ABSTRACT
MULLEN, TORREY RIESERHow Long Should we Follow the Leader? Using Latent
Growth Models of Longitudinal Leadership Performance Qkaon Predict Leader
Outcomes. (Under the direction of Samuel B. Pond anca@h&omew Craig.)

A paucity of research has examined longitudinal performamnd the predictive
ability of performance change on important outcomesadutfition, few studies have
investigated the effects of rater variables on perforemaner time and the effect of rater
group composition or rater perspective on longitudinal pevdmce ratings. The purpose
of this research was to investigate consequences relatatgtaharacteristics including
rater context, perspective and composition in the measmt and prediction of
longitudinal performance. Results suggested that longaiidelf-ratings, boss ratings,
and direct report ratings were equivalent. The resdiltsis study also concur with
earlier findings about the dynamic nature of performgmbereson, Bradley, Bliese &
Thoreson, 2004). Longitudinal change in performancefaasd for every leadership
performance factor in ratings from every rater grougtent growth curves for all rater
groups were remarkably similar although boss ratings shttveechost consistent
longitudinal change. Adding sector and/or subdivisioracates to the models improved
model fit for each rating source group. Using growth metmodeling with the rater
context covariates allowed the estimation of latde$ses that clarified the direction of
leadership performance growth. Results also indicatedrtportance of rater
composition. Direct reports who consistently ratesilgame leader tended to rate those
leaders more highly than the direct reports who ratiéerent leaders. Adding the
composition moderator variable to the boss rating mangdsoved model fit for four of

the five leadership performance models. The compositivar@ate also significantly



predicted the intercept and slope for boss ratings o€&tnd Character, suggesting that
obtaining leadership performance ratings from consistenebgdays an important role
in detecting linear change in leader performance, esjyeftaratings of Ethics and
Character. Leaders with positive development on EtmdsCharacter had higher
consensus performance scores, confirming past reseanvingtthat integrity and

ethical behavior are important characteristics in esgftil managers (Posner & Schmidt,

1984; Mortensen, Smith, & Cavanagh, 1989).
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CHAPTER ONE: INTRODUCTION

Overview of the Study

Until recently, most researchers investigating jobqrenfince have treated it as a
stable construct, measuring employee performance withisa-sectional design at only
one point in time. However, job performance is somegthinat evolves with time,
necessitating a longitudinal research design (Thoré&a@alley, Bliese & Thoreson,
2004). Past research has found that job performance aagecidiosyncratically and
systematically from one performance rating to anofHefmann, Jacobs, & Gerras,
1992; Ployhart & Hakel, 1998). Despite the fact that pastareh has shown evidence
of the dynamic nature of performance (Bass, 1962; DeadBe@hknett, & Russell, 1997,
Ghiselli, 1956; Ghiselli & Haire, 1960; Hofmann, Jacobs, &r@égr1992; Ployhart &
Hakel, 1998), a paucity of research has examined longituygentdrmance and the
predictive ability of performance change on importantomes.

Organizations have become increasingly reliant on saultce, or 360-degree,
performance appraisals and feedback programs. Givendingrdependence on
multiple raters and the importance of the job perforeeaconstruct, factors that influence
such performance ratings should be identified and quantiiedllén, Mount, & Goff,
2000). Little research has investigated the effectatef variables on performance over
time, especially concerning a leadership-rating dimensiahpear research has not
studied the effect of rater group composition or ratespeative on longitudinal
performance ratings. In a recent study, Scullen andagplies stated that “models
seeking to explain performance ratings should include faasssciated with the

perspective of the rater (p. 967).” Past researchhwasrsthat raters from different



organizational perspectives are attuned to differentvi@isa and thus provide unique
information in their ratings (Scullen et al., 2000).e3& researchers have made an urgent
call for additional research investigating the antecesdamti consequences of job
performance and rater perspective effects in multisoatoggs.

Past studies of cross-sectional job performance capsiié@hotograph of an ever
changing and evolving relationship, one that might lead$tlycassumptions about
performance appraisal and management systems. Thetmesssarch will answer calls
for the investigation of consequences related to ratacteristics including rater
context, perspective and composition in the measureamehprediction of longitudinal
performance. This research study will examine longiaicexecutive-level leadership
performance, its ability to predict objective performaaaecomes, and the moderating
effects of multiple raters in a larg@rtune 100 global communications firm. Essentially,
the study is designed to examine the validity of multise repeated measure leadership
performance appraisals in predicting promotion and job peence levels.

In addition to extending the research literaturefitigings of this study add
significantly to practice. For example, by examinihg bongitudinal effects of rater
group composition, this research will help an organizadetermine if it should require
that the same rater provide ratings to the same tgegetafter year in their performance
management system. It was expected that leadershipmarfoe change over time
would predict an executive’s promotion and job performandeomes. It was also
expected that the rate of performance change would diéf@rding to both rater

perspective and composition, such that utilizing consistgats across all measurement



intervals would prove critical to understanding the tiu@nge in leadership performance
and its resulting predictive ability.

General Research Questions

There are 7 research questions addressed by this studythdnelsneasurement
equivalence between rating source groups on the leadersfopnmence construct? 2) Is
there measurement equivalence across measurement osaasithe leadership
performance construct? 3) What form does the latemttgrourve take for leadership
performance over a multi-year period? 4) Are longitudeedership performance
trajectories similar for raters in different organiaaal perspectives (i.e., boss, self,
direct report)? 5) Is the rate of leadership performate/elopment contingent upon
rater composition (i.e., consistent or inconsistaters at each time interval)? 6) Are the
effects of the exogenous variables (i.e., rater compossector and subdivision)
partially or completely mediated by initial status amafsange in leadership performance
ratings? 7) Does change in leadership performance podgecitive performance
outcomes, such as promotion and consensus performaet® lev

Leadership performance appraisal data obtained over a pgmad combined with
second-order factor latent growth modeling (SOF LGM) hallused to test the research
guestions listed above. SOF LGM is a process that plaoasfiamatory factor analytic
structure on variables that are measured longitudin&iyF LGM allows for the
incorporation of hypothesized predictors and outcomes ofichahl differences in true
initial status and change in longitudinally measured léega It allows a test of the
hypothesis that longitudinal leadership performance mediatationships between rater

characteristics and objective performance variableseiiially, individual-level growth



trajectories will be fit to measures of leadership pennce over 3 measurement
occasions, and between-individual differences wilizeleled where the exogenous rater
variables are introduced as predictors of individual diffeesnn the leadership
performance growth trajectories.

Chapter 2 provides a background and rationale for pursuing eastiogquand
presents the research models to be tested. Chaptatsidassent the methodology and
analyses used to test the proposed models and the odsulise analyses. Finally,
Chapter 5 presents a discussion of the findings, implicaf the results, and

suggestions for future research.



CHAPTER TWO: RESEARCH LITERATURE REVIEWED

The following chapter will review the research literaton multisource feedback
systems, dynamic performance, rating source measureqgeialence, and latent
growth modeling. Multisource feedback systems have beemnmaportant piece of
many organizations’ performance management systemslb&eeis often given and
received annually, yet little research has examinedbtiggtudinal effects of providing
multisource feedback despite evidence that performarbgamic. When job
performance is considered a dynamic construct, evadupéarformance trends and their
resulting outcomes becomes essential. Researchsba®and that there may be
inequivalence among rating sources. While proponents d¢isowice feedback systems
point to the additional information gained by raters fidifferent organizational
perspectives, rating source inequivalence might obscurget’salongitudinal
performance trend if data from all rating sources slmoed. Before evaluating
individual performance trends and their resulting outcomeasunement equivalence of
the leadership performance construct across time ifgemuast first be established to
ensure that the same construct is measured and can beedrinpan year to year. Upon
finding measurement equivalence, the most appropriatefhayalyzing performance
trends with exogenous and outcome variables is secondfaoter latent growth
modeling. The following pages will elaborate upon the timagrovided above

beginning with a review of multisource feedback systems.



Multisource Feedback Systems

Job performance is central to most organizational paedaecisions, including
compensation, promotion, and retention practices andirm@ortant source of
developmental feedback (Borman, 1997). Multisource fedddztems, often called
360-degree feedback, have become increasingly popular, egpfeciddadership
development purposes (Avolio, Sosik, Jung, & Berson, 208@jpervisors, peers,
customers, direct reports, and the target each playriemgaoles in job performance
assessment (Borman, 1997; Scullen, Mount, & Goff, 2000). Méidand Atwater
(1998) estimated that 20 to 25 percent of organizations usesowrtte performance
ratings for developmental, learning, and/or performaneduation purposes, and every
year Fortune 500 companies spend hundreds of millions @frdddl implement feedback
programs.

According to Waldman and Atwater (1998), the multisodeegelback process
involves several steps in order to reach the goal ofawmpg leadership. First, the
organization must identify observable behaviors that goettant to the targets’ success
in the job. Next, the target is rated by any numbendi¥iduals, including self-ratings
and ratings made by supervisors, peers, direct reportsy ametmal and external
customers on an anonymous survey. Finally, the targeives a summary of the
responses in a report, often with averaged scoresdeamm rater group. In contrast to
other organizational development (OD) techniques, multisol@@dback is used to
change the behavior of the leader, not organizationai@®lor job design.

Much of the increase in multisource feedback popul@itue to the idea that

evaluating a target’s performance from different perspes can play a central role in



building a comprehensive picture of the target’s affactthers (Day & Lance, 2004).
Multisource feedback is used to increase the accuragyarfet’s self-perception and to
provide information about how others perceive the target®mvior (Waldman &
Atwater, 1998). Research has shown improvements inlbgeréormance following
multisource feedback (Atwater, Roush, & Fischthal, 1995).

To improve performance, the target must first understanolr tisr job performance
strengths and weaknesses. Evaluations from empleye®svork closely with the target
are effective at giving insight to strengths and weakng8esnan, 1997). Due to the
changing nature of jobs and increased teamwork, individuglst wwork more closely
with their peers, direct reports or customers rathan their supervisors; thus, a greater
number of vantage points with multisource feedback prawvideoader picture of the
target’s performance than traditional supervisor ratingaldwan & Atwater, 1998).

Information obtained from a multisource feedback procefdroeides the
opportunity for greater self-awareness and guides andabesithe target to change their
behavior. Unfortunately, individuals do not tend to evaltis¢enselves accurately or
similarly to how others evaluate them. Inaccuratesaiceptions are common because
coworkers, supervisors, peers, and others tend to withhgatine feedback because
they feel uncomfortable providing it (Waldman & Atwat&898). Even when others
provide negative feedback, it is unlikely to be delivered way that allows the target to
accept and efficiently use the information (Uggerslevusiy, 2002). Therefore, the
target suffers from a lack of information about how otlpengeive their behaviors, and

often develops an overly positive impression of their dehavior. Without proper



performance feedback, a leader’s self-perceptions mégiwin inaccurate and
inappropriate or unsuccessful behaviors might never change.

Unfortunately, others’ perceptions of a target’s behavightrbe more important
than the target’s self-perceptions. Others’ ratirfigstarget’s performance tend to relate
more closely to objective criteria than do the taggsélf-ratings (Waldman & Atwater,
1998). Recent studies have also suggested that targets lab® tinéir self-ratings
relative to others’ ratings have poorer performance amdeas effective than targets who
rate themselves in greater agreement with others atwéaYammarino, 1992). For a
leader who must interact with others in order to agudim organizational goals, others’
perceptions of his or her behavior are more importaatt the leader’s self-perceptions
because others’ perceptions are what influence hownet®will react to the leader’s
behavior (Kaplan & Kaiser, 2003).

Acknowledging the problems with obtaining accurate feedbaceioted above,
Waldman and Atwater (1998) espouse four different typésenfback that a target may
receive from a rating source (p. 83):

1. Confirmatory positive feedback;

2. Disconfirmatory negative feedback;

3. Confirmatory negative feedback; and

4. Disconfirmatory positive feedback.

Confirmatory positive and negative feedback occurs whenarget receives high or
low ratings respectively from a rating source, which core the target’s high or low
self-ratings. Disconfirmatory negative feedback ocehren the target receives ratings
that are lower than his or her self-ratings. Finaligconfirmatory positive feedback

occurs when the target’s self-ratings are lower tharratings he or she receives from

others. Targets will most readily accept confirmatmogitive feedback. This type of



feedback can positively reinforce already desirabl@abehs. However, the most
common type of feedback is disconfirmatory negativeldaekl. This type of feedback,
if accepted by the target as valid, is the most likeljnadivate changes in behavior.
Presumably, the discrepancy between self- and othegsarouses dissonance and
causes the target discomfort. To alleviate this disodnthe target will likely become
motivated to make behavioral corrections to minimizediscrepancy (Waldman &
Atwater, 1998).

Within the context of these four feedback orientatidaldman and Atwater (1998)
further list 7 potential benefits of multisource feedbge 7). Feedback promotes:
Enhanced organizational involvement of those asked to prowadedldback;
Positive reinforcement for leaders’ good performances;

Greater interest in feedback on the part of leaders;

Better communication between leaders and their fa@tswpeers, customers, and
superiors;

Improvements in leader behaviors;

Change in organizational culture toward more participati@hapenness; and
Additional sources of input into the formal performanppraisal process.

PwpE

No g

Despite the recent emphasis on employee participampowerment, and
satisfaction surveys, many employees do not truly belibat their input is valued by the
organization. Anonymous multisource feedback, howevevjges clear signals to
employees that their opinions are important. Consetplembst employees are eager to
provide ratings (Waldman & Atwater, 1998). Positive feettbzan be very reinforcing
and motivating, especially if it is unexpected. While pesifeedback might not indicate
needed behavioral change, it can motivate a leader t@irssach positive performance
so that he or she lives up to future expectations. Pe$gedback may also signal to a
leader that he or she no longer needs to spend as nieicticat or exert as much effort

on a behavior that he or she worried was being underpeébr This feedback might
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allow the leader to free cognitive resources and coretenvn other areas of weakness
(Kaplan & Kaiser, 2003).

Receiving constructive feedback often results in graaterest in subsequent
feedback. If a leader is motivated to make changesatteritial round of feedback, that
leader will often desire subsequent feedback after makoggtchanges to see if others
have perceived and appreciated the changes (Waldman &exfwi808). Multisource
feedback tends to stimulate greater communication betthegiarget and the raters as
well as the organization and its employees. Multisedeedback programs can create
opportunities for clarifying and strengthening an organizagizalues and vision by
stimulating conversations and discussions around tlpsest The feedback report can
also be a valuable tool for participative goal settingvbeh the target and his or her
supervisor (Waldman & Atwater, 1998).

Despite all of the benefits of multisource feedbdtlkjdman and Atwater (1998)
also highlight several potential hazards of such feedbHclater surveys are not kept
anonymous or very few raters are included in the ratarpggremployees who have
contributed to the process may worry about retribufb@poor ratings. Targets
receiving negative feedback may become defensive, may tigry the ratings, or may
suffer a blow to their self-esteem. Without proper seling or training, targets may
misinterpret ratings upon receiving feedback reports, grittey have difficulty
interpreting conflicting ratings from different groupBargets may also try to exert
pressure on employees to provide overly positive ratingb@fere ratings are requested
in order to receive higher scores. Such hazards nelyaifect the quality of feedback

and the integrity of the feedback process.
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The integrity of multisource feedback systems relieshe accuracy of the ratings
provided. Views on multisource ratings differ betweeiersce and practice; however
both perspectives rely on rating accuracy. Scientiferest places emphasis on rating
accuracy and minimizing error so that an accurate desceriptithe target's performance
is described. Practical views focus on the usefulneggeafitings in improving and
maintaining individual and organizational performance. kagood science that
supports practice is a foundational idea in industrial/orgéioinal psychology. Borman
(1997) suggests that one important place that science cpraatite is by assessing
whether additional rating sources provide incremental ¥gliByond ratings of a single
source. Each rating source should provide unique data oged$gperformance; thus,
multiple perspectives of a target’s behavior can leagtéater learning and appreciation
for different viewpoints. This assumption implies aigetr low to moderate interrater
agreement across sources and high interrater agreeiti@ntsources.

It is also generally assumed that the variance inrebdeerformance ratings is
accounted for by the target’s actual job performanceweder, a meta-analysis
conducted by Bommer and colleagues indicated that corremtedations between
ratings and objective job performance measures are medetith a mean correlation of
only .389 (Bommer, Johnson, Rich, Podsakoff, & MacKeriZ85). Objective
performance measures are assumed to be free of systéraatand random error
because they are not contaminated by an individual’'ss@sepportunities to observe
behavior. Bommer and colleagues concluded that ratingsrtdrmance cannot be
substituted for objective measures of performance, bubtthtmeasures might

contribute unique information about the performance consti@uten the growing



12

dependence on multiple raters and the importance gdltheerformance construct,
factors that influence such performance ratings ne¢leiluresearch (Scullen, Mount, &
Goff, 2000).

Wherry and Bartlett (1982) supported the idea that thiter&influence
performance ratings. These factors include the targetisal job performance, rater
biases in the observation and recall of that job perdmce, and measurement error. The
target’s performance is a function of true ability ptitade and the influence of the
environment. Raters observe a function of the taggetiformance as well as the bias of
observation. What the rater later recalls and repmrta performance appraisal is a result
of both their observations and their recall biasesullen and colleagues (2000)
examined a model that measured the rating variance assbuvith five factors similar
to the three factors described by Wherry and Bartlett (1i8&®)o separate samples of
managers from a wide variety of industries. These fiactors included the target's
general level of performance, the target’'s performamca specific dimension, the
rater’s idiosyncratic rating tendencies (i.e., halo lanéency error), the rater’s
organizational perspective (i.e., self, direct reporey @@d boss), and random
measurement error.

Results from the Scullen and colleagues study reveladeddiosyncratic rater effects
accounted for the largest percentage of variance in\@gseatings. Of the five factors
measured, idiosyncratic rater effects accounted for 62863% of the rating variance of
target performance in the two data sets, perspectivaefecounted for 9% and 7%,
general performance accounted for 13% and 14%, dimensiafalrpance accounted

for 8% and 11%, and measurement error accounted for 11% and B8syncratic
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effects in self-ratings accounting for the greatest (j7aftount of variance and boss
ratings accounted for the lowest (51%) among rater groRpsr ratings accounted for
62% variance and direct report ratings accounted for 64&tong rating groups in
organizational perspective, peer ratings accounted foved%nce, bosses accounted for
11%, and direct reports accounted for 17%. These efigotesent unique systematic
rating variance from within each rater perspective, an@omss rater perspectives. It
seems that bosses and direct reports have relate&ye perspectives when it comes to
rating the targets’ performance, meaning that each botéd unique and possibly
valuable information to understand a target’s performance.

The combined effects of the general and dimensional peaface factors accounted
for approximately 25% of the rating variance, less trahthat of the idiosyncratic rater
effects. Boss ratings of actual performance accouoteapproximately 27% of the
rating variance, which was the largest amount for atey erspective, but was followed
closely by peers. However, if perspective-related efface considered specific aspects
of the criterion space, and do not represent rater bipsgermance-related variance
increases to 38% for bosses and 31% for direct reporexe T$1no gain for peers
because their perspective effect was zero. Boss ratapgared the greatest amount of
performance-related variance while also being the ldastyncratic, meaning boss
ratings may be considered more valid than ratings &thvar rater sources. Specific
dimensional performance components contributed littlguenvariance beyond what was
accounted for by the general performance ratings. Raedamneffects accounted for
11% and 18% of rating variance in each sample, and tbetefif random measurement

error were similar across the different rater perspest Unfortunately, these results
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show that who is conducting performance ratings accdontsore variance than what is
actually being rated. The ratings in this study wereamger reflection of rater biases
than true performance.

Similar to the main finding in Scullen et al. (2000) tlsBd$yncratic rater effects
accounted for a very large proportion of performancagatariance, a meta-analysis
conducted by Viswesvaran, Ones, and Schmidt (1996) found tabP8bserved rating
variance was method related. While these conclusigidight a potential pitfall in
performance appraisal systems, they also embracedhef naultirater performance
feedback systems. Because of the large error comp@wenaging across multiple
raters serves to significantly reduce the effects of &ral random error (Scullen, et al.,
2000).

In part, multisource feedback systems have become paputang different
organizations due to their apparent ability to capture uniqderpgnce perspectives
from different raters. For example, individuals migahave differently with peers than
with supervisors, thus peers might be better able taceatain aspects of performance
(Woehr, Sheehan, & Bennett, 2005). In addition, it is galygthought that feedback
will increase the target’s future performance by highlighperformance discrepancies.
Improvements in performance might come from an avem®nf self-other rating
discrepancies that help a target focus on areas foouaprent and increased attention
(Atwater, Waldman, Atwater, & Cartier, 2000). Constiuectfeedback results in greater
interest in subsequent feedback by motivating a leadeake whanges after an initial
round of feedback and seek further feedback after changesade to see if the

discrepancies remain (Waldman & Atwater, 1998). Sejitation theory (Higgins,
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1997) suggests that individuals are motivated to change behaworthey perceive
discrepancies between their desired goals and theimtyoreeformance. Striving to
reduce these performance-goal discrepancies by enhancitiggekisowledge or skills
(promotional regulatory focus) is likely to produce pesitthange over time (Klein &
Ziegert, 2004).

As stated by Avolio and colleagues (2003), after nearly siadies of leadership
development research, the field is finally beginningriewer one of leadership’s most
important questions: can leadership be developed over titog®ver, before we can
determine whether leadership can be developed, we must kieagdfrship performance
changes over time and if these changes can be refradagured. Klein and Ziegert
(2004) caution that leader development is a hypothesisader is thought to, over time,
improve existing skills and knowledge, gain new skills kmolwledge, and forget earlier
skills and knowledge. However, not all leaders becommee raffective with time. Some
leaders get worse and others do not change at all. Ther&lem and Ziegert (2004)
define leader change as the slope of multiple dimensibleader skills or knowledge
over time, not necessarily that the leader mustavgin effectiveness.

Dynamic Performance

Over time, a leader’s knowledge, skills and abilitiestevelop if the leader is to
become more effective. Performance feedback is gitem and received annually in
acknowledgment that the target’s performance changesyear to year. Otherwise, a
one-time performance review would be adequate. Howeveesearch has examined
the longitudinal effects of providing multisource feedbacépite evidence that

performance is dynamic, nor has research exploredchanges in performance over
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time are predictive of outcomes that are valuableg¢dgader and the organization such
as promotion and performance level. Motowidlo’s (2003ndefn of performance as
expected behavioral value to an organization over a sthpaaod of time underlines
the dynamic nature of performance. An individual's pariance might vary over time
due to changes in motivational factors and situatiomastcaints or due to training and
development efforts. In any case, the value of divitlual’'s behavior to an
organization does not depend on that individual's behavionatpoint in time, but rather
the expected outcomes of that behavior repeated over esaagions (Motowidlo,
2003).

Performance, including leadership performance, is besidgned a dynamic
construct (Thoreson, et al., 2004). Individual performaratéerns have been
investigated in several research studies, but littleédte has been focused on describing
or explaining the leadership growth process from this petispd®ay & Lance, 2004).
Unfortunately, we know very little about how leadershipmges individuals and how
these individuals influence their organizations. We kisow very little about the
leadership of senior executives (Avolio, Sosik, Jung, & @&r&003) despite some
research that suggests between 20% and 40% of an organizefients/eness is due to
executive leadership (Ireland & Hitt, 1999).

Leadership interventions using personality assessmentautidource feedback
have been shown to result in decreases in performarsmeme studies, including a meta-
analysis of the effects of performance feedback (Kl&gBeNisi, 1996). Feedback
might result in an immediate decline in performancdo¥add by a subsequent increase

in that performance once the target’s new knowledgeskills have become engrained
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(Klein & Ziegert, 2004). Evaluation efforts investigatiig teffects of feedback in
leadership development; however, are almost nonexiddayt& Lance, 2004; Klein &
Ziegert, 2004).

Numerous studies have shown that rank-ordered perfornchacges systematically
over time (Hofmann, Jacobs, & Baratta, 1993; Hofmanmhla& Gerras, 1992).
Personnel selection research has had to grapple witotheon problem of simplex
patterns of correlations where predictor-criterion reteghips are highest at Time 1 and
steadily deteriorate as the time between the predictd criterion increases (Schmitt,
Cortina, Ingerick, & Wiechman, 2003). Because inferencasetkefrom personnel
selection are always longitudinal, researchers rneéarther investigate the role that time
plays in selection models (Schmitt, et al., 2003). Intaag further research is needed to
investigate the nature of dynamic criteria to differantlaetween systematic change and
random within-person performance change (Deadrick et al., 1997)

When job performance is considered a dynamic conseuabjating performance
trends and their resulting outcomes becomes esseBtakral research attempts have
been made to understand the reasons behind performance chahgling moving
through different job or skill acquisition stages, individddéderences, and environmental
factors.

In examining the effects of job stages, Murphy (1989) usedatage model of job
performance that included transition and maintenangestaf performance. Transition
stages occur when a new employee enters a job oravheof the major duties or
responsibilities of a job change. Even when thdiftdoand description remain constant,

changes in job demands or the job environment can triggéer transition stages.
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Maintenance stages occur when employees are no loogtonted with novel job
demands such that their job tasks are well understabttamed (Deadrick, et al.,
1997). Performance during transition stages should be mablidy cognitive ability
while performance during maintenance stages should be falgdiby dispositional
characteristics. Individual performance trends will a¢epen individual differences in
performance stage as well as cognitive ability and digpoal characteristics (Murphy,
1989).

Kanfer and Ackerman (1989) developed a theory very similstutgphy’s (1989)
such that individuals are expected to have different cdtperformance during early and
later job stages. However, Kanfer and Ackerman atgith#se performance changes to
rates of skill acquisition rather than changes mgemands or the job environment.
These researchers argued that performance changes duringntiidtages of skill
acquisition: declarative knowledge, knowledge compilataom procedural knowledge.
Their model suggests that individual performance trenddetermined by an
employee’s stage of skill acquisition on the job &l as by individual differences in
ability and motivation. During the declarative knowledtgge, employees are still
learning the job, thus, performance is slow and an eraployight commit more frequent
errors. Cognitive ability and motivation are importamtlhetter performance at this
stage. Later, in the procedural knowledge stage, em@dyae become accustomed to
their job tasks and the organization’s rules and proceducéstlsat fast and accurate job
performance requires less attention, cognitive abihty motivation are less important,

and job skill becomes a primary determinant of job peréoice.
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More recent research conducted by Ployhart and Hakel (199&) Support for a
classic learning curve in a study investigating insurance paldormance over eight
consecutive business quarters in a sample of 303 secantgsts. Results using linear,
guadratic, and cubic models of performance showed sharpmparfoe increases in the
initial quarters followed by decelerated increases ifopeance in subsequent quarters.
Similarly, Thoreson and colleagues (2004) investigatedeiaéianship between
personality and sales performance growth in early dedda stages in a sample of 137
pharmaceutical sales representatives. Results iedithéat agreeableness and openness
to experience predicted performance growth in early jadpest while conscientiousness
predicted performance growth in later job stages evelele effects of job tenure were
statistically controlled. The relationship betweentpture and performance has been
shown to be initially positive and to then plateau (AwoWaldman, & McDaniel, 1990;
Schmidt, Hunter & Outerbridge, 1986). The results of theslies suggest that changes
in performance occur more dramatically in early jtdges and then decelerate in later
job stages.

Several research efforts have tested the argumanpéinformance changes over time
are due to individual differences in performance stagdsralividual differences in
abilities and dispositions. A group of researcherseretdrly 1990s examined individual
growth curves in major-league baseball players andn#ferance salespeople to increase
their understanding of dynamic performance (Hofmann, aé&Baratta, 1993;
Hofmann, Jacobs, & Gerras, 1992). Results from theskestindicated that intra-
individual performance changes were systematic and thatauyixof participants with

different change patterns could be identified. In a¥#lup to the Hofmann et al. studies
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(1992; 1993), Deadrick and colleagues (1997) used hierarchical lineatimgo(HLM)

to investigate the effects of general mental ability jabdenure to forecast performance
change. These researchers found that job experiedgesgohomotor ability were
positively related to initial levels of job performannea sample of 408 sewing machine
operators. General mental ability was positively dateel with performance increases
while previous job experience was negatively correlatéd performance increases.
The authors concluded that the abilities that determinedaidual’s performance over
time change. Despite the findings that individual déferes in ability and experience
were significantly correlated with performance trertsse factors only accounted for
5% of the variance in the rate of performance change. edsuned variables that
moderate performance change need to be further investig@aeadrick, et al., 1997).
This research study will investigate rater and contextalahbles as possible moderators
of individual leadership performance development.

Klein and Ziegert (2004) propose that individual differences@ganizational
climate have indirect and moderating effects on leadange. An indirect effect of
personal characteristics such as self-monitoring, legroientation, self-efficacy, and
proactive behavior might influence whether a leadeksseballenging work assignments
and receives feedback and training. Individual differenaghtralso have a moderating
effect on leader change such that they conditiondelsaresponse to challenging work
assignments, feedback, and training. Organizational climigfiet have indirect effects
on leader change by influencing how leaders experience atatlenges, feedback, and
training while also having a moderating effect by influencirglés acquisition of new

skills and knowledge as a result of work challengesjidack, and training.
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An organization with a strong climate for leader develept should be expected to
reward leader change. However, organizations presemttimaum of rewards for leader
development. Organizations might reward and promote Ilealler to seniority, political
connections, or factors that have little relationshighuaader development.
Organizations might also reward and promote leaders dibe financial performance of
their units. Finally, an organization might truly rewardi promote leaders due to their
participation in leadership development programs and plesitive change in leadership
skills and knowledge (Klien & Ziegert, 2004). Following Kl@and Ziegert’'s (2004)
suggestion to use leadership measures derived from broad antbbdsrship
typologies, this study used a five-factor model of leadenshiformance that closely
coincides with well-researched leadership theoriess dproach is advantageous such
that it allows the comparison of a diverse group afié&es’ performances over time.
Unfortunately, this approach is not highly sensitive to @mext-specific changes that
may occur.

Past research has investigated the performance chanfgots eff job stages, skill
acquisition stages, individual differences, and environnhéatttors on a variety of
populations. These studies have found that changesfarrpance over time might be
due to changes in job demands, the job environment, ratalicdicquisition, challenge
and feedback seeking behaviors, and a leadership developimeaie. However, these
studies did not focus on leader development. The texadér development” suggests
that leaders improve over time; however, this remalasgely untested assertion (Klein
& Ziegert, 2004). One suggested reason for the lack ofriglaigedevelopment research

is the degree of difficulty it takes to model and measuh development. Day and
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Lance (2004) discussed nine issues concerning the conceptualemadioneasurement of
leadership development. These nine issues are brieflyssied here.

The first issue discussed by Day and Lance (2004) con@ardem versus
systematic change. Developing models and measureasdefhip performance is
hampered because leadership performance might fluctuatemnao might be so
prone to situational influences that no systematic geaiare possible to detect. On the
other hand, leadership performance might follow an orgdngetematic developmental
trajectory. Day and Lance note that change in lestiie performance must be modeled
on the basis of true leader performance scores onass rather than on measures
containing substantial measurement error. Unfortunatbnge in leadership
performance is often operationalized using observed mesahatcontain measurement
error and response biases in addition to true score c@n® Use of unreliable or
biased measures of leadership performance might consequelatliyue change.

Second, measuring lasting change in leadership performsadidécult because the
change might be reversible or irreversible. Thedner refresher training is an
acknowledgement that leaders might revert or relapseges prior to training
occurrence. Third, changes in leadership performance mayitaey or multipath. The
measurement of change must allow for the identificatiosubgroups or clusters of
individuals who share similar patterns of change. Fasrthe matter of continuous
versus discontinuous change. Most changes on psyctal@taracteristics are assumed
to be continuous; however, measurement models shouldd&oatétect discontinuous

change where appropriate.
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Fifth, change may be conceptualized as quantitative or guaitalhree types of
change can lead to differences in observed scoresimee(Golembiewski, Billingsley,

& Yeager, 1976). Alpha change is a true change in an unagmginstruct and requires
scale measurement non-invariance to interpret. Betiagehis a respondent’s
reconceptualization of the measurement scale (ieletigthening or shortening of
intervals between scale points) from one measuremiental to another despite
maintaining a constant conceptualization of the constrBeta change may occur due to
experiences between the two time periods and resudtsagpondent choosing different
item response categories from one measurement intertred next. Gamma change is a
fundamental change and qualitative redefinition in hoespondent understands and
defines a construct over time such as when an empfmyreeives that an organization is
more supportive after it provides job-related training (BhillKroustalis, Meade, &
Surface, 2006). Tests for beta and gamma change mustdigcteoh prior to assessing
longitudinal alpha change (e.qg., true change in leagepshformance) in order to allow
accurate comparisons between time intervals (Day &&a2004).

Sixth, change should be assessed at the individual and Igralipf analysis because
leadership concepts may be more theoretically meaniagtither the individual or
group level. It is important, therefore, that the sugament model should allow for
either possibility. Seventh is the idea that theeeiradividual differences in leadership
performance change. Individuals may differ in bothrtimtial status and their rate of
change, and exogenous variables may have effects erediffal growth patterns.

Eighth, concomitant, or tandem, changes in constsliald be part of a strategy for
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change assessment. Finally, models assessing chande isivestigate differential
change across groups.

In sum, Day and Lance (2004) note that the vast majfyudies assessing
longitudinal change use measurement techniques (i.e.jmde®cstatistics, change
scorest tests, ANOVA, lagged regression, and MANOVA) that doaddress the nine
criteria for an effective approach to longitudinal measent change described above.
Second-order factor latent growth modeling, however, Bilill of these criteria (Day &
Lance, 2004). For this reason, this research study weilB@F LGM when assessing
longitudinal leadership performance ratings. SOF LGMlaowl it addresses Day and
Lance’s (2004) nine criteria for the effective measureraéohange will be explained in
detail in a following section. In addition, the use ofsistent raters over rating time
periods has not been studied. This study investigatedp@tgpective and composition
(i.e., important idiosyncratic effects) using multisailengitudinal performance ratings
and SOF LGM.

Rating Source Agreement

Proponents of multisource feedback systems belleateatdditional information about
a target’s performance can be gained by using raters fifteredit organizational
perspectives. Job performance ratings are a functibath the rating source and the
dimensions of performance being measured (Woehr, SheelBenidett, 2005).
Multisource agreement in performance-rating systemféas well researched, and
most of this research indicates that individuals fobfferent organizational perspectives
view the performance of the target differently (Woelmeé&han, & Bennett, 2005). In a

meta-analysis conducted by Harris and Schaubroeck (1988katsads of job
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performance moderately correlated with supervisor rafings35) and peer ratings (r =
.36), but peer and supervisor ratings of the target’s peafacenwere correlated much
higher (r = .62). Several researchers have discusssdms for rating source
disagreement.

Waldman and Atwater (1998) present 8 factors that dmreito discrepancies
between rater groups. First, they note that indivilbaing rated tend to view
themselves positively, which might lead them to igndigtort, rationalize, or attach less
importance to negative information they might recei$&cond, raters’ reluctance to give
negative feedback perpetuates the target’s belief that $tee is performing better than
expected. Third, different rater sources also have uniqupgotnges on a target’s
behavior. Fourth, if raters believe that providing @gimwill affect important job-related
outcomes, raters might distort ratings toward theenpositive or negative end of the
rating scale depending on their motivation. Fifth, n&taight hold stereotypes or biases
about the target or their performance. Implicit tieabout leaders and their
performance might contribute to bias in their ratin§scth, raters might experience
different emotions while rating, such as fear of ratan from the target. Seventh,
attitudes, such as liking the target, might influence gatinFinally, cognitive processing
variables, such as selective attention, primacy, atehoy can affect information
recalled and, thus, rated. (Waldman & Atwater, 1998).

Further research exists and has found, for instancethivat are often higher levels
of agreement between different supervisors than betdiéferent peers rating the same
target (Viswesvaran, Ones, & Schmidt, 1996). Severaletudported in Borman

(1997) show that agreement within rating sources tends gpdater than across rating
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sources. In a somewhat surprising finding, Salam, CakSams (1997) found that
leaders who empowered direct reports were rated pdgibyedirect reports but
negatively by supervisors. Interestingly, performantiega from direct reports had the
highest correlations to actual leader performance ambrated groups. Despite the lack
of consensus on these findings, organizations conttmuse multisource feedback
systems (Woehr, Sheehan, & Bennett, 2005).

Advocates of multisource feedback systems genergiteathat cross-source rating
differences represent true differences in perspectid@pportunities to observe the
target’s behavior (Woehr, Sheehan, & Bennett, 2005).orlcg to Lance and Woehr’s
(1989) “ecological perspective,” source effects may actuaiyesent valid, systematic
sources of performance information. Multisource feekllsgstems take several
organizational perspectives into account. Supervisorly naitmess a leader engaging in
day-to-day behaviors, which comprise a large proportigdhaifleader’s overall
performance. Direct reports are able to see many aidhese day-to-day behaviors, yet
their personal feelings might create an idiosyncratis b their specific performance
ratings. Finally, while a leader may have the claanesv of his or her behaviors and
characteristics, there may be a self-serving bias iorther self-ratings (Salam, Cox, &
Sims, 1997).

Borman (1997) sums up the arguments for true rater diffesdncpresenting three
reasons to expect perspective-related biases in muttserformance ratings. First,
raters in different organizational positions might fothesr attention on different aspects
of the target’s performance. Second, raters migathattifferent weights to these

performance aspects. Finally, raters from diffepErspectives might have varying
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opportunities to observe the target’s performancesutih cases, perspective-related
effects are not biases but reflect true performancerder to effectively use
performance information for organizational purposes, iffees among raters should be
correctly identified and understood (Cheung, 1999).

This study includes the rater characteristics of orgtinizal perspective,
composition, organizational sector, and organizationalisigion. If these rater
characteristics influence judgments of leadership perfocmahe rater evaluations
might indicate more about the rater than the leatleader performance typically plays a
dominant role in leadership performance ratings, but rdséas found that rater
characteristics also have effects on performanaegsa{Cardy & Dobbins, 1994).
Examining rater characteristics such as those includ#duds study may help an
organization identify groups of raters with similar cludeaistics that provide more
accurate and predictive leadership performance ratings.

Rating Source Measurement Invariance

A string of recent research has begun to examine dasunement invariance of
performance ratings across multiple rater sourcesiftr the use of confirmatory factor
analysis (CFA), the most common way to evaluate measemt invariance (Vandenberg
& Lance, 2000). In the present study, rating source nonimais an important
hypothesis to test because it might obscure changemiget’'s longitudinal performance
when data from all rating sources are combined. Ratimggdonequivalence also makes
comparisons across ratings sources inaccurate (Bollen,.1989)

In the past, measurement quality was rooted in the pamijaof observed scores

into true and error score components. Classicalliesty provides a solid foundation
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for the study of manifest variables and measurement pregstich as reliability and
validity. However, additional questions extend beyomdttaditional use of classical test
theory and the study of manifest variables (Vandenbergigcé, 2000). These questions
include concerns about measurement invariance, or altgrnateasurement
equivalence. Such questions can include whether respondantdifferent cultures
interpret a measure in the same conceptual manner, evititierent rating sources
define and then rate performance in a similar mannerwaather there are gender,
ethnic, or other individual characteristics that affemiv respondents answer surveys
(Vandenberg & Lance, 2000).

CFA allows researchers to answer these questions. allws tests of hypotheses
relating to measurement equivalence such as 1) thedralt on a scale adhere to the
same conceptual framework in defining the construct ih eamparison group, 2) the
regression slopes and intercepts from the manifestblesi#o the latent construct are
invariant across groups, 3) the unique variances are invagawss groups, 4) variances
and covariances among the latent variables are invaganss groups, and 5) the CFA
model is equivalent and holds a common structure acrospgVandenberg & Lance,
2000). All of these hypotheses are testable within a Cafdwork.

Several studies have used a CFA approach to test thenmeant equivalence of
performance ratings provided by different rater groups. Chei989) examined the
equivalence of self- and supervisor ratings of a sampieicddievel managers by using a
CFA approach. Maurer, Raju, and Collins (1998) used CFA toiagdhe measurement
equivalence of peer and direct report ratings of teaifdibgiskills for a group of

managers. Similarly, Facteau and Craig (2001) also used €&¥amine self-,
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supervisor, direct report, and peer performance ratingsasaeven performance
dimensions. In all studies, results indicated thiga from each source were
equivalent. In sum, these studies provide important ee&ér the measurement
equivalence of different rating sources.

Utilizing a multitrait-multirater approach, Woehr andleagues (2005) tested cross-
source measurement equivalence in a sample of 1,028 Aie Bomen. Similar to
previous research, results indicated low levels of esossce agreement; however,
ratings reflected similar underlying performance dimensienssa rating sources. They
concluded that it is, therefore, possible to make mearlingfaparisons across rating
sources. These researchers found that 34% of the saii@performance ratings was
accounted for by the performance dimension componedt2 4% was accounted for by
the rating source component. Approximately 45% of thegatariance across rating
source and performance dimensions was accounted for bg@ensss component.
These researchers concluded that rating source effecssilastantial but that the largest
influence on ratings are due to parameters not attrikutalperformance or rating
source. Apparently, lack of agreement across rating seigceore likely due to
unmeasured effects associated with the performance gonséting rated than from
rating source-specific effects.

Woehr and colleagues suggest that future research furthstigate the unique
effects associated with the performance construct bying CFA techniques to examine
the relationship of the unique effects with other critedopredictor measures. If the

unique effects reflect systematic performance-relatednveg, such as that due to
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perspective or opportunity to observe the target, theyidlwourelate with such criterion
and predictor measures.

Latent Growth Modeling

LGM is a two-stage process that places a confirmdamtpr analytic structure on
variables that are measured longitudinally. In genefaMLls concerned with
longitudinal change. It is used when modeling an individuiddange or development on
a given latent variable over three or more timervaks. LGM may also be augmented to
allow for tests of measurement invariance, the predicif outcome variables, and the
influences of exogenous variables. Such an augmentatiold take the form of second-
order factor latent growth modeling (SOF LGM), whichhie thost appropriate way of
analyzing measurement equivalence and dynamic performaodels with exogenous
and outcome variables (Day & Lance, 2004). In this stu@f BGM was used to
evaluate the development of leadership performance inugp gifcexecutives over a
three-year time period. The use of LGM techniques all@ssarchers to ask and
evaluate important questions in longitudinal data, suthiastudy’s question regarding
the ability of longitudinal leadership performance ratitggpredict future promotion and
job performance and whether or not ratings obtained thffierent rating sources affect
this prediction.

Longitudinal data are multilevel and nested, and reseescteed to treat them as
such (Deadrick et al., 1997). The development of LGM oeduatmost 50 years ago,
yet it received sparse attention until the 1980s and isamyvbeginning to appear in the
applied psychology literature (Day & Lance, 2004). Thesueament of longitudinal

change has seen its fair amount of controversy. €ligdittle consensus on the best
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method to assess longitudinal change in theory andactipe (Lance, Vandenberg, &
Self, 2000). However, advances in software and computinialbNigy have allowed
LGM to gain acceptance as a method for assessingualngal change, and has been
successfully used to study a number of variables in indligtganizational psychology.

Lance and colleagues (2000) successfully modeled longituchaabe in work
adjustment among a sample of 104 new hires at a bankiitgtios. Using SOF LGM,
these researchers directly addressed newcomers’ corantias a key component of
employee adjustment to the work environment. Resulisatel that an attachment
dimension called “Internalization” declined over tirtiggt it was predictable from
antecedent variables, and that it predicted turnovertiaten This study addresses
similar issues in the evaluation of longitudinal leatigr performance, the effects of
exogenous rater variables, and the prediction of promatiol performance outcomes.

To interpret change on a given variable requires measunteequivalence, or
measurement invariance, across measurement occastorg (®98). That is, the nature
of the construct and how respondents interpret it mastireconstant over time.
Unfortunately, this assumption is rarely tested and ihgpes, often violated thus
producing misleading interpretations. Measurement non-sveg| or measurement
inequivalence, indicates that the observed measuresasfstruct actually represent
assessments of different constructs at differenttpamtime, thus, prohibiting the use of
LGM.

LGM is a two-stage process used to evaluate variald¢ até measured
longitudinally. In the first stage, individual-levelayrth trajectories are fit to measures

of the same construct over 3 or more measurementionsag-or example, Figure 1
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shows individual growth trajectories for a group of hyptitiad leaders. Each individual
has a unique initial status, or starting point, on the lshdgeperformance measure at
Time 1 (T1) as well as a unique rate of change on theuregaent over the four time
periods (indicated by line slopes). This example shbafsthere is a substantial amount
of variability in individual leaders’ initial status. Wdimost leaders exhibit a positive

rate of change, there is also substantial variabiityeir slopes.

Leadership
Performance %/
Low

T1 T2 T3 T4
Measurement Period

Figure 1.Plot of linear growth trajectories for a group of seligpothetical leaders’ development in
leadership performance.

Individual-level growth trajectories, estimated meanahgtatus and change for the
sample, and estimated variance of the initial statdshange parameters for the sample
are the basic units of analysis in LGM (Day & Lance, 200d)other words, the first
stage of LGM models aspects of intraindividual changdudiieg changes in the
trajectory of sample means and within-sample varigbilithe second stage models
between-individual differences. In this stage, add#tivariables are introduced as
predictors of individual differences in the growth tchgeies.

LGM satisfies three of Day and Lance’s (2004) critesialdngitudinal measurement.
First, LGM controls for random measurement error bexabhange is modeled at the

level of latent variables, which are, in theory, pettfereliable (Criterion 1). Second,
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individual differences in change can be estimated asatti@nece on the initial status and
change variables (Criterion 7). Finally, change mmawassessed at the individual and
group levels of analysis because mean growth paranteterse estimated for the sample
(Criterion 6).

Extending LGM to SOF LGM satisfies Day and Lance’s (20@#aining criteria for
longitudinal change measurement. Reversible or irsgse change (Criterion 2) may be
modeled because some factor loadings for the latgr@ble of change are freely
estimated parameters, allowing one to identify situatiarwhich individuals return to
their initial status after some growth. Latent classalysis and growth mixture modeling
(GMM) with SOF LGM allow the investigation of unitasnd multipath change
(Criterion 3) by identifying subgroups of individuals who €hsimilar change patterns.
SOF LGM satisfies the modeling of both continuous ancbaisSnuous change (Criterion
4) by allowing the specification of higher order curvestigh the addition of another
latent variable of change and the appropriate factor Igastiefficients for modeling the
desired function (e.g., quadratic or cubic functions). aiale and quantitative change
(Criterion 5) may be examined by including multiple manifiedicators for each
measurement interval. Using tests for measurement egunogl SOF LGM examines
whether the relationships between observed measuwldb@nunderlying constructs are
constant over time or whether beta or gamma changedeasred. Finally, SOF LGM
allows the investigation of concomitant change (CoteB) by allowing the examination
of change in multiple domains simultaneously, and allthe@sanalysis of between-group
differences in change (Criterion 9) by allowing the diameous estimation of multiple

groups.
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One extension of LGM to SOF LGM is to include multiplanifest indicators for
each measurement interval. These indicators maljffeeent measures, individual items
from a single measure, or subsections from a singleurea this study, composite
scores on the five leadership performance factors frenetdership performance
instrument serve as the manifest indicators for LGllya@®s and items from the factors
serve as the manifest indicators for SOF LGM analydésing multiple indicators
accomplishes three important goals. First, it cdsitia@ random measurement error by
operationalizing the measurement of the focal varialde (eadership performance) at
each time period as a latent variable. Second, it sEsanonsystematic measurement
error from systematic time-specific effects. Fipall allows for tests of longitudinal
measurement invariance (Day & Lance, 2004). The SOF h@Wdel used in this study

is shown in Figures 2a -2c.
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Figure 2a.Structural model for individual and combined rater groupkiding context
predictors and outcomes of true initial status and changsaoh leadership performance
factor. Note: Occasion-specific variances are omitted for visuad.eas

{1 T)ﬁ ?3
&1 &2 Ne— e
N7 — Y7
N1 N2
N3 5
Y11 Y21 Y31 Y41 Y51 Y12 Y22 Y32 Ya2 Y52 Y13 Y23 Y33 Y43 Y53

Figure 2b. Structural model for boss ratings including corgestcomposition predictors
and outcomes of true initial status and change on eagéridap performance factor.
Note: Occasion-specific variances are omitted for visuséea
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Figure 2c. Structural model for boss ratings including iptets and outcomes of true initial
status and change on each leadership performance fajorNote: Occasion-specific
variances are omitted for visual ease.
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In the figures above, each Nfindividuals is observed on the focal constrygtat 3
measurement occasions. Multiple manifest variabesye used to measure the focal
construct at each occasion. Here, the multiplecatdrs consist of 5 composite survey
scores used to operationalize the focal constructdeleship performance for LGM
analyses and individiual item scores for each leadedrformance factor for SOF
LGM analyses. The latent varialsjerepresents individual executives’ true initial status
onn; at Time 1. The latent varialig represents individual executives’ true change on
leadership performance over time. Ehare exogenous variables that serve to predict
individual differences in latent initial statug, andchangen.. The hypothesized
relationship between thég andn;represent a static relationship similar to those found
often in cross-sectional studies. However, the hysitbd relationship between the
andn.represents a moderator effect becaysepresents executives’ change in the focal
construct, leadership performance. Therefore, as shothe ifigures above, the
relationships between values of leadership performanceraadn boss ratings of
leadership performance are contingent upon the exogerteusasanposition and context
variables. Finally, the latent variablgsandn;are hypothesized outcomes of initial
status and change. This allows for the possibility itigividual differences in true
leadership performance change, and that individual dift@®in initial status can predict
important outcome variables. This model tests for ateial hypotheses in that the
effects of the antecedent (i.e., subdivision, seatud,rater composition) and outcome
variables (i.e., promotion, consensus performancepatally or completely mediated

by initial status and/or change in leadership performance.
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Research Questions

The research questions addressed by this study includehg&yésmeasurement
equivalence between rating source groups on the leadersfopnmence construct? 2) Is
there measurement equivalence across measurement osaasithe leadership
performance construct? 3) What form does the latemttgrourve take for leadership
performance over a multi-year period? 4) Are longitudeedership performance
trajectories similar for raters in different organiaaal perspectives (i.e., boss, self,
direct report)? 5) Is the rate of leadership perforrral@/elopment contingent upon
rater composition (i.e., consistent or inconsistaterns at each time interval)? 6) Are the
effects of the exogenous variables (i.e., rater composrater sector, and rater
subdivision) partially or completely mediated by iniséhtus and/or change in leadership
performance? 7) Does change in leadership performancetarbgctive performance
outcomes, such as promotion and consensus performaet® lev

The answers to these questions will have significanlicatjpons for executive
succession planning and performance appraisal and managestentssy Examining
leadership performance growth will allow management timate how the rate of
leadership development can have implications for execatigeession planning,
including how long it will take a new hire to reach a dapgréxecutive’s level of
leadership performance. This issue becomes especig@rtamt in light of the
impending retirement of the baby boomer generatioradttition, examining leadership
performance growth and its relationship to objective omeasof job performance allows
for validation of the performance appraisal systempldting possible rater moderators

will inform management teams of the most appropria¢eofisaters in terms of rater
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organizational perspective and the importance of usingistemt groups of raters at

multiple time intervals.
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CHAPTER THREE: METHOD
Participants

The data in this study were taken from a ldfgeiune 100 global communications
company recently involved in developing a leadership perforensastrument. The
sample consisted of over one thousand senior execatieksenior managers working in
49 countries within 4 regions of the world during the yea®1-2003. Leaders worked
within 11 different organizational sectors and 108 diffegegtinizational subdivisions.
Organizational sectors are functional business units, asi€tersonal Communications or
Semiconductor Products. Organizational subdivisions atmch business units within
the sectors, such as Semiconductor Products Marketing abdl®&upply. Bosses and
direct reports provided ratings on the leadership perfocenanstrument for each target
executive.

All ratings obtained from an unknown source were elated. Cases with greater
than 25% (7 items) missing data were also eliminated. Mgaacement for each year
and source group was used to replace the remaining missuegvddue to the variable
number of direct reports providing ratings at each,ydieect report ratings were
compared and then averaged within each target and yegolamed in greater detail
later. For measurement equivalence testing, data wereae for 588 targets who had
ratings from at least one rater from each rating sagroup for each of the three years.
For longitudinal growth modeling, further data cleaning resuih 331 targets with a
self-rating, a boss rating, and an averaged direct reqtary for each year of
measurement. The final sample represented 11 organizatextals and 108

subdivisions. No demographic data were available.
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Rating Instrument

Measurements of leadership performance were obtaindt@soccasions.
Leadership performance was assessed using a multisourcenest, the Leadership
Standards Assessment (LSA). The instrument was devkelgsed on the company’s
leadership model, which measures 5 key areas of leaderdl@fgdaEnvision, Energize,
Edge, Execute, and Ethics and Character. Ratings wegsadsusing a single 5-point
rating scale (0 #neffective 4 =exceptionally effectiye Confirmatory factor analyses
(CFA) indicated that the instrument fits the 5-fadeadership model well (CFI = .966,
GFI =.951, TLI = .955, RMSR =.027, RMSEA = .066). Intecwisistency reliability
(coefficient alpha) for each of the five scaleshewe .86, and the overall reliability of
the instrument is equal to .884 (Kaiser, Craig, & Kaplan, 2082jef descriptions of
each of the leadership performance factors are presanieatle 1.

Table 1

Leadership Performance Factors

Factor Number of Items Description

Envision 7 Being innovative. Having the strategy and
vision needed to accomplish goals.

Energize 7 Motivating others for change and transition.

Edge 4 Making difficult decisions quickly with
incomplete or imperfect data.

Execute 5 Achieving results and meeting commitments.

Ethics and 2 Honesty. Placing the goals of the

Character organization first.

The factors Energize, Edge, and Execute were first deim€ohen and Tichy’s

(1997) work withFortune500 companies such as General Electric. Edge is defined as
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making tough decisions in a timely manner with incompletenperfect data. Energize
is defined as motivating others regarding change and taansiEixecute is defined as
achieving results and meeting commitments. Envision ingdtv@vation and change as
well as the strategy and vision needed to accomplists.géaally, the Ethics and
Character factor involves the ethical conduct of busiaedsplacing the organization’s
goals ahead of personal ambitions.

The leadership areas measured by the LSA reflect mamntueadership theories.
Edge, Execute, and Energize describe the behaviors afl@rleThese facets are
concerned with how a leader motivates followers, swohiher style of leadership.
Researchers have found that leader behaviors clustemiattypes: initiating structure
and consideration (Stogdill, 1974). Initiating structure incduokehaviors such as
organizing work, giving structure to work context, defining relgponsibilities, and
scheduling work activities. Consideration includes belawach as building
camaraderie, respect, trust, and liking between leader®kowlers (Northouse, 2004).
Edge and Execute may be considered facets of task oio@ntat initiating structure, and
Energize may be considered a facet of relationshgntation, or consideration.

Envision is a facet of leadership that captures therectiba leader, and is concerned
with what the leader does to accomplish a goal. Envisismmilar to work conducted by
Marshall-Mies and colleagues on cognitive and metacogmtimstructs relevant to
executive leadership. These researchers believe thaitiedeadership involves
complex social problem solving. Leaders are expected ttifglkay issues that are

important for organizational goal attainment and then geé@esolutions or plans that
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address these issues (Marshall-Mies, Fleishman, Maidiccaro, Baughman, & McGee,
2000).

Ethics and Character is a measure of both leader intagatymotional stability.
Integrity and trust have been shown to be very impordharacteristics in highly
effective and transformational leaders (Bass, 1985). Sumfacteristics in leaders have
been shown to improve direct report performance andaetien (Podsakoff,
Mackenzie, Moorman, & Fetter, 1990). The big five factanadroticism, or emotional
stability, measures such emotions as fear, guilt, anxdefyession, embarrassment,
insecurity, and frustration. Individuals scoring high @uroticism tend to have irrational
ideas, difficulty controlling their impulses, and troubtgmg with stress. Individuals
scoring low on neuroticism are calm, relaxed, even-teaapand face stress easily
(Costa & McCrae, 1992). Researchers have recommendedimgimeasures of ethical
behavior in performance appraisals so that ethical behbgcomes relevant and
reinforceable (Buckley, 2001; Weaver, 2001).

Outcome Variables

Promotion The promotion variable was calculated for each tdrgsubtracting his
or her self-reported organizational level (E grade) in Z0@ their self-reported E
grade in 2003. E grades in this dataset range from E13 to EhE Wi being the
highest organizational level possible. Executives fddgs E15, E16, and E17; senior
managers fill grades E13 and E14.

Consensus Performanc&€onsensus performance refers to the meeting betveen
leader and his or her supervisor where they mutually agréeedeader’s final

administrative performance rating. During that meetihg,supervisor takes into
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account the LSA ratings along with other performandea dad arrives at a final rating
(consensus performance score) that affects tangibtemes such as bonuses and raises.
Consensus performance scores are correlated with &i88s because the LSA is one
input into the consensus performance rating; howekercarrelation is not 1.0 because
other factors are also taken into account (e.g., obgeatit financial performance).

There are three possible consensus performance s#osesre of 1 signifies that the
target is among the least effective managers in thgaay. A score of 2 signifies that
the target is solidly effective, and a score of 3 sigaithat the target is among the most

effective managers in the company.
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CHAPTER FOUR: RESULTS

Previous analyses

Previous analyses on similar data collected betweepdars 2000 and 2002 used
CFA and item response theory (IRT) to evaluate measuntegagiivalence (Kaiser,
Craig, & Kaplan, 2002). CFA analyses comparing the 2000tddtee 2002 data showed
that the same model fit about equally well at both fiomts for all rating sources
combined. The items and scales on the LSA also showddfarential functioning
from the 2000 data to the 2002 data. Data from 2001 were no¢@imeo the analyses
following Craig and Kaiser’s (2003) targeted methodologfjrsf testing for
measurement inequivalence in the most likely place @.eomparison of 2000 data to
2002 data). Tests of measurement equivalence were also texhdamss rater cultural
groups (United States, China/Hong Kong/Taiwan, U.K./Irel&@magapore/ Malaysia,
and Israel). The data for each group fit the leadershipnp@ance model adequately.

A one-way analysis of variance (ANOVA) with yearaafministration as the
grouping variable was used to assess trends in the datanoeerANOVA suggested
that several potential trends were evident in the ratags. Boss ratings showed an
upward trend in observed means from 2000 to 2002 while diremtt rgpings showed a
downward trend from 2001 to 2002 (ratings from direct reporte wet collected in
2000). Self-ratings increased from 2000 to 2001, but decrease@®@lrto 2002. In
all, the greatest gains were made in the same yehe @mpany’s increased attention to
leadership, 2000 to 2001. This might have improved leadership motiyvati

developmental innovations or administrative interverttitor that year (Kaiser, Craig, &
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Kaplan, 2002). To avoid this honeymoon period in ratifgsctrrent study begins with
ratings obtained in 2001.

These previous analyses used ANOVA to evaluate trendie idata. ANOVA is a
comparison of variances with an underlying concern wetamdifferences, not
variability. Differences in cross-group means créxgsveen-group variability. In
ANOVA, within-group differences are considered to be erroiamae, and when
between-group differences exceed that of within-groupiffces, the result is that the
groups are said to be significantly different. In LGMalyses, the focus is on the
systemic relationship between variables as indicateddiy¢ovariance. Means are
inconsequential and are often set equal to zero. For #aemeLGM analyses become
the preferred method of analyzing longitudinal data fomndrends over time at the
latent level (Muthen, 2002). Kaiser and colleagues (2002) sieghenat future research
examine the effects of rater perspectives and ratepasition to account for alternative
explanations for the performance trends over time.

The LGM analyses performed in this study proceeded ingbases: 1) tests of
measurement invariance between rating source groups, &uftingl tests of
measurement invariance for each rater group, 3) develdpand evaluation of the LGM
model of leadership performance for each rating source guadifor all rating source
groups combined, and 4) augmentation to the SOF LGM measutremdels with
moderator and outcome variables. All analyses werduted with maximum

likelihood estimates using Mplus software (Muthen & Muth2000).
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Tests of Measurement Invariance

The first two research questions address the existermeadurement invariance
between rating source groups and measurement occasitires leadership performance
construct. Comparisons such as these require equatltig ofieasurement model and of
the factor covariance matrix. Tests for measurenmariance involve generating
estimates for the model presented in Figure 1, and thérsulbsequent model runs,
placing increasingly stringent constraints on the datacamparing model fit with each
additional level of constraint. A series of CFA modeimparisons were conducted to
confirm measurement equivalence among rating source gradpeeasurement
occasions. First, a comparison of rating source groupsnaae at each measurement
occasion. Second, a comparison was made for eaigraup across measurement
occasions. Third, a comparison of all ratings combinesla@aducted simultaneously
with a SOF LGM analysis in Mplus.

The first model (Model 1) in invariance testing holdsphéern of fixed and free
factor loadings to be equal. Model 1 fit a five-fact@dlership performance model to
each of the rater groups and each of the measurenwagiaas. In other words, nine
CFA models were tested; one for each of three ratempgrat each of three measurement
occasions. An acceptable fit to Model 1 indicatesttimafive-factor leadership
performance model generalized across rating source grod@ceoss measurement
occasions. An inadequate fit to Model 1 would indicateesbtmdamental difference in
the underlying leadership performance dimensions acrosgratgrs or measurement

occasions; thus, testing for measurement equivalencel\aall
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If an adequate fit of Model 1 is found, the sequentialrigdor equivalence continues
to a more restrictive level in Model 2. Model 2 allolwve measurement models to vary,
but requires that the factor covariance matrices be aguass groups or measurement
occasions. An adequate fit to Model 2 indicates trattmrelations among the five
factors do not differ significantly by rating source grotiplethree measurement
occasions.

Finally, Model 3 is identical to Model 2 except that theneatems’ factor loadings
are constrained as invariant across rating source groupsasurement occasions.
Model 3 involves freeing the factor correlations to sineated separately by rating
source group or measurement occasion, while constramntattor loadings to be equal
across groups. If the fit of Model 3 is acceptable, khyges of the items’ regressions on
leadership performance factors can be said to be equivaeiourth model testing for
error variance equivalence could be tested; however,esuglialence is not necessary
for meaningful cross-source comparisons, but would ratinggest that the ratings
contain the same amount of error variance acrosse®(Méoehr, Sheehan, & Bennett,
2005).

The tests of these models help to ascertain whetbkdeadership performance
measures are conceptually equivalent across measurecgastoms and across rater
groups. This equivalence is necessary in order to cortiparaeasurement results over
time and across raters. If equivalence across maasuateccasions is not supported, no
longitudinal comparisons are warranted because the underlyifogrpance dimensions

represent different constructs at each time pointddhde of measurement equivalence



49

across cultural groups was found in Kaiser, Craig, andafaf@002); thus, those tests
were not performed in this study.

Rating Source Measurement Invariance

Model 1 of the test for rating source measurement invegifinthe hypothesized
five-factor leadership performance model to each of tteethater groups. For each
group, there were 588 observations, 27 items, and 5 hypotthéacters. A summary of
the fit statistics obtained for all rating source grofgprseach of the three years are
presented in Tables 2 - 4.

The most commonly used fit statistic for covariancecstire analysis is the
statistic. A small, nonsignificant value fgtis usually indicative of adequate model fit.
However, this statistic is functionally dependent amsie size; thus, for large sample
sizes such as those used in this stytlis not a practical test of model fit (Cheung &
Rensvold, 2002). When using large samples, other indice®am@monly considered
when evaluating model fit. It is common to use and mepaltiple fit indices when
evaluating structural equation models (Cheung & Rensvold, 2002)

The root mean square error of approximation (RMSEA) pro\ageiadication of the
relationship between the predicted factor pattern of se&le and the observed factor
pattern derived from the data. Unlike other fit indid®8ISEA accommodates for the
effects of model complexity (Cheung & Rensvold, 2002). RMS&lues are equal to
0.00 when the model provides a perfect fit to the dat@ués less than .05 are generally
considered an indication of good fit, and values betweean@510 indicate moderate fit

(Byrne, 1998; Reise et al., 1993).
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In addition to examining RMSEA values, multiple indiaatof fit should be used to
compare models because each of the standard indidessafrfperfect in some way
(Byrne, 1998; Cheung & Rensvold, 2002; Reise et al., 1993). dhwpé&rative Fit Index
(CFI) begins with a baseline model in which all itenes @resumed to be uncorrelated,
and makes incremental comparisons until the hypothesiizsd model is achieved. CFI
statistics closer to 1.0 indicate better model figr(i2, 1998; Cheung & Rensvold, 2002;
Reise et al., 1993). However, models with more iterdsfactors, such as the model
used in this study, typically reveal smaller CFl and Wfdlues because these statistics
omit small, theoretically significant factor loadsgnd error terms (Cheung & Rensvold,
2002).

Although not a perfect fit to the data, the fit for Mb#leacross all three measurement
occasions was acceptable for all rater groups withM8EA values obtained above .10.
The other fit statistics provided similar indicationeomodest but acceptable fit.
Typically, measurement invariance is evaluated witkediliood ratio test (difference of
v*); however, as noted by Cheung and Rensvold (2002), stmittemake sense to argue
against using thg” statistic when evaluating model fit with large sangites and to

then advocate using a likelihood ratio test to evaloaasurement invariance.
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Fit Statistics for Model 1 for Year 2001
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Rating Source Groups

Fit Statistic ~ df p Self Boss Direct Report
Chi Square 314 <.0000 889.606 1034.951 1741.665
CFlI .906 .894 .860
TLI .895 .882 .844
RMSEA .056 .062 .088
SRMR .048 .055 .059
Table 3

Fit Statistics for Model 1 for Year 2002

Rating Source Groups

Fit Statistic ~ df p Self Boss Direct Report

Chi Square 314 <.0000 981.906 1057.918 1866.697
CFI .892 .887 .865
TLI .879 .874 .849
RMSEA .060 .063 .092
SRMR .047 .053 .061




Table 4

Fit Statistics for Model 1 for Year 2003
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Rating Source Groups

Fit Statistic ~ df p Self Direct Report

Chi Square 314 <.0000 923.449 912.308 1835.802
CFI .897 923 .876
TLI .885 913 .862
RMSEA .057 .057 .091
SRMR .047 .044 .060

For the second level of invariance testing, Model 2dtta provided evidence of

moderate, but acceptable fit. See Table 5 for Chi Squatistiss and fit indices and

Table 6 for factor correlations. The factors are cuaelated at relatively high levels,

with the exception of Factor 5, which demonstrated loxeerelations with the other four

factors across all rater groups. Acceptable fit for M@dadicates that the correlations

among the five factors do not differ by measurement cmedsr all rating source

groups.
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Fit Statistics for Model 2 of Measurement Invariance Testing
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Year of Measurement

Fit Statistic  df p 2001 2002 2003

Chi Square 942 <.0000 3666.222 3906.521 3671.559
CFI .883 .878 .895
TLI .869 .863 .882
RMSEA .070 .073 .070
SRMR .054 .054 .051
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Table 6
Rating Source Measurement Invariance Factor Correlations
2001
Self-Ratings Boss Ratings Direct Report Ratings
F1L F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
F1 1.0 1.0 1.0
F2 .74 1.0 .67 1.0 75 1.0
F3 .79 81 1.0 76 .76 1.0 71 64 1.0
F4 72 75 81 1.0 .66 .76 .86 1.0 .70 .75 .83 1.0
F5 48 65 51 55 10 43 55 50 51 10 51 .72 36 .56 1.0
2002
Self-Ratings Boss Ratings Direct Report Ratings
F1L F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
F1 1.0 1.0 1.0
F2 .74 1.0 .69 1.0 77 1.0
F3 .78 81 1.0 79 .79 1.0 g7 73 1.0
F4 74 81 90 1.0 70 .79 .88 1.0 73 .78 .86 1.0
F5 58 .72 56 60 10 .46 .64 57 58 1.0 .61 .79 .49 kG
2003
Self-Ratings Boss Ratings Direct Report Ratings
F1L F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
F1 1.0 1.0 1.0
F2 .77 1.0 74 1.0 75 1.0
F3 .76 .76 1.0 76 .75 1.0 75 65 1.0
F4 .76 .80 .86 1.0 76 .77 85 1.0 75 .70 85 1.0
F5 54 67 59 65 10 49 64 52 63 10 .58 .74 .49 56
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The third level of testing for measurement invariance, M8dmvolves freeing the
factor correlations to be estimated separately bggatource group, while constraining
the factor loadings to be equal across groups. See TémeChi Square statistics and fit
indices and Tables 8 - 10 for factor loadings. AgainRRKSEA values are indicative of
moderate, but acceptable fit. The results indicatedhlafactor loadings across groups

are similar.

Table 7. Fit Statistics for Model 3 of Measurement liaraze Testing

Year of Measurement

Fit Statistic  df p 2001 2002 2003

Chi Square 996 <.0000 3863.755 4023.492 3878.021
CFl .876 .875 .889
TLI .869 .868 .882
RMSEA .070 .072 .070

SRMR 101 .087 137
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Table 8

Year 2001 Standardized Factor Loadings

Rating Source Group

Item Factor Self Boss Direct Report
1 Envision 0.568 0.584 0.763
2 Envision 0.597 0.618 0.756
3 Envision 0.656 0.598 0.780
4 Envision 0.689 0.716 0.835
5 Envision 0.651 0.680 0.807
6 Envision 0.590 0.600 0.748
7 Envision 0.615 0.680 0.779
8 Energize 0.529 0.520 0.664
9 Energize 0.609 0.604 0.706
10 Energize 0.616 0.663 0.682
11 Energize 0.609 0.690 0.749
12 Energize 0.654 0.675 0.780
13 Energize 0.664 0.696 0.794
14 Energize 0.689 0.733 0.828
15 Edge 0.617 0.653 0.790
16 Edge 0.611 0.643 0.790
17 Edge 0.657 0.708 0.768
18 Edge 0.626 0.667 0.841
19 Execute 0.602 0.601 0.757
20 Execute 0.623 0.657 0.815
21 Execute 0.672 0.661 0.829
22 Execute 0.569 0.579 0.708
23 Execute 0.615 0.655 0.773
24 Execute 0.642 0.691 0.791
25 Ethics/Character 0.778 0.830 0.885
26 Ethics/Character 0.811 0.828 0.896
27 Ethics/Character 0.642 0.655 0.742
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Table 9
Year 2002 Standardized Factor Loadings

Rating Source Group

Item Factor Self Boss Direct Report
1 Envision 0.633 0.641 0.817
2 Envision 0.586 0.612 0.742
3 Envision 0.651 0.629 0.819
4 Envision 0.708 0.692 0.871
5 Envision 0.682 0.658 0.840
6 Envision 0.593 0.600 0.756
7 Envision 0.628 0.626 0.759
8 Energize 0.593 0.554 0.737
9 Energize 0.634 0.607 0.743
10 Energize 0.589 0.597 0.670
11 Energize 0.611 0.657 0.762
12 Energize 0.667 0.616 0.796
13 Energize 0.680 0.672 0.815
14 Energize 0.700 0.656 0.859
15 Edge 0.658 0.640 0.819
16 Edge 0.663 0.639 0.789
17 Edge 0.646 0.670 0.762
18 Edge 0.686 0.648 0.822
19 Execute 0.590 0.584 0.726
20 Execute 0.596 0.633 0.758
21 Execute 0.674 0.662 0.810
22 Execute 0.629 0.622 0.724
23 Execute 0.668 0.667 0.813
24 Execute 0.702 0.682 0.848
25 Ethics/Character 0.714 0.707 0.865
26 Ethics/Character 0.663 0.646 0.782
27 Ethics/Character 0.657 0.654 0.805
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Table 10
Year 2003 Standardized Factor Loadings

Rating Source Group

Item Factor Self Boss Direct Report
1 Envision 0.649 0.648 0.857
2 Envision 0.663 0.690 0.857
3 Envision 0.688 0.627 0.847
4 Envision 0.718 0.714 0.869
5 Envision 0.685 0.688 0.847
6 Envision 0.620 0.617 0.818
7 Envision 0.672 0.673 0.812
8 Energize 0.526 0.507 0.693
9 Energize 0.672 0.691 0.842
10 Energize 0.572 0.587 0.645
11 Energize 0.602 0.670 0.752
12 Energize 0.636 0.635 0.811
13 Energize 0.726 0.725 0.876
14 Energize 0.721 0.733 0.895
15 Edge 0.617 0.607 0.850
16 Edge 0.674 0.672 0.863
17 Edge 0.685 0.707 0.825
18 Edge 0.690 0.669 0.863
19 Execute 0.614 0.624 0.806
20 Execute 0.634 0.631 0.844
21 Execute 0.678 0.671 0.846
22 Execute 0.597 0.617 0.740
23 Execute 0.650 0.617 0.788
24 Execute 0.715 0.706 0.856
25 Ethics/Character 0.713 0.705 0.877
26 Ethics/Character 0.656 0.666 0.827
27 Ethics/Character 0.614 0.673 0.768
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Longitudinal Measurement Invariance

Model 1 of the test for longitudinal measurement invamesiit the hypothesized
five-factor leadership performance model to each of treetimeasurement occasions.
For each group, there were 588 observations, 27 items amqgbfhbgized factors. A
summary of the fit statistics obtained for measurdreoasions for each of the three
rating source groups is presented in Tables 11 - 13. Agaire waiila perfect fit to the
data, the fit for Model 1 across all three measuremecasions is acceptable for all rater

groups with no RMSEA values obtained above .10.

Table 11

Model 1 Fit Statistics for Self-Ratings

Year of Measurement

Fit Statistic  df p 2001 2002 2003

Chi Square 314 <.0000 889.606 981.906 923.449
CFl .906 .892 .897
TLI .895 .879 .885
RMSEA .056 .060 .057

SRMR .048 .047 .047




Table 12

Model 1 Fit Statistics for Boss Ratings
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Year of Measurement

Fit Statistic  df p 2001 2002 2003
Chi Square 314 <.0000 1034.951 1057.918 912.308
CFI .894 .887 923
TLI .882 .884 913
RMSEA .062 .063 .057
SRMR .055 .053 .044
Table 13
Model 1 Fit Statistics for Direct Report Ratings

Year of Measurement
Fit Statistic ~ df p 2001 2002 2003
Chi Square 314 <.0000 1741.665 1057.918 1866.697
CFI .860 .887 .865
TLI .844 .884 .849
RMSEA .088 .063 .092
SRMR .059 .053 .061
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The data provide evidence of moderate, but acceptable Mddel 2. See Table 14
for Chi Square statistics and fit indices and Table 1%afctor correlations. The factors
are intercorrelated at relatively high levels, wiilb £xception of Factor 5, which
demonstrated lower correlations with the other fourofact The correlations among the

five factors do not differ by measurement occasion forasithg source groups.

Table 14

Fit Statistics for Model 2 Measurement Invariance Testing

Rating Source Groups

Fit Statistic ~ df p Self Boss Direct Report

Chi Square 986 <.0000 2957.381 3207.215 5912.078
CFI .892 .895 .855
TLI .884 .888 .845
RMSEA .058 .062 .092

SRMR .048 .052 .072
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Table 15
Factor Correlations
Self-Ratings
2001 2002 2003
FI F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
F1 1.0 1.0 1.0
F2 .74 1.0 74 1.0 g7 1.0
F3 .79 .81 1.0 .78 .81 1.0 76 .76 1.0
F4 72 75 81 1.0 74 81 90 1.0 .76 .80 .86 1.0
F5 48 65 51 55 10 58 .72 5 .60 10 54 67 59 .65 1.0
Boss Ratings
2001 2002 2003
FIL F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
F1 1.0 1.0 1.0
F2 .67 1.0 .69 1.0 74 1.0
F3 .76 .76 1.0 79 .79 1.0 76 .75 1.0
F4 66 .76 .86 1.0 70 .79 .88 1.0 .76 .77 85 1.0
F5 43 55 50 51 10 46 .64 57 58 10 49 64 52 63 1.0
Direct Report Ratings
2001 2002 2003
F1L F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5
F1 1.0 1.0 1.0
F2 .75 1.0 g7 1.0 75 1.0
F3 .71 64 1.0 g7 .73 1.0 75 .65 1.0
F4 .70 .75 .83 1.0 73 .78 .86 1.0 75 .70 .85 1.0
F5 51 72 36 56 10 61 .79 49 63 10 .58 .74 .49 58
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Finally, Model 3 also provided evidence of acceptable fite Bable 16 for Chi
Square statistics and fit indices and Tables 17 - 19 éborfédoadings. The results

indicated that the factor loadings across years argistent.

Table 16

Fit Statistics for Model 3 Measurement Invariance Testing

Rating Source Groups

Fit Statistic ~ df p Self Boss Direct Report

Chi Square 996 <.0000 2862.386 3103.667 5603.919
CFI .898 .900 .864
TLI .892 .895 .857
RMSEA .056 .060 .089

SRMR .056 .075 .081




Table 17

Standardized Factor Loadings for Self-Ratings
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Measurement Occasion

Item Factor 2002 2003

1 Envision 0.598 0.597 0.626
2 Envision 0.638 0.569 0.663
3 Envision 0.671 0.672 0.679
4 Envision 0.674 0.698 0.699
5 Envision 0.639 0.650 0.660
6 Envision 0.615 0.608 0.623
7 Envision 0.647 0.629 0.683
8 Energize 0.568 0.592 0.570
9 Energize 0.592 0.608 0.632
10 Energize 0.550 0.552 0.568
11 Energize 0.632 0.627 0.635
12 Energize 0.643 0.649 0.640
13 Energize 0.682 0.695 0.695
14 Energize 0.667 0.659 0.663
15 Edge 0.661 0.678 0.671
16 Edge 0.640 0.651 0.679
17 Edge 0.668 0.668 0.671
18 Edge 0.647 0.639 0.684
19 Execute 0.669 0.609 0.666
20 Execute 0.672 0.568 0.674
21 Execute 0.686 0.687 0.713
22 Execute 0.602 0.588 0.597
23 Execute 0.614 0.644 0.650
24 Execute 0.677 0.696 0.704
25 Ethics/Character 0.783 0.735 0.733
26 Ethics/Character 0.783 0.685 0.697
27 Ethics/Character 0.626 0.650 0.636




Table 18

Standardized Factor Loadings for Boss Ratings
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Measurement Occasion

Item Factor 2002 2003

1 Envision 0.655 0.647 0.667
2 Envision 0.703 0.639 0.730
3 Envision 0.631 0.666 0.638
4 Envision 0.744 0.727 0.738
5 Envision 0.737 0.697 0.731
6 Envision 0.643 0.633 0.638
7 Envision 0.744 0.663 0.718
8 Energize 0.557 0.552 0.550
9 Energize 0.608 0.601 0.669
10 Energize 0.665 0.633 0.654
11 Energize 0.651 0.610 0.644
12 Energize 0.709 0.644 0.684
13 Energize 0.708 0.682 0.689
14 Energize 0.768 0.678 0.734
15 Edge 0.718 0.684 0.686
16 Edge 0.721 0.684 0.734
17 Edge 0.717 0.690 0.689
18 Edge 0.754 0.675 0.744
19 Execute 0.683 0.623 0.694
20 Execute 0.737 0.641 0.708
21 Execute 0.674 0.675 0.705
22 Execute 0.634 0.604 0.638
23 Execute 0.700 0.689 0.663
24 Execute 0.752 0.706 0.724
25 Ethics/Character 0.869 0.763 0.758
26 Ethics/Character 0.821 0.692 0.730
27 Ethics/Character 0.608 0.614 0.660




Table 19

Standardized Factor Loadings for Direct Report Ratings
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Measurement Occasion

Item Factor 2002 2003

1 Envision 0.770 0.770 0.829
2 Envision 0.738 0.668 0.815
3 Envision 0.751 0.800 0.807
4 Envision 0.810 0.855 0.847
5 Envision 0.788 0.809 0.820
6 Envision 0.719 0.719 0.776
7 Envision 0.745 0.694 0.764
8 Energize 0.642 0.680 0.677
9 Energize 0.724 0.752 0.841
10 Energize 0.635 0.654 0.660
11 Energize 0.753 0.758 0.766
12 Energize 0.756 0.766 0.802
13 Energize 0.801 0.820 0.849
14 Energize 0.839 0.856 0.880
15 Edge 0.725 0.739 0.806
16 Edge 0.752 0.716 0.818
17 Edge 0.753 0.753 0.792
18 Edge 0.825 0.741 0.830
19 Execute 0.695 0.612 0.738
20 Execute 0.777 0.633 0.805
21 Execute 0.786 0.764 0.823
22 Execute 0.708 0.654 0.712
23 Execute 0.744 0.768 0.759
24 Execute 0.777 0.808 0.811
25 Ethics/Character 0.858 0.839 0.850
26 Ethics/Character 0.855 0.769 0.828
27 Ethics/Character 0.738 0.807 0.794




67

Finally, ratings for each target were combined acrdsst&tg sources and submitted

to tests of longitudinal measurement equivalence. Chi sgtetistics and fit indices are

shown in Tables 20, 21 and 23. Factor correlations arensimWwable 22 and factor

loadings are shown in Table 24. Once again, Models 1-3dadwavidence of

acceptable fit with no RMSEA values exceeding the .10.limit

Table 20

Model 1 Fit Statistics for All Ratings Combined

Fit Statistic

Year of Measurement

df p 2001 2002 2003

Chi Square
CFlI

TLI
RMSEA
SRMR

314 <.0000 1696.221 1909.603 1578.411
.845 .829 .873
.826 .809 .858
.087 .093 .083

.066 .068 .061

Table 21

Model 2 Fit Statistics for All Ratings Combined

Fit Statistic

df p

Chi Square
CFlI

TLI
RMSEA

SRMR

942 <.0000 5184.266
.850
.832
.088

.065
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Table 22

Factor Correlations for All Ratings Combined

2001 2002 2003

FI F2 F3 F4 F5 F1 F2 F3 F4 F5 F1 F2 F3 F4 F5

F1 1.0 1.0 1.0

F2 .68 1.0 .67 1.0 .681.0

F3 .71 .68 1.0 74 71 1.0 7®B5 1.0

F4 .64 .73 .85 1.0 .65 .75 .86 1.0 .692 84 1.0

F5 .40 .60 .40 .45 10 .44 69 .39 .48 10 48 .41 54 1.0

Table 23

Model 3 Fit Statistics for All Ratings Combined

Fit Statistic df p

Chi Square 996 <.0000 5279.942
CFlI .848
TLI .839
RMSEA .086

SRMR .076




Table 24

Standardized Factor Loadings for All Ratings Combined

69

Measurement Occasion

Item Factor 2002 2003

1 Envision 0.723 0.716 0.766
2 Envision 0.744 0.677 0.787
3 Envision 0.695 0.726 0.712
4 Envision 0.811 0.812 0.827
5 Envision 0.746 0.746 0.759
6 Envision 0.696 0.696 0.705
7 Envision 0.756 0.717 0.763
8 Energize 0.609 0.613 0.605
9 Energize 0.657 0.655 0.752
10 Energize 0.620 0.634 0.637
11 Energize 0.703 0.691 0.707
12 Energize 0.726 0.703 0.727
13 Energize 0.794 0.773 0.781
14 Energize 0.799 0.768 0.804
15 Edge 0.750 0.758 0.742
16 Edge 0.756 0.754 0.813
17 Edge 0.754 0.726 0.746
18 Edge 0.774 0.737 0.811
19 Execute 0.716 0.657 0.735
20 Execute 0.739 0.650 0.759
21 Execute 0.746 0.725 0.777
22 Execute 0.625 0.600 0.638
23 Execute 0.733 0.742 0.729
24 Execute 0.795 0.798 0.796
25 Ethics/Character 0.854 0.784 0.782
26 Ethics/Character 0.847 0.743 0.763
27 Ethics/Character 0.655 0.715 0.707
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Latent Growth Modeling

Measurement equivalence across the three measureasasians was confirmed;
thus, analyses continued with the evaluation of the LéMadership performance with
multiple continuous variables defined above (see FigurelBahis analysis, the five
factor composite scores were entered into the modsgladed manifest variables across
three points in time. This model estimated growthdiesstan intercept with mean fixed
to equal 0 and variance freely estimated, and a slopamweitm and variance freely
estimated. The disturbances of the growth factors wererrelated and the intercept
and slope were free to covary. Upon the specificaifcan adequate LGM, the final
model for each rater group was augmented with the @dear(i.e., sector and
subdivision) and the outcome variables (i.e., promaiwhconsensus performance).
Finally, the boss group was augmented with the rater cahguosioderator variable.

Before performing LGM analyses using direct report ggjim comparison was made
between leaders who had ratings from the same depott each year (i.e., consistent
direct report ratings) and leaders who had ratings fiibferent direct reports each year
(i.e., inconsistent direct report ratings). If adleahad ratings from more than one rater,
these ratings were averaged and the mean rating wasusether analyses. These two
groups were examined for measurement equivalence using ttedlpre described
earlier. Tests indicated that the leadership perforeamadel was equivalent between
consistent and inconsistent direct report groups. Table@aias the fit statistics for the

three measurement equivalence models.
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Table 25

Tests of Measurement Equivalence for Consistent and Inconsistent Regarts

Measurement Models

Fit Statistic ~ df p Model 1 Model 2 Model 3
Chi Square 314, <.0000 2917.267 3307.837 3344.873
628,
655
CFlI .895 .891 .891
TLI .883 .878 .883
RMSEA .066 .067 .066
SRMR .047 .050 .064

LGM analyses were then conducted for consistent disgadirt ratings and for
inconsistent direct report ratings. Fit statistiastfese models are shown in Table 26.

Estimated growth curves for both groups are shown in Figueesl 4.
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Table 26

Fit Statistics for Consistent and Inconsistent Direct Report L&eowth Models

Direct Report Groups

Fit Statistic ~ df p Consistent Inconsistent

Chi Square 100 <.0000 920.408 1246.586
CFI .786 753
TLI A75 .740
RMSEA 157 .164

SRMR .069 .095
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Figure 3. Growth Curves for Consistent Direct Report Ratings

Factor Composite

34

3.2

2.8

2.6

24

2.2

K

\F/_)K
\\/-
T1 T2 T3

Measurement Occasions

——Fl-8-PR2 F3 F4 —%—F5

Figure 4. Growth Curves for Inconsistent Direct Report Ratings



74

Both direct report models exhibited poor model fit fmtidwed similar growth
curvatures as indicated by similar intercept and slopar@nces (-.074 for consistent
raters and -.036 for inconsistent raters). Interestiigé consistent direct report group
tended to rate leaders more highly than the inconsisteut deport group. Comparisons

between each direct report group by measurement oncasicshown in Figures 5-7.
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Figure 7.Direct Report Comparison at Time 3

The two direct report groups had similar model fit and lsingrowth curves, but the
consistent direct report model had a smaller chi-squdwe @ad slightly higher CFI and
TLI estimates, indicating a slightly better model fitherefore, analyses continued using
only rating targets that had a boss rating, a selfgatind a mean score from consistent
direct reports for each measurement occasion. Exgjudanagers whose rater group
composition changed across the three measurement oxxatso made it possible to
rule out such composition changes as a possible exgarfatisubsequent results. This
reduced the sample size to 331 leaders with completgsati

Next, LGM analyses were performed for each rater gtow@aldress research
guestions 3 and 4. To review, research question 3 asked winahftatent growth
curve takes for longitudinal leadership performance. Relsemestion 4 asked whether
longitudinal leadership performance trajectories ard@asirfor different rater groups.

Model fit statistics are presented in Table 27 for a#rrgroups. These fit statistics
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provide evidence of linear growth for boss ratings, but nosdd-ratings, direct report
ratings, or the mean ratings across all rater groups.
Table 27

LGM Fit Statistics for all Rater Groups

Rater Groups

Direct
Fit Statistic ~ df p Boss Self Report All
Chi Square 100 <.0000 326.633 932.797 920.408 971.940
CFI 916 157 .786 .764
TLI 912 .745 75 752
RMSEA .083 159 157 162
SRMR .054 071 .069 .076

Estimated growth curves for all rater groups are showsgures 8 - 11. Factor
composite scores for all groups and all measurementionsase shown in Table 28.
Ratings on Envision (F1) for all rater groups showed asdse from 2001 to 2002, but
then an increase from 2002 to 2003. Ratings on EnergizeE&g¢, (F3), and Execute
(F4) showed a steady decrease in the boss rater growghdwed a steady increase in
self-ratings. Ratings on Energize, Edge, and Execote dlirect reports and all groups
combined decreased from 2001 to 2002 and increased from 2002 to 26i23.akd
Character (F5) ratings showed a steady decrease fataligroups. The steady decrease
in ratings on four of the five leadership performanceofacin the boss rating group is the

likely reason that this rater group was the only omevoich a LGM fit the data.
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Table 28

Factor composite scores by measurement occasion

Boss Ratings 2001 2002 2003
F1 2.456 2.432 2.452
F2 2.631 2.558 2.552
F3 2.447 2.422 2.417
F4 2.703 2.678 2.674
F5 3.167 3.040 2.973
Self-Ratings

F1 2.540 2.520 2.642
F2 2.663 2.664 2.689
F3 2.459 2.495 2.534
F4 2.681 2.694 2.732
F5 3.249 3.188 3.107
Direct Report Ratings

F1 2.456 2.388 2.501
F2 2.490 2.424 2.485
F3 2.462 2.398 2.444
F4 2.616 2.530 2.638
F5 3.110 2912 2.890
All Ratings Combined

F1 2.484 2.447 2.532
F2 2.595 2.548 2.575
F3 2.456 2.438 2.465
F4 2.666 2.634 2.681

F5 3.175 3.047 2.990
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Growth Mixture Modeling

Growth mixture modeling relaxes the assumption of asipgpulation to allow for
parameter differences in unobserved, latent subpopulatloegead of examining
individual variation around one mean growth curve, a growiture model (GMM)
allows the subpopulations to vary around different meawifr curves. Essentially,
growth mixture modeling examines a growth model for eabbpulation, or latent
class (Muthen, 2004). Therefore, subpopulation membershipecarierred from
different Time 1 leadership performance ratings and deredoptrajectories. Growth
mixture modeling also allows for the inclusion of coates and distal outcomes that can
help to define subpopulation membership by estimating edohdnal’s probability of
membership along with their score on the estimated graegtbrs.

The LGM for each rater group was next augmented wiiargates to answer
research questions 5 and 6. Research question 5 askethtktlod leadership
performance change was contingent upon rater compositihe boss rating group.
Question 6 asked if the effects of the covariates werdiated by initial status and/or
change in leadership performance.

The addition of covariates requires analyses by faxtomposite; thus, each
leadership performance factor was analyzed separatedaédr rater group. Measures of
classification quality based on individual class probaédisuch as Bayesian information
criterion (BIC) values, entropy, and latent class pbdbes are considered when
evaluating model fit (Muthen, 2004). A low BIC value cop@3ds to a high
loglikelihood value and a parsimonious model. An entragyerand average latent class

probabilities closer to 1.0 are indicative of betfassification precision and better model
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fit (Muthen, 2004). Unfortunately, because growth mixtuoeleting is still relatively
new in the literature, tests for significant diffeces between models do not yet exist.
Instead, model evaluation must be based upon the avaslabigtics and the theory
supporting each model (Muthen, 2004).
Growth Mixture Modeling with Covariates

A GMM was run for all rater groups without covariateih each covariate
separately, and then with all covariates simultangoushe GMMs were run in this
sequence because excluding covariates might resultishcatedd analysis because the
covariate(s) might have direct effects on the grofatiiors. This occurs because the
items become incorrectly related to the latent clasgble if the covariates are excluded,
which is similar to leaving out an important predictoaimultiple regression analysis,
thus distorting the slope of the remaining predictorsgrowth mixture modeling, the
covariates may be needed to correctly specify latassahembership (Muthen, 2004).
Running the GMMs in this sequence allowed for comparisonssonodels with and
without each covariate. It should not be expectedidbant class size or individual
membership classification remain the same when modelitgand without covariates;
however “it is the model with covariates properly utgd that gives the better answer”
(p. 355; Muthen, 2004). Occasionally, two or more modetbditdata about the same
leaving no statistical basis on which to declare the tbetbelel. This is not a problem,
but merely indicates that there are two ways of lopknthe same reality. Occasionally,
modeling is more art than science and decisions about riosleduld be based in the

theory behind the model, predictive validity, and prattsafulness (Muthen, 2004).
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Model fit results for self-ratings of the leadershipfpemance factor Envision are
presented in Table 29. The addition of the sector andi\gsion covariates separately
did not improve model fit, but did improve the average laté&ss probabilities. The
addition of both covariates improved model fit and agerlatent class probabilities
resulting in the best fitting model. However, neithevariate was a significant predictor
of the slope or intercept. Adding the sector covat@atbe model slightly reduced
growth factor residual variances, but adding the subdivisovariate to the model
separately did not reduce any residual variances.

In 2001, Lo, Mendell, and Rubin proposed a likelihood ratibftesevaluating the
number of latent classes for GMM. A low p-value irades that the model with fewer
classes should be rejected for the model with aniaddltclass (Muthen, 2004). The
Lo-Mendell-Rubin likelihood ratio test (LMR LRT) indited that only one latent class
was present in the data. Thus, the addition of theegturd! covariates did not result in

the identification of separate growth classes.
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Table 29

Self-Rating Growth Mixture Model with Covariates for Envision

Covariates
None Sector Subdivision Both
BIC 1254.495 1261.666 1263.155 1275.067
Free Parameters 11 14 14 17
Entropy 0.960 0.789 0.953 0.991
Class 1 N 4 123 102 89
Class 2N 324 205 226 239
Class 1 Probability 0.775 0.921 0.996 0.995
Class 2 Probability 0.994 0.940 0.978 0.997

Model fit results for Energize are presented in Table B@e addition of the sector
covariate improved model fit and the average latent gadsabilities. The addition of
the subdivision covariate also improved both modelrfd the average latent class
probabilities. The addition of both covariates impiweodel fit and average latent class
probabilities even further. However, neither covariaas a significant predictor of the
slope or intercept. The addition of the covariatateomodel failed to reduce
measurement or growth factor residual variances. ™ie LRT indicated that two

latent classes were present in the data.
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Table 30

Self-Rating Growth Mixture Model with Covariates for Energize

Covariates
None Sector Subdivision Both
BIC 1163.571 1163.073 1173.328 1188.819
Free Parameters 11 14 14 17
Entropy 0.538 0.918 1.000 1.000
Class 1 N 14 57 83 88
Class 2 N 314 271 245 240
Class 1 Probability 0.640 0.980 1.000 1.000
Class 2 Probability 0.883 1.000 1.000 1.000

Model fit results for Edge are presented in Table 31. addition of the sector
covariate improved model fit and the average latent gladgsabilities. However, the
addition of the subdivision covariate did not improvedel fit or average latent class
probabilities. The addition of both covariates algbrubt improve model fit or average
latent class probabilities. Neither covariate wagaificant predictor of the slope or
intercept. Adding neither the sector nor subdivisioraciates to the model reduced
measurement or growth factor residual variances. ™ie LRT indicated that two

latent classes were present in the data.
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Table 31

Self-Rating Growth Mixture Model with Covariates for Edge

Covariates
None Sector Subdivision Both
BIC 1313.228 1318.926 1327.104 1335.493
Free Parameters 11 14 14 17
Entropy 0.989 1.000 0.953 0.956
Class 1 N 1 96 20 6
Class 2N 327 232 308 322
Class 1 Probability 0.998 1.000 0.979 0.849
Class 2 Probability 0.986 1.000 0.990 0.994

Model fit results for Execute are presented in TableT2 addition of the sector
and subdivision covariates separately improved modehéitthe average latent class
probabilities. The addition of both covariates afeprioved model fit and average latent
class probabilities. However, neither covariate svagynificant predictor of the slope or
intercept. Adding the sector covariate to the modadtsuntially reduced measurement
and growth factor residual variances, but adding the swdiivcovariate to the model
separately did not reduce residual variances. Despitesh#ing fit statistics, the LMR

LRT indicated that only one latent class was presethteirdata.



Table 32

Self-Rating Growth Mixture Model with Covariates for Execute
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Covariates
None Sector Subdivision Both
BIC 1210.955 1213.142 1227.641 1234.649
Free Parameters 11 14 14 17
Entropy 0.744 0.820 1.000 1.000
Class 1 N 36 28 101 80
Class 2 N 292 300 227 248
Class 1 Probability 0.802 0.837 1.000 1.000
Class 2 Probability 0.947  0.962 1.000 1.000

Model fit results for Ethics and Character are preskmmdable 33. The addition of

the sector covariate improved model fit and the aveiagetl class probabilities, but the

model estimated three latent classes rather thaorehé&atent class estimated without the

addition of a covariate. The addition of the subdwviovariate did not improve model

fit or average latent class probabilities. Howeues,addition of both covariates

improved model fit and average latent class probabilitessilting in the best model fit

with three latent classes. Neither covariate wsigaficant predictor of the slope or

intercept. Adding the sector covariate to the modedtsubially reduced measurement

and growth factor residual variances, but adding the swdtivcovariate to the model

separately did reduce residual variances. The LMR lidicated that four latent classes
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were present in the data; however, the four-class meakehot identified. Therefore, the

three-class model was retained.

Table 33

Self-Rating Growth Mixture Model with Covariates for Ethics and Cliarac

Covariates
None Sector Subdivision Both
BIC 1280.941 1262.167 1297.613 1289.587
Free Parameters 11 18 14 22
Entropy 0.656 0.898 0.655 0.890
Class 1 N 194 25 132 25
Class 2 N 134 115 196 187
Class 3N 188 116
Class 1 Probability 0.907 0.961 0.894 0.945
Class 2 Probability 0.887 0.988 0.902 0.942
Class 3 Probability 0.947 0.988

Intercepts, slopes, and estimated means for the lex) finodel for each leadership

performance factor are shown in Table 34. In four 6th@five cases, the model

containing both covariates fit the data best. Als@ur but of five cases, the best fitting

model contained two latent classes, one small cigggsenting between 25% and 29%

of the total sample and one large class representngethaining 75% to 71%. In

comparison to the LGM mean scores that increased andaged over time, all GMM

mean scores show a steady increase or decreasgno&elue to the model’s ability to
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estimate latent classes. For example, the averfagkeself-ratings combined for

Envision (shown in Table 28) decreased from 2001 to 2002, eased from 2002 to
2003. By using GMM (shown in Table 34), two latent class@slvecome apparent for
Envision, a small class (27%) that begins with a hightercept and increases at a faster
rate than a second, larger class (73%). The same docilisergize, however it is the
larger classes that have higher intercepts and fastetigrates for Edge and Execute.
Ratings on Ethics and Character reveal three latasses, one small class (8%) whose
ratings increase rapidly, one class whose ratingshgldnop, and one class whose ratings
decrease more quickly.

While the sizes of Class 1 for Envision, Energize, Edgd,Execute are similar,
examining latent class membership revealed little camsigtacross classes. The
majority of leaders in Class 1 for Envision came frame sector. The majority of leaders
in Class 1 for Energize also came from one sectora biifferent sector than Class 1 for
Envision. Class 1 for Edge represented membership fromaesaeetors, and Class 1 for
Execute represented membership mainly from two sectdishrée latent classes for

Ethics and Character represented membership from a vafisegtors and subdivisions.
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Best Fitting Models for Self-Ratings
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Model N Intercept Slope Meanl Mean?2 Mean 3
Envision
Class 1 Both 89 2.635 .087 2.595 2.672 2.749
Class 2 239 2.551 .047 2.501 2.535 2.570
Energize
Class 1 Both 88 2.773 .022 2.754 2.771 2.788
Class 2 240 2.637 .024 2.624 2.636 2.647
Edge
Class 1 Sector 96 2.040 .045 2.377 2.389 2.402
Class 2 232 2.365 .026 2.493 2.541 2.589
Execute
Class 1 Both 80 2.341 .020 2.555 2.563 2.571
Class 2 248 2.666 .032 2.724 2.754 2.784
Ethics and Character
Class 1 Both 25 2.302 407 2.297 2.690 3.083
Class 2 187 3.032 .001 3.027 3.016 3.005
Class 3 116 3.805 -.251 3.799 3.535 3.270

Next, GMMs were run for the direct report rater groiyodel fit results for Envision

are presented in Table 35. The addition of the sect@riede improved model fit but

did not greatly improve the average latent class pratiabj and the model estimated

three latent classes rather than the one latesg elstimated without the addition of a
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covariate. The addition of the subdivision covariatproved model fit and average
latent class probabilities. The addition of both c@tas improved model fit and average
latent class probabilities, resulting in the best mditlalith two latent classes. However,
neither covariate was a significant predictor of th@e or intercept. Adding the sector
and subdivision covariates to the model separately rddueasurement and growth
factor residual variances. The LMR LRT indicated tiaat latent classes were present in
the data.

Table 35

Direct Report Growth Mixture Model with Covariates for Envision

Covariates
None Sector Subdivision Both

BIC 1513.599 1429.898 1433.556 1449.296
Free Parameters 11 17 14 17
Entropy 0.812 0.851 0.855 1.000
Class 1 N 12 22 19 12
Class 2N 316 17 309 316
Class 3N 289

Class 1 Probability 0.775 0.803 0.765 1.000
Class 2 Probability 0.961 0.869 0.976 1.000
Class 3 Probability 0.951

Model fit results for Energize are presented in Table B&e addition of neither the

sector nor subdivision covariate alone improved eithetehfit or average latent class
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probabilities. However, the addition of both covasataproved model fit and average
latent class probabilities, resulting in the best métdelith two latent classes. Neither
covariate was a significant predictor of the slope taraept, but adding the sector
covariate to the model slightly reduced measurement andlgfactor residual
variances. Adding the subdivision covariate to the eejgarately reduced residual
variances even further. The LMR LRT indicated thad tatent classes were present in
the data.

Table 36

Direct Report Growth Mixture Model with Covariates for Energize

Covariates
None Sector Subdivision Both
BIC 1421.649 1530.399 1529.853  1539.348
Free Parameters 11 14 14 17
Entropy 0.874 0.539 0.588 1.000
Class 1 N 11 58 194 10
Class 2 N 317 270 134 318
Class 1 Probability 0.787 0.866 0.882 1.000
Class 2 Probability 0.974 0.849 0.870 1.000

Model fit results for Edge are presented in Table 37. addi#ion of the sector
covariate improved model fit and the average latent gladsabilities. The addition of
the subdivision covariate did not improve model fit bukt idiprove average latent class

probabilities. The addition of both covariates impiweodel fit and average latent class
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probabilities, resulting in the best model fit with tladent classes. However, neither
covariate was a significant predictor of the slope mraept. Adding the sector
covariate to the model reduced growth factor residualvees but adding the
subdivision covariate to the model separately did noe OWR LRT indicated that two
latent classes were present in the data.

Table 37

Direct Report Growth Mixture Model with Covariates for Edge

Covariates
None Sector Subdivision Both
BIC 1443.616 1455.891 1462.014 1473.431
Free Parameters 11 14 14 17
Entropy 0.891 0.893 0.698 1.000
Class 1 N 11 15 76 65
Class 2N 317 313 252 263
Class 1 Probability 0.793 0.816 0.832 1.000
Class 2 Probability 0.978 0.981 0.940 1.000

Model fit results for Execute are presented in TableT& addition of the sector
and subdivision covariates separately improved modeHidwever, the addition of both
covariates did not improve model fit or average laté&agscprobabilities. The resulting
best model was the model including the sector covahatdfit two latent classes.
However, neither covariate was a significant prediofdhe slope or intercept. Neither

the sector nor subdivision covariate reduced measuremgnbwth factor residual
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variances when added to the model. The LMR LRT indicdtaitwo latent classes
were present in the data.
Table 38

Direct Report Growth Mixture Model with Covariates for Execute

Covariates
None Sector Subdivision Both
BIC 1345.023 1357.569 1361.920  1390.202
Free Parameters 11 14 14 17
Entropy 0.943 0.953 0.946 .702
Class 1 N 9 11 9 195
Class 2N 319 317 319 133
Class 1 Probability 0.939 0.870 0.932 912
Class 2 Probability 0.988 0.994 0.989 877

Model fit results for Ethics and Character are preskmdable 39. The addition of
the sector covariate improved model fit. However atidition of the subdivision
covariate did not improve model fit or average latéagcprobabilities. The addition of
both covariates improved model fit and average latassgbrobabilities, resulting in the
best model fit with two latent classes. Howeverthagicovariate was a significant
predictor of the slope or intercept. Adding the sectwagate to the model did not
reduce measurement or growth factor residual varianodsadding the subdivision
covariate to the model separately only very slighttluced residual variances. The

LMR LRT indicated that two latent classes were presetiie data.
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Table 39

Direct Report Growth Mixture Model with Covariates for Etharsl Character

Covariates
None Sector Subdivision Both
BIC 1532.058 1555.422 1546.702 1560.887
Free Parameters 11 14 14 17
Entropy 0.707 0.979 0.709 1.000
Class 1 N 38 3 39 104
Class 2 N 290 325 290 224
Class 1 Probability 0.803 0.691 0.813 1.000
Class 2 Probability 0.936 0.997 0.935 1.000

Intercepts, slopes, and estimated means for the legj fitodel for each leadership
performance factor are shown in Table 40. In four 6th@five cases, the model
containing both covariates fit the data best. In aksahe best fitting model contained
two latent classes, one small class representing bat@8 and 20% of the total sample
and one large class representing the remaining 97% to BO&émparison to the LGM
mean scores that increased and decreased over til@d&/llmean scores show a steady
increase or decrease over time due to the estimatiateot classes. For example, the
average of all direct report ratings combined for Envigghrown in Table 28) decreased
from 2001 to 2002, but increased from 2002 to 2003. By using GMMvsim Table
40), two latent classes now become apparent for Envisiemall class (3%) that begins

with a higher intercept and has a flat trajectory arsgcond, large class (97%) that
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begins with a lower intercept and has a positive trafgctRatings on Energize also
reveal two latent classes, one small class (3%) wiatggs increase and a large class
(97%) whose ratings decrease. Ratings for both latasse$ on Edge decrease, but the
large class’s (80%) ratings decrease more quickly aftenitial higher intercept.

Ratings on Execute display two divergent latent clas$&ég smaller class (3%) has a
very low intercept, but a rapidly increasing growth trejeg. The large class (97%) has
a much higher intercept and a decreasing growth trajeckayings on Ethics and
Character also reveal two latent classes that bothiexieigative trajectories, but slightly
different intercepts.

Examining latent class membership revealed some congisheross classes. Latent
class membership for Envision and Energize were extdie@lgame, and most of these
leaders came from one sector and one subdivisiorss Qléor Execute consisted almost
entirely of leaders from two sectors. Unlike the lalegent class, this small class had a

very highly positive trajectory on Execute.
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Table 40
Best Fitting Models for Direct Report Ratings

Model N Intercept Slope Meanl Mean?2 Mean3
Envision
Class 1 Both 11 2.673 .041 2471 2471 2471
Class 2 317 2.129 141 2.052 2.229 2.405
Energize
Class 1 Both 11 1.856 133 1.955 2.114 2.273
Class 2 317 2.679 -.070 2.510 2.486 2.461
Edge
Class1 Both 65 1.985 121 2.375 2.365 2.355
Class 2 263 2.292 .043 2.482 2.461 2.441
Execute
Class 1 Sector 11 1.404 627 1.374 1.994 2.615
Class 2 317 2.693 -.029 2.672 2.638 2.604

Ethics and Character
Class 1 Both 104 3.215 -.143 3.201 3.092 2.983
Class 2 224  2.936 -.111 3.066 2.930 2.794

Next, GMMs were run for the boss rater group. ModekSults for Envision are
presented in Table 41. The addition of the sector cateadid not improve model fit or
the average latent class probabilities. The additiagheofubdivision covariate slightly
improved model fit and average latent class probabilifiese addition of the
composition covariate did not improve model fit or agerétent class probabilities.

The addition of both sector and subdivision covaridigsot improve model fit, nor did
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the addition of both subdivision and composition catas. The addition of both sector
and composition covariates improved model fit; howewne class contained only 5
observations. The addition of all three covariates did not improve model fit or
average latent class probabilities. The resulting medelthe best fit was the model
with the addition of the subdivision covariate. Hoe\none of the covariates were
significant predictors of the slope or intercept. Addimg $ector covariate to the model
reduced some of the measurement and growth factor resmhiehces, adding the
subdivision covariate to the model separately only séghtly reduced residual
variances, and adding the composition covariate didauhtce residual variances. The
LMR LRT indicated that two latent classes were presetiie data.

Model fit results for Energize are presented in Table BlZe addition of the sector
covariate did not improve model fit or the averagenfatéass probabilities. The addition
of the subdivision covariate slightly improved modehfid average latent class
probabilities. The addition of the composition covaridid not improve model fit or
average latent class probabilities. The addition ¢f Bector and subdivision covariates
did not improve model fit. The addition of both secad composition and subdivision
and composition covariates did improve model fit; howetree models were not
identified. The addition of all three covariates imm@ model fit and average latent
class probabilities, resulting in the best model fthviwo latent classes. However, none
of the covariates were significant predictors of tlepalor intercept. Adding the sector
covariate to the model reduced measurement factor resaiuahces, adding the

subdivision covariate to the model did not reduce residargnces, and adding the
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composition covariate reduced growth factor residuadwags. The LMR LRT
indicated that two latent classes were present idatee

Model fit results for Edge are presented in Table 43. addiion of the sector
covariate did not improve model fit or the averageniatdass probabilities. The addition
of the subdivision covariate also did not improve mditlelr average latent class
probabilities. The addition of the composition covarsiightly improved model fit and
average latent class probabilities. Combinations ofdov@riates were tested, with the
best fitting model resulting from the addition of bdtlk subdivision and composition
covariates. The addition of all three covariateslted in a nonidentified model. None
of the covariates were significant predictors of tiepalor intercept. Adding the sector
and composition covariates to the model separatelyatideduce measurement or
growth factor residual variances, but adding the subidivisovariate to the model did
slightly reduce the growth factor residual varianceBe IMR LRT indicated that two
latent classes were present in the data.

Model fit results for Execute are presented in Table4e addition of each
covariate individually improved model fit over the modath no covariates.
Combinations of two covariates were tested, and thefitiesy model resulted from the
addition of both the sector and composition covarialdse addition of all three
covariates did not improve model fit over the inclusaidionly sector and composition.
None of the covariates were significant predictordefdlope or intercept. Adding the
sector covariate to the model reduced some of the measnr@nd growth factor

residual variances, but adding the subdivision and conposibvariates to the model



99

separately did not reduce residual variances. The LMR ib&€ated that two latent
classes were present in the data.

Model fit results for Ethics and Character are preskmdable 45. The addition of
the sector and composition covariates individually @itlimprove model fit over the
model with no covariates. However, the addition efg¢hbdivision covariate did
improve model fit and latent class probabilities. Contitams of two covariates were
tested, and improved models resulted from the additiontbfthe sector and subdivision
and the sector and composition covariates. The addifiall three covariates did not
improve model fit. Composition was the only covariatsignificantly predict the
intercepts (r =-0.243) and slopes (r = 0.315). Addingebsos and subdivision
covariates to the model separately reduced some ofgaasurement factor residual
variances, and adding the composition covariate reduced gbboth the growth and
measurement factor residual variances. The LMR LKlicated that three latent classes

were present in the data.
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Table 41

Boss Growth Mixture Model with Covariates for Envision

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp  All

BIC 1628.479 1651.518 1644.399 1645.201 1662.892 1662.818 1661.109 1677.272
Free Parameters 11 14 14 14 17 17 17 20
Entropy 811 .679 .814 .810 .696 978 .813 729
Class 1 N 29 77 28 29 108 5 28 130
Class 2 N 302 254 303 302 223 326 303 201
Class 1 Probability .821 .857 .830 .825 .857 935 .833 912

Class 2 Probability .964 927 .964 .963 .903 .997 .963 927
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Table 42

Boss Growth Mixture Model with Covariates for Energize

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp  All

BIC 1449.586 1476.960 1470.224 1465.422 1486.839 1489.390 1497.131 1492.971
Free Parameters 11 14 14 14 17 17 17 20
Entropy .831 574 576 .810 147 914 .940 .878
Class 1 N 21 159 122 28 97 39 5 119
Class 2 N 310 172 209 303 234 292 326 212
Class 1 Probability .815 .897 .833 962 916 1.000 .682 970

Class 2 Probability .964 .850 .896 .806 915 974 .985 .958
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Table 43

Boss Growth Mixture Model with Covariates for Edge

Covariates
None Sector  Subdivision Composition Sector/Sub Sector/Comp Sub/Comp
BIC 1768.575 1789.021 1783.670 1784.202 1794.417 1800.971 1802.283
Free Parameters 11 14 14 14 17 17 17
Entropy .836 701 835 842 734 675 981
Class 1 N 20 36 24 20 98 114 77
Class 2 N 311 295 307 311 233 217 254
Class 1 Probability .828 714 .784 .812 .875 .867 .998

Class 2 Probability .964 .935 .968 .967 .945 .930 .996
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Table 44

Boss Growth Mixture Model with Covariates for Execute

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp  All

BIC 1582.653 1606.480 1592.489 1596.665 1618.608 1610.371 1612.562 1619.226
Free Parameters 11 14 14 14 17 17 17 20
Entropy 709 743 750 .855 871 960 910 767
Class 1 N 49 91 48 21 36 39 140 46
Class 2 N 282 240 243 310 295 292 191 285
Class 1 Probability 794 916 .817 778 .879 1.000 962 .802

Class 2 Probability .937 .940 .950 974 .966 991 .984 .956



104

Table 45

Boss Growth Mixture Model with Covariates for Ethics and Character

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp  All

BIC 1466.161 1555.240 1479.808 1550.873 1560.768 1564.959 1562.288 1565.665
Free Parameters 11 14 20 14 17 20 17 23
Entropy 915 717 921 578 935 955 586 842
Class 1 N 101 110 101 179 15 292 121 49
Class 2 N 163 221 162 152 316 12 210 62
Class 3N 26 23 17 220
Class 4 N 41 45

Class 1 Probability .999 .881 999 .886 975 1.000 .819 925
Class 2 Probability .980 .939 .985 .860 983 779 907 953
Class 3 Probability .934 973 .835 .930

Class 4 Probability .766 .768
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Intercepts, slopes, and estimated means for the lex) finodel for each leadership
performance factor are shown in Table 46. As opposteeteelf-report and direct report
ratings, the best fitting models for each leadershippadnce factor were not as clear in
the boss ratings. In two out of the five cases, thdahcontaining both sector and
composition covariates fit the data best. Also io twt of five cases, the best fitting
model contained both subdivision and composition coewial he composition
covariate was included in conjunction with at least otfer covariate in all best-fitting
models. In four models, two latent classes were ptasene data. By using GMM, two
latent classes became apparent for Envision, a slasdl (8.5% of total sample) that
begins with a higher intercept and decreases at aatesand a second, large class
(91.5%) with a positive trajectory. Ratings for Eneegigveal two moderately sized
classes, one with a positive (36%) and one with a neg@ilo) trajectory. Ratings for
Edge reveal a small class (23%) with a negative trajetaod a large class (77%) with a
near zero rate of change. Ratings on Execute revaabl class (12%) with a rapidly
increasing trajectory and a large class (88%) with a gloetreasing trajectory. Ratings
for Ethics and Character reveal three latent classessmall classes, one (5%) with a
positive and one (4%) with a negative trajectory, atage class (91%) with a high
initial value and a negative trajectory.

Examining latent class membership revealed several stiggdindings. For Edge,
almost all members of Class 1, which displayed a muaile mapid decline in ratings than
Class 2, were from one subdivision. Most of Class Execute was from one of two

subdivisions, and all were from the same sector.ledlllers in the third class for Ethics
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and Character received consistent ratings from tiusses, and the class was filled

almost entirely with leaders from one sector and ftbree subdivisions. The leaders in

this class were the only ones to show improvemenhisifdctor.

Table 46
Best Fitting Models for Boss Ratings

Model N Intercept Slope Meanl Mean?2 Mean3
Envision
Class1  Sub/Comp 28 2.549 -.567 2.564 2.000 1.436
Class 2 303 2.421 .063 2.435 2.501 2.567
Energize
Class1 All 119 2.041 .290 2.487 2.525 2.564
Class 2 212 2.588 -.041 2.696 2.617 2.538
Edge
Class1  Sub/Comp 77 2.945 -1.315 2.491 2.437 2.383
Class 2 254 2.465 -.105  2.429 2.427 2.426
Execute
Class1 Sector/Comp39 2.428 .081 2.511 2.569 2.627
Class 2 292 2.858 -103 2.727 2.704 2.680
Ethics and Character
Class1l Sector/Comp292 3.223 -155  3.192 3.082 2.971
Class 2 12 2.689 -178  2.847 2.652 2.457
Class 3 17 2.743 .183 2.901 3.066 3.232

Next, GMMs were run for all ratings combined. Modeldisults for Envision are

presented in Table 47. The addition of the sector cateadid not improve model fit;
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however, the addition of the subdivision covariatkidiprove model fit and average
latent class probabilities. The addition of both c@tas improved model fit and average
latent class probabilities, but the best resulting madslthe one including the
subdivision covariate that fit two latent class®keither covariate was a significant
predictor of the slope or intercept. Adding the seatdrsaubdivision covariates to the
model separately slightly reduced some of the measureandrgrowth factor residual
variances. The LMR LRT indicated that two latenss&s were present in the data.
Table 47

All Raters Growth Mixture Model with Covariates for Envision

Covariates
None Sector Subdivision Both
BIC 589.668 588.184 599.933 608.168
Free Parameters 11 14 14 17
Entropy .841 .832 1.000 970
Class 1 N 11 123 101 135
Class 2 N 317 205 227 193
Class 1 Probability 707 .930 1.000 1.000
Class 2 Probability .968 .950 1.000 .988

Model fit results for Energize are presented in Table A& addition of the sector
covariate did not improve model fit. However, the &ddiof the subdivision covariate
did improve model fit and average latent class probalsilitithe addition of both

covariates did not improve model fit, but did improve ageratent class probabilities.
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The best resulting model was the one including the sigiolivcovariate that fit two
latent classes. Neither covariate was a signifipaedictor of the slope or intercept.
Adding the sector covariates to the model reduced the measotrand growth factor
residual variances, but adding the subdivision covatidt@ot reduce residual variances.
The LMR LRT indicated that two latent classes weesent in the data.

Table 48

All Raters Growth Mixture Model with Covariates for Energize

Covariates
None Sector Subdivision Both

BIC 561.464  578.500 568.715 577.232
Free Parameters 11 17 14 17
Entropy 910 .601 1.000 .852
Class 1 N 5 109 101 113
Class 2 N 323 62 227 215
Class 3 N 157

Class 1 Probability .635 .966 1.000 .958
Class 2 Probability .985 .693 1.000 .949
Class 3 Probability .697

Model fit results for Edge are presented in Table 49. adlai#tion of both the sector
and subdivision covariates individually substantiaityproved model fit, but the addition
of both covariates did not improve model fit. Thetbesulting model was the one

including the subdivision covariate that fit two latela#tsses. Neither covariate was a
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significant predictor of the slope or intercept. Addinggbetor and subdivision
covariates to the model separately did not reduce tlasurement and growth factor
residual variances. The LMR LRT indicated that tweré classes were present in the
data.

Table 49

All Raters Growth Mixture Model with Covariates for Edge

Covariates
None Sector Subdivision Both
BIC 670.791 670.652 681.890 694.624
Free Parameters 11 14 14 20
Entropy 400 922 1.000 .825
Class 1 N 201 231 98 186
Class 2 N 127 97 230 122
Class 3N 20
Class 1 Probability 811 976 1.000 981
Class 2 Probability .801 .996 1.000 .851
Class 3 Probability .699

Model fit results for Execute are presented in TableBte addition of both the
sector and subdivision covariates individually and jgistibstantially improved model
fit. The best resulting model was the one including bottadates. Neither covariate
was a significant predictor of the slope or intercefdding the sector covariate to the

model did not reduce measurement and growth factor residtahces, but adding the
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indicated that two latent classes were present idatee

Table 50

All Raters Growth Mixture Model with Covariates for Execute

Covariates
Sector Subdivision Both
BIC 527.923  521.562 542.634 547.937
Free Parameters 11 14 20 17
Entropy 731 .861 .836 .980
Class 1 N 18 219 38 89
Class 2 N 310 109 12 239
Class 3N 135
Class 4 N 143
Class 1 Probability .693 .949 .922 .995
Class 2 Probability 942 .968 981 991
Class 3 Probability 911
Class 4 Probability .894
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Model fit results for Ethics and Character are preskmdable 51. The addition of

both the sector and subdivision covariates individuedig jointly substantially improved

model fit. The best resulting model was the one inolydne subdivision covariate only.

Neither covariate was a significant predictor of tlopes or intercept. Adding neither the

sector nor subdivision covariates to the model sepgnae@liced measurement or growth
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factor residual variances. The LMR LRT indicated thad latent classes were present in

the data.
Table 51
All Raters Growth Mixture Model with Covariates for Ethics arcter
Covariates
None Sector Subdivision Both

BIC 515.158 513.161 528.580 527.362
Free Parameters 11 14 14 17
Entropy .383 .885 1.000 .954
Class 1 N 96 51 83 69
Class 2 N 232 277 245 259
Class 1 Probability .745 .801 1.000 .946
Class 2 Probability .823 991 1.000 1.000

Intercepts, slopes, and estimated means for the lex) finodel for each leadership
performance factor for all ratings combined are showlrainle 52. In four out of the five
cases, the model containing the subdivision covariatedfidata best. In all cases, the
best fitting model contained two latent classes. Ingarmeon to LGM mean scores that
both increased and decreased over time, all GMM mearsshow a steady increase or
decrease over time due to the models’ ability to estitateat classes. For example, the
average of all ratings combined for Envision (shownabl& 28) decreased from 2001 to
2002, but increased from 2002 to 2003. By using GMM (shown in Tabléva®)atent
classes now become apparent for Envision, a smadl (3486) that begins with a lower
intercept and increases at a faster rate than a sdaogelclass (69%). Ratings for
Energize, Edge, and Execute reveal one class with avedsajectory and one class with

a negative trajectory. Finally, ratings for Ethics &fdhracter reveal two latent classes,
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one small class (25%) whose ratings decrease moréysloan a second, large class
(75%) with a lower intercept value.

Examining latent class membership revealed consistenossss membership
across leadership performance factors. Class 1 facadirs contained many of the same
leaders. Class 1 for Execute was slightly less cargistue to the addition of the Sector
covariate, and differed from the Class 1 assignment thenother four leadership
performance factors by including more leaders from onécpéat sector. In all cases

except for Ethics and Character, Class 1 displayed &vyaosajectory.
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Table 52
Best Fitting Models for All Ratings

Model N Intercept Slope Meanl Mean?2 Mean3
Envision
Class1  Subdivision101  2.317 .055 2.385 2.434 2.483
Class 2 227 2.504 .008 2.518 2.525 2.531
Energize
Class1  Subdivision101  2.542 .027 2.510 5.535 2.561
Class 2 227 2.608 -.027 2.619 2.592 2.564
Edge
Class1  Subdivision98 2.349 .031 2.404 2.437 2.470
Class 2 230 2.461 -.011 2.472 2.461 2.451
Execute
Class1 Both 89 2.577 -.059 2.564 2.600 2.636
Class 2 239 2.714 -.040 2.696 2.691 2.687

Ethics and Character
Class 1 Subdivision83 3.222 -.086 3.222 3.137 3.051
Class 2 245 3.150 -.098 3.152 3.056 2.961

Growth Mixture Modeling with Outcome Variables

Finally, the distal outcome variable consensus peidooa was added to the GMMs
for each rater group to answer research question 7. iQu&sasked if change in
leadership performance predicts promotion and/or consg@estesmance. There was no
variability on the promotion outcome variable; thus, a@swot included in these analyses.

2.4% of the leaders had consensus performance scoresm1% of leaders had scores
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of 2, and 27.4% of leaders had scores of 3. Tables 53 - &/7tsaanodel results for
self-ratings with the addition of the consensus perémee outcome variable.

Adding the consensus performance variable to the besgfittodel for self-report
ratings of Envision did not improve model fit. The epyrowalue and the latent class
probability for Class 1 decreased slightly while therlatdass probability for Class 2
increased. Class size for both latent classes chamggdittle. Model fit for self-report
ratings of Energize deteriorated substantially withatidition of the consensus
performance variable. While models including the moderatdables had perfect fit,
the addition of the consensus performance variableteesul an ill-fitting model. The
addition of the performance variable to the beshfittmodel for self-report ratings of
Edge also did not improve model fit. Adding the perforneavariable to the model with
the Sector covariate resulted in a reduced entropy vatliecgluced latent class
probabilities. The model containing both moderator varsabiel the performance
variable was not identified, so no fit indices are ad@. The addition of the consensus
performance variable to the best fitting model for-salings of Execute also did not
improve model fit. The entropy value and both lateasslprobabilities decreased in
comparison to the model containing only the moderator vasalfinally, the addition
of the performance variable to best fitting model ff-gatings of Ethics and Character
did improve model fit. The complete model estimatedratber than three classes with
one very small class and one large class. The entadpg was slightly improved and

the latent class probabilities remained high.
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Table 53

Self-Report Ratings Growth Mixture Model with Covariates for Eowisi

Covariates
None Sector Subdivision Sector/Sub All
BIC 1254.495 1261.666 1263.155 1275.067 1750.994
Free Parameters 11 14 14 17 23
Entropy 0.960 0.789 0.953 0.995 0.993
Class 1 N 4 123 102 71 92
Class 2 N 324 205 226 257 236
Class 1 Probability 0.775 0.921 0.996 0.992 991

Class 2 Probability 0.994 0.940 0.978 1.000 1.000
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Table 54

Self-Report Ratings Growth Mixture Model with Covariates for Energiz

Covariates
None Sector Subdivision Sector/Sub All
BIC 1163.571 1163.073 1173.328 1188.819 1674.890
Free Parameters 11 14 14 17 23
Entropy 0.538 0.918 1.000 1.000 0.468
Class 1 N 14 57 83 88 182
Class 2 N 314 271 245 240 146
Class 1 Probability 0.640 0.980 1.000 1.000 0.836

Class 2 Probability 0.883 1.000 1.000 1.000 0.837
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Self-Report Ratings Growth Mixture Model with Covariates for Edge
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Covariates
None Sector Subdivision Sector/Sub Consensus/Sector
BIC 1313.228 1318.926 1327.104 1335.493 1811.271
Free Parameters 11 14 14 17 19
Entropy 0.989 1.000 0.953 0.956 905
Class 1 N 1 96 20 6 53
Class 2 N 327 232 308 322 275
Class 1 Probability 0.998 1.000 0.979 0.849 953
Class 2 Probability 0.986 1.000 0.990 0.994 970
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Table 56

Self-Report Ratings Growth Mixture Model with Covariates for Execut

Covariates
None Sector Subdivision Sector/Sub All

BIC 1210.955 1213.142 1227.641 1236.55 1700.496
Free Parameters 11 14 18 17 23
Entropy 0.744 0.820 0.829 0.984 0.913
Class 1 N 36 28 226 83 20
Class 2N 292 300 29 245 308
Class 3 N 73

Class 1 Probability 0.802 0.837 0.961 1.000 0.836
Class 2 Probability 0.947 0.962 0.821 0.993 0.985

Class 3 Probability 0.903
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Table 57

Self-Report Ratings Growth Mixture Model with Covariates for Ethies Character

Covariates
None Sector Subdivision Sector/Sub All

BIC 1280.941 1312.17 1297.613 1289.587 1810.497
Free Parameters 11 18 14 22 23
Entropy 0.656 0.918 0.655 0.890 0.928
Class 1 N 194 14 132 25 9
Class 2N 134 309 196 187 319
Class 3N 5 116

Class 1 Probability 0.907 0.821 0.894 0.945 0.860
Class 2 Probability 0.887 0.974 0.902 0.942 0.986

Class 3 Probability 0.872 0.988
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Tables 58 - 62 show the full GMM results for direct mtpatings. The addition of
the consensus performance variable to the best fittodehior direct report ratings of
Envision did not improve model fit. In comparison to thedel with both moderator
variables, the model containing all moderator and dgtahbles had a slightly lower
entropy value and latent class probabilities, and ined&d three latent classes rather than
two. Adding consensus performance to the direct repangsamodel for Energize slightly
decreased model fit over the best fitting model thatiaghed both covariates. The entropy
value and latent class probabilities were just sligbtyer in the full model, but latent class
sizes differed substantially. The addition of thefgrenance outcome to the best fitting
model for Edge neither improved nor decreased model figusecin both models the fit was
perfect. However, the full model did have a signiftbahigher BIC and estimated very
different latent class sizes. Finally, the additadnthe consensus performance variable to the

Energize and Ethics and Character models decreased maudistantially.
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Table 58

Direct Report Ratings Growth Mixture Model with Covariates fori&ion

Covariates
None Sector Subdivision Sector/Sub All
BIC 1513.599 1429.898 1433.556 1449.296 1938.563
Free Parameters 11 17 14 17 28
Entropy 0.812 0.851 0.855 1.000 0.931
Class 1 N 12 22 19 12 78
Class 2N 316 17 309 316 240
Class 3N 289 10
Class 1 Probability 0.775 0.803 0.765 1.000 1.000
Class 2 Probability 0.961 0.869 0.976 1.000 0.968

Class 3 Probability 0.951 0.782
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Table 59

Direct Report Ratings Growth Mixture Model with Covariates forrgize

Covariates
None Sector Subdivision Sector/Sub All
BIC 1421.649 1530.399 1529.853 1539.348 2014.705
Free Parameters 11 14 14 17 23
Entropy 0.874 0.539 0.588 1.000 0.980
Class 1 N 11 58 194 10 116
Class 2 N 317 270 134 318 212
Class 1 Probability 0.787 0.866 0.882 1.000 1.000

Class 2 Probability 0.974 0.849 0.870 1.000 0.990




Table 60

Direct Report Ratings Growth Mixture Model with Covariates for Edge

Covariates
None Sector Subdivision Sector/Sub All
BIC 1443.616 1455.891 1462.014 1473.431 1941.968
Free Parameters 11 14 14 17 23
Entropy 0.891 0.893 0.698 1.000 1.000
Class 1 N 11 15 76 65 187
Class 2 N 317 313 252 263 141
Class 1 Probability 0.793 0.816 0.832 1.000 1.000
Class 2 Probability 0.978 0.981 0.940 1.000 1.000
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Table 61

Direct Report Ratings Growth Mixture Model with Covariates foedtte

Covariates
None Sector Subdivision  Sector/Sub  Consensus/SectoAll
BIC 1345.023 1357.569  1361.920 1390.202 1833.648 1866.197
Free Parameters 11 14 14 17 19 23
Entropy 0.943 0.953 0.946 702 0.946 0.735
Class 1 N 9 11 9 195 11 25
Class 2N 319 317 319 133 317 303
Class 1 Probability 0.939 0.870 0.932 912 0.888 0.848

Class 2 Probability 0.988 0.994 0.989 877 0.991 0.936
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Table 62

Direct Report Ratings Growth Mixture Model with Covariates fdri€s and Character

Covariates
None Sector Subdivision Sector/Sub All
BIC 1532.058 1555.422 1546.702 1560.887 2016.390
Free Parameters 11 14 14 17 23
Entropy 0.707 0.979 0.709 1.000 0.703
Class 1 N 38 3 39 104 45
Class 2N 290 325 290 224 283
Class 1 Probability 0.803 0.691 0.813 1.000 0.833

Class 2 Probability 0.936 0.997 0.935 1.000 0.932
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Tables 63 - 67 show the GMM results with covariated@ss ratings. Adding the
consensus performance variable with all three coeariat the All Covariate (All Cov)
model of boss ratings for Envision decreased modeTfie BIC increased to 2145.532 with
27 free parameters. Entropy decreased to 0.692, the silessfl decreased to 64, the size
of class 2 increased to 267, the latent class probabilitiass 1 decreased to 0.825, and the
latent class probability of class 2 increased to 0.933.indthe consensus performance
variable to the best fitting model, Sub/Comp, the BlGaased to 2133.240 with 23 free
parameters. Entropy decreased to 0.745, the size oficiasieased to 49, the size of class 2
decreased to 282, the latent class probability of claexieased to 0.794, and the latent
class probability of class 2 decreased to 0.951.

By adding the consensus performance variable to the Alin@adel for Energize, the
BIC increased to 1977.327 with 27 free parameters. Entropyadecteo 0.602, the size of
class 1 increased to 137, the size of class 2 decreat8d,tthe latent class probability for
class 1 decreased to 0.871, and the latent class probabdlase 2 decreased to 0.886.
Adding the consensus performance variable to the All Cadeirfor Edge (not shown in
Table 65 due to previous model non-identification), the WHS 2297.357 with 27 free
parameters. Entropy equaled 0.594, the size of class 1 eqOake size of class 2 equaled
261, the latent class probability of class 1 equaled 0.774handtent class probability of
class 2 equaled 0.902. Adding the consensus performanckeledoidhe best fitting model,
Sub/Comp, the BIC increased to 2281.843 with 23 free paramdiatsopy decreased to
0.530, the size of class 1 slightly increased to 80, #eeddiclass 2 slightly decreased to 251,
the latent class probability for class 1 decreased to Oar@i3the latent class probability for

class 2 decreased to 0.874.
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Adding the consensus performance variable to the All Caderfor Execute, the
BIC increased to 2100.732 with 27 free parameters. Entropgabsz to 0.629, the size of
class 1 increased to 164, the size of class 2 decreat6d,tthe latent class probability for
class 1 increased to 0.880, and the latent class propddilitlass 2 decreased to 0.903.
Adding the consensus performance variable to the besgfitiodel, Sector/Comp, the BIC
increased to 2082.989 with 23 free parameters. Entropy detreaB&71, the size of class
1 increased to 187, the size of class 2 decreased to 144 gtiteclass probability for class 1
decreased to 0.874, and the latent class probability £ 2lalecreased to 0.876.

Adding the consensus performance variable to the All Cadeifor Ethics and
Character, the BIC increased to 2056.912 with 27 free paraatditwo latent classes
instead of three. Entropy decreased to 0.757, the sizassfT was 95, the size of class 2
was 236, the latent class probability for class 1 was 0&@@Dthe latent class probability of
class 2 was 0.944. Adding the consensus performance vaadh&best fitting model,
Sector/Comp, the BIC increased to 2045.367 with 23 free p&eesrand two latent classes
rather than three. Entropy increased to 1.000, the t@ass 1 was 39, the size of class 2
was 292, the latent class probability for class 1 was 1di@Dthe latent class probability for

class 2 was 1.000.
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Table 63

Boss Ratings Growth Mixture Model with Covariates for Envision

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp All Cov

BIC 1628.479 1651.518 1644.399 1645.201 1662.892 1662.818 1661.109 1677.272
Free Parameters 11 14 14 14 17 17 17 20
Entropy 811 .679 .814 .810 .696 978 .813 729
Class 1 N 29 77 28 29 108 5 28 130
Class 2 N 302 254 303 302 223 326 303 201
Class 1 Probability .821 .857 .830 .825 .857 935 .833 912

Class 2 Probability .964 927 .964 .963 .903 .997 .963 927
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Table 64

Boss Ratings Growth Mixture Model with Covariates for Energize

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp All Cov

BIC 1449.586 1476.960 1470.224 1465.422 1486.839 1489.390 1497.131 1492.971
Free Parameters 11 14 14 14 17 17 17 20
Entropy .831 574 576 .810 147 914 .940 .878
Class 1 N 21 159 122 28 97 39 5 119
Class 2 N 310 172 209 303 234 292 326 212
Class 1 Probability .815 .897 .833 962 916 1.000 .682 970

Class 2 Probability .964 .850 .896 .806 915 974 .985 .958
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Table 65

Boss Ratings Growth Mixture Model with Covariates for Edge

Covariates
None Sector  Subdivision Composition Sector/Sub Sector/Comp Sub/Comp
BIC 1768.575 1789.021 1783.670 1784.202 1794.417 1800.971 1802.283
Free Parameters 11 14 14 14 17 17 17
Entropy .836 701 835 842 734 675 981
Class 1 N 20 36 24 20 98 114 77
Class 2 N 311 295 307 311 233 217 254
Class 1 Probability .828 714 .784 .812 .875 .867 .998

Class 2 Probability .964 .935 .968 .967 .945 .930 .996
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Table 66

Boss Ratings Growth Mixture Model with Covariates for Execute

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp All Cov

BIC 1582.653 1606.480 1592.489 1596.665 1618.608 1610.371 1612.562 1619.226
Free Parameters 11 14 14 14 17 17 17 20
Entropy 709 743 750 .855 871 960 910 767
Class 1 N 49 91 48 21 36 39 140 46
Class 2 N 282 240 243 310 295 292 191 285
Class 1 Probability 794 916 .817 778 .879 1.000 962 .802

Class 2 Probability .937 .940 .950 974 .966 991 .984 .956
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Table 67

Boss Ratings Growth Mixture Model with Covariates for Ethics andacher

Covariates

None Sector  SubdivisionComposition Sector/Sub Sector/Comp Sub/Comp All Cov

BIC 1466.161 1555.240 1479.808 1550.873 1560.768 1564.959 1562.288 1565.665
Free Parameters 11 14 20 14 17 20 17 23
Entropy 915 717 921 578 935 955 586 842
Class 1 N 101 110 101 179 15 292 121 49
Class 2 N 163 221 162 152 316 12 210 62
Class 3N 26 23 17 220
Class 4 N 41 45

Class 1 Probability .999 .881 999 .886 975 1.000 .819 925
Class 2 Probability .980 .939 .985 .860 983 779 907 953
Class 3 Probability .934 973 .835 .930

Class 4 Probability .766 .768
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Tables 68 - 72 show the full GMM results for all ratiegsnbined. The addition of
the consensus performance variable to the best fittodehand the model containing
both covariates for ratings of Envision did not improvedel fit. In comparison to the
model with only the Subdivision variable, the additidnhe performance variable
slightly lowered the entropy value and latent class gbdbies. Adding consensus
performance to the best fitting model, Subdivision, dedmodel containing both
covariates for Energize severely decreased modeTlfie entropy values and latent class
probabilities were significantly lower in both modetglavere indicative of inadequate
model fit. The addition of the performance outcoméneoliest fitting model,
Subdivision, and the model containing both covariategflye did not improve model
fit, because fit in the Subdivision model was perfddbwever, the full model containing
both covariates and the outcome variable was an impreneover the model containing
only the covariates. Adding the consensus performeacable to the model with both
covariates for Execute did not improve model fit. Tilérhodel had decreased entropy
and latent class probability values. The addition efdbtcome variable to the best
fitting model, Subdivision, for Ethics and Charactethmi increased nor decreased
model fit because both models fit perfectly; howeverntbelel including consensus
performance had a higher chi-square value. Adding the perfioemariable to the
model with both covariates; however, did slightly impgranodel fit for all ratings of

Ethics and Character.



Table 68

All Ratings Combined Growth Mixture Model with Covariates for Eamisi

Covariates
None Sector Subdivision  Sector/Sub  Consensus/Sub All
BIC 589.668 588.184 599.933 608.168 1083.287  1091.544
Free Parameters 11 14 14 17 19 23
Entropy .841 .832 1.000 970 0.956 0.816
Class 1 N 11 123 101 135 24 14
Class 2 N 317 205 227 193 304 314
Class 1 Probability 707 930 1.000 1.000 0.928 0.856
Class 2 Probability .968 950 1.000 .988 0.994 0.966
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Table 69

All Ratings Combined Growth Mixture Model with Covariates for Energiz

Covariates
None Sector Subdivision Sector/Sub  Consensus/SubAll

BIC 561.464  578.500 568.715 577.232 1044.644 1062.512
Free Parameters 11 17 14 17 19 23
Entropy 910 .601 1.000 .852 0.390 0.539
Class 1 N 5 109 101 113 141 129
Class 2 N 323 62 227 215 187 199
Class 3N 157

Class 1 Probability .635 .966 1.000 .958 0.779 0.852
Class 2 Probability .985 .693 1.000 949 0.818 0.862
Class 3 Probability .697




Table 70

All Ratings Combined Growth Mixture Model with Covariates for Edge

Covariates
None Sector Subdivision Sector/Sub  Consensus/SubAll

BIC 670.791 670.652 681.890 694.624 1147.991 1164.929
Free Parameters 11 14 14 20 19 23
Entropy 400 922 1.000 .825 0.893 0.939
Class 1 N 201 231 98 186 35 150
Class 2 N 127 97 230 122 293 178
Class 3 N 20

Class 1 Probability 811 976 1.000 981 0.894 0.993
Class 2 Probability .801 .996 1.000 .851 0.981 0.969
Class 3 Probability .699
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Table 71

All Ratings Combined Growth Mixture Model with Covariates for Execut

Covariates
None Sector Subdivision Sector/Sub All

BIC 527.923 521.562 542.634 547.937 1022.681
Free Parameters 11 14 20 17 23
Entropy 731 .861 .836 .980 0.845
Class 1 N 18 219 38 89 18
Class 2N 310 109 12 239 310
Class 3N 135
Class 4 N 143
Class 1 Probability .693 .949 922 .995 0.774
Class 2 Probability .942 .968 981 991 0.969
Class 3 Probability 911

Class 4 Probability .894
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Table 72

All Ratings Combined Growth Mixture Model with Covariates for Ethres Character

Covariates
None Sector Subdivision  Sector/Sub  Consensus/Sub All
BIC 515.158 513.161 528.580 527.362 998.135 1016.713
Free Parameters 11 14 14 17 19 23
Entropy .383 .885 1.000 .954 1.000 0.978
Class 1 N 96 51 83 69 38 158
Class 2 N 232 277 245 259 290 170
Class 1 Probability 745 .801 1.000 .946 1.000 0.986

Class 2 Probability .823 991 1.000 1.000 1.000 0.997
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CHAPTER FIVE: DISCUSSION

The purpose of this study was to challenge traditionalfedh@at performance is a
stable construct and to examine the validity of multiseuepeated measure leadership
performance appraisals in predicting important leaderoowts. In organizations,
performance feedback is often given and received annyatlyew researchers and
practitioners have concerned themselves with examiningtiggudinal effects of
providing multisource feedback despite evidence that peafloceis dynamic.

Using longitudinal ratings of performance rather thamose typical cross-sectional
design, this study provides evidence for the changing nateseoutive leadership
performance and the predictive ability of leadership perémce change on overall job
performance. In addition, this study sought to investifaeffects of rater group
composition, rater perspective, and rater context amitlesinal performance ratings.
Prior research shows that performance is dynamicr€Bom, et al., 2004) and that raters
from different organizational perspectives are attunedifferent behaviors and can
provide unique information in their ratings (Scullen et2000). This study confirms
and extends these previous findings.

Discussion of Findings by Research Question

Seven research questions were addressed by this studfirsthad second
guestions addressed measurement equivalence across ratoeygoups and
measurement occasions on the leadership performanceumbn$trevious research
results have been inconsistent regarding equivalencegarating sources. Supporters of

multisource feedback systems advocate for the additiofmimation gained by using
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raters from different organizational perspectives; howeating source inequivalence
might obscure a target’s longitudinal performance treddta from all rating sources is
combined and limits cross-group comparisons. Severalrobsza have used a CFA
approach to examine rating source equivalence (Cheung, 1999;rMRaje & Collings,
1998; Facteau & Craig, 2001). In these studies, results tedithat ratings from
sources including self, supervisors, peers, and directteapere equivalent. The results
from this study concur with previous research.

Measurement equivalence of the leadership performancguneeacross rater groups
and time intervals was first established in this studyngure that the same construct was
measured and could be compared before evaluating individdaimpance trends and
their resulting outcomes. A series of CFA model camspas were conducted to confirm
measurement equivalence among rating source groups and measuwecasions.

Using CFA, all models indicated moderate, but acceptébleSelf-ratings, boss ratings,
and direct report ratings across the three measuresneasions were equivalent.

Measurement equivalence was confirmed across allgetaps and all measurement
occasions. The leadership performance factors wenearrelated at relatively high
levels with the exception of Ethics and Character, whedmonstrated lower correlations
with the other four factors across all rater groups aedsarement occasions. This may
be due to the fact that Edge, Execute, Envision, and Eeedgscribe the behaviors and
actions of a leader while Ethics and Character meashedsdits of integrity and
emotional stability. Tests of measurement equivalenoeluded that the correlations
among the five factors and factor loadings on thefaegors did not differ significantly

by rating source group or across the three measuremesiata
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Measurement equivalence of the self, boss, and depott ratings supported
combining all ratings into a composite leadership perfoomacore. Idiosyncratic rater
effects account for a very large proportion of perforoearating variance, and because of
the large error component, averaging across multiiérs serves to significantly reduce
the effects of bias and random error (Scullen, et al., 200€3dership performance
ratings were combined and averaged across rater groupsite coeposite ratings from
all raters combined. Because the measurement equieatemdels indicated acceptable
fit, data analysis continued by examining individual treinde leadership performance
data.

The third and fourth research questions investigated thetf@antatent growth
curves take for longitudinal leadership performance andthege curves might be
dependent upon rating sources. In previous analyseshggh tlata (Kaiser, Craig, &
Kaplan, 2002), ANOVA suggested several possible trends imblemdership
performance, including an upward trend in observed meat®$&srratings from 2000 to
2002. In the current study, boss ratings were the only soatings that adequately fit a
LGM. Four of the five leadership factors indicated a tiegdrend over the time period
2001 to 2003. Inthe previous ANOