, which is to provide
opportunities outside the VR system and then meabeir differences based on
sustainable long-term outcomes and cost/benefiysem In addition to its role through
the Small Business Development Centers, governpwitty makers also could expand
self-employment opportunities for individuals, fatample, by establishing public and
private partnerships with financial institutionsitincubate or build start-ups, modeled
after the microfinance development programs irfigld of international development
(Griffin & Hammis, 2008; Schriner & Neath, 1996hi$ model typically entails
financiers establishing funds that provide smahi®to businesses with five or fewer
employees (Griffin & Hammis, 2008; Schriner & Neat®96; Walls, Dowler,
Cordingly, Orslene, & Greer, 2001). The evaluatiohthese programs have described
success not only in terms of poverty alleviatioevelopment of business and technical
skills, and self-sufficiency, but also in termsseltf-determination, self-worth, and a sense

of community (Lewis, 2004; Niekerk, Lorenzo, & Métao, 2006; Schreiner, 1999).
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Implications for school professionalSchool professionals can play a major role
in preparing students with disabilities to expleedf-employment as a possible option in
adult life. Considering that the likelihood of selihployment success increases with
post-high school education, as indicated by theltesf this dissertation study and by
other empirical studies (see Chapter IlI: LiterafReview), the importance of school
professionals is manifest. Students’ required ttemmsplan in their Individualized
Education Program (IEP) should include provisiandavelop entrepreneurial and
business skills through coursework and experienpgbrtunities, such as internships or
mentorships similar to the “Partners for Youth witisabilities — Young Entrepreneurs
Project” in Boston (Snowden, 2003). School prof@sais should also prepare students
for post-high school education and training totfartdevelop necessary skills. Active
collaboration between school professionals andtisness community is essential, and
concrete planning among students, families, anddgirofessionals must be a priority.
Recommendations for Further Research

In the last twenty years, only a small numberl2) of U.S. empirical research
studies have been conducted on self-employmemidofiduals with disabilities. The fact
that the studies are empirical but nonexperimearidllargely descriptive suggests
research challenges ahead but also many oppoesiniiven the inchoate state of the
literature. Further examination of self-employmenit need to include international
comparisons, while reconciling cultural and legatidctions or contradistinctions.

This dissertation study leaves a number of compghireas yet to be explored. In
a subsequent analysis of the RSA data, for exarkigi&,M could include the effect of

age. Client age was provided only for the FY 208180, the interaction effects of
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ethnicity, gender, educational attainment, andhili$a status on self-employment
closure could be examined, recognizing that somteshave more heterogeneous
populations (e.g., Hawaii, California) than othitss (e.g., Wyoming, Idaho). To reduce
potential bias of level-1 estimates, particulariyhwespect to the variable of ethnicity
and educational attainment, models could also decthe random effect of ethnicity

(u,,;) at level-2, or a level-2 predictor to model treiability of different ethnicity
compositions of states, and the random effagt)(of educational attainment, or level-2

predictor to model the variability of educationgbanment composition across states.
What is also always important to keep in mind whealyzing these models, however, is
the parsimony principle: “Given two different moslelith similar explanatory power for
the same data, the simpler model is preferred’h@IR005, p.137).

Surprisingly, in the HGLM analysis, the yearly sage state unemployment rate,
AvgUnempwas not significant as a level-2 predictor of tmyls of self-employment
closure in any of the five fiscal years. Perhapsnt in a subsequent analysis of the RSA
data, a different level-2 predictor could be testedresenting a state’s cost of living or
another variable that is also related to a clied¢’sision to become self-employed, such
as the types of industries in a state. One of thestipns to answer is whether, as some
analysts have suggested, “. . . flows into selfdeyrpent occurs during recessions and
flows out of self-employment occurs during econoexpansions (e.g., Rissman, 2003,
as cited in Hipple, 2004, p.14). One caveat in r¢@a adding variables in HGLM is that
with a level-2 sample size of 51 (number of stated$ D.C.), the number of analyzed

predictors and random effects have to be limiteorder to produce a stable solution that
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converges after a reasonable number of iteratiotisreasonably unbiased and efficient
estimators (Raudenbush & Bryk, 2002). Again, mgadgksimony should be considered.

In a subsequent HGLM analysis, another type ofretton of model parameters
could be used, known as the “Laplace approximaifanaximum likelihood”
(Raudenbush et al., 2004) that utilizes the ExpectdMaximization (EM) algorithm.
Raudenbush et al. (2004) find that Laplace estondti. . produces a remarkably
accurate approximation to maximum likelihood (Mif)atl parameters” (p.109). That
HGLM analysis, then, can be compared to the ona tros dissertation study.

In a subsequent analysis of the RSA data with SiabHels could be specified
with correlated residuals, or different indicatorsstructural effects, for example,
removing the cost of VR services indicator or addarseparate factor for VR effects. For
the MIMIC models in FY 2003 to 2007, the Modifigati Indices reveals that certain
changes would significantly empirically improve nebéit. Such changes that are based
on data-driven empirical specification searchem(ékdata fishing/mining), however,
would not be theoretically defensible or scienéfig sound. Researchers caution the use
of such an approach because model changes woutdlzapon chance, and instead,
recommend changes guided by substantive theonystare model generalizability and
replicability (MacCallum et al., 1992). Modificatidndices from this dissertation study
could be used to derive theories, which then cbeltested on RSA data for future fiscal
years (see MacCallum et al., 1992). Equivalent rnspdéhich were not examined in this
dissertation study, also should be examined. Taesalternative models that do not
differ in fit from the original model, but are “. represented by different relationships

among the variables” (MacCallum, Wegener, Uchimal Babrigar, 1993, p.185), which
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change interpretations and meaning of the modettsire (MacCallum et al., 1993).
Finally, a subsequent analysis could specify aastftemative indicators for the two
model factors, accountability systems and levelugiports, instead of reflective
indicators, which was done in this dissertationnkative indicators are specified as
“causes” of a factor, which becomes a composientatariable with path arrows
pointing to the factor, not as “effects” with arrewointing to indicators (Kline, 2005).

Further analysis of the RSA data with SEM in Am@012 (Arbuckle, 2008)
could use Bayesian estimation, an alternative tgiiviam Likelihood estimation.
Bayesian estimation involves a process in whicha plistribution of a model’s
parameters and the observed data are combinedy®gs Bdeorem to produce a posterior
(updated) distribution of parameters, which aredusefinal results (point estimates) and
compared to the observed data for assessing mod&ilduckle, 2009). Bayesian
estimation considers “true” model parameter vahgeanknown and random with a joint
probability distribution, whereas Maximum Likelihd@stimation considers these values
as unknown but fixed (Arbuckle, 2009). Comparinguies of separate RSA data analyses
using Bayesian and Maximum Likelihood estimatiorthmods will be informative.

Future empirical research studies should examiétipact of new technology
on self-employment of individuals with disabilitieknis focus is particularly relevant
given the expansion of e-commerce or online comengr@., hosted turnkey) for selling
a range of products and services. For examplemguirieal study could examine the
relationship between accessibility and usabilityndérnet technology and outcomes in
self-employment; and compare across different tybdmisinesses and with traditional

wage/salary jobs, which are also being reshapaddhnological innovations. The new
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social-networking media are revolutionizing nicimel peer-to-peer marketing, and could
render self-employment as a catalyst for expandmgloyment opportunities and
improving socioeconomic outcomes of individualshadisabilities.

Moving forward, self-employment ought to be exardieenpirically as a
developmental process in longitudinal studies.r&Bdated by the conceptual framework
and implied by the results of this dissertatiordgtiself-employment is a complex
developmental process that cannot be captured atdgand analyzed by empirical
research in the timeframe of a typical VR employtease, which is approximately 90
days of employment leading to case closure. Sigtioe timeframe is unlikely to reveal
significant findings for long-term self-employmeniccess, or the complex experiences
related to self-employment, for example, clientssiness development, perseverance,
resilience, and adaptability to changing natiomal enternational economies or specific
market conditions. Conceptualizing self-employmesa developmental process places
the emphasis on long-term and evolving individual Business outcomes over time as
core indicators of success. Research evaluatitimeabwa EWD program (Blanck et al.,
2000) is an example of an empirical longitudinadstwith qualitative and quantitative
data collection that examined the complexitiesatfFemployment. An accumulation of
such studies will improve our understanding ofdesffor sustaining self-employment
success beyond the VR case period. A further nsgqr will be to test (pre/post) the
effects and measure the magnitude of the effecspobgram or an intervention.
Eventually, with a substantial number of such stedmeta-analyses can be conducted to

derive broader theoretical explanations. Regardiesemplexity, all of these empirical
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studies should strive to accumulate valid and bé&i@vidence through rigorous and
systematic design, data collection, and analyiadsh, Cook, & Campbell, 2002).

While first of its kind, this dissertation studybg no means conclusive. It
involved statistical analyses of national VR datafive recent fiscal years, but no causal
inferences should be drawn. Moreover, as Gelmad7(20otes, “All models are wrong,
and the purpose of model checking (as we understgischot to reject a model but
rather to understand the ways in which it doedihtite data” (p.349). This dissertation
study sought statistical models to explain VR dlemd state effects on self-employment.
Although compelling results were found, this stiglpot advocating self-employment
for individuals with disabilities through VR ageasias a superior employment
alternative in every situation without regard t@ed®er avocation. The contributions of
this study to the extant literature emphasizeitilerig of empirical research to continual
improvement in practice and policy for self-emplamhof individuals with disabilities
through state VR agencies across regions and tire eauntry.

Self-employment of individuals with disabilitiesttugh VR agencies across the
U.S. is still a rare occurrence compared to otyyged of employment. Yet, it is one
particularly powerful way for individuals with dikgities to experience personal and
emotional fulfillment, enhanced self-determinatiself-esteem, and self-efficacy, and
accrue financial benefits. Self-employment can afsar communities to foster broader
inclusivity and fuller participation, which will seilt in the increased social integration of

individuals with disabilities and individuals withbdisabilities — a greater social benefit.

98



APPENDIX A

CASE STATUS OF VR CLIENTS

Table A
Case Status of VR Clients

Case Status (n) FY 2003 FY 2004 FY 2005 FY 2006 2B§7
Self-employment
4867 4586 4078 3903 3889

closure
Other employment

210115 206345 199742 199074 198837
closure
No employment

429012 436665 405681 406390 389696
closure
Total Cases (N) 643994 647596 609501 609367 592422
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APPENDIX B

ADDITIONAL DESCRIPTIVE STATISTICS

Table B1
Additional Descriptive Statistics — FY 2003

Variable Minimum Maximum Skewness Kurtosis
Number of VR services 0 22 0.981 1.852
Cost of VR services 0 604973 10.143 352.955
Public supports 0 10567 2.594 15.714
SNeurr\Zggg of medical support 0 5 0.311 0.412
Weekly earnings 0 8139 3.029 32.337
Weekly hours worked 0 99 -0.978 0.490
Table B2
Additional Descriptive Statistics — FY 2004

Variable Minimum Maximum Skewness Kurtosis
Number of VR services 1 22 0.918 1.445
Cost of VR services 0 431796 8.990 188.086
Public supports 0 9999 2.683 16.659
SN;rrJ}gg; of medical support 0 5 0.366 0.697
Weekly earnings 0 9999 3.809 62.163
Weekly hours worked 0 99 -0.935 0.495
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Table B3
Additional Descriptive Statistics — FY 2005

Variable Minimum Maximum Skewness Kurtosis
Number of VR services 1 22 0.890 1.360
Cost of VR services 0 620229 11.552 399.036
Public supports 0 9999 2.393 10.133
SNeurr\Zggg of medical support 0 5 0.368 0.695
Weekly earnings 0 6250 2.705 19.925
Weekly hours worked 0 99 -0.908 0.471
Table B4
Additional Descriptive Statistics — FY 2006

Variable Minimum Maximum Skewness Kurtosis
Number of VR services 1 22 0.839 1.156
Cost of VR services 0 442284 9.179 196.478
Public supports 0 8672 2.286 8.152
SN:rrJ}gg; of medical support 0 5 0.317 0.565
Weekly earnings 0 9999 3.302 40.262
Weekly hours worked 0 99 -0.861 0.454
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Table B5

Additional Descriptive Statistics — FY 2007

Maximum Skewness Kurtosis
Number of VR services 22 0.851 1.279
Cost of VR services 416299 8.984 176.050
Public supports 5956 2.210 6.774
SNeurr\Zggg of medical support 5 0.293 0.474
Weekly earnings 9999 3.813 52.800
Weekly hours worked 99 -0.838 0.445
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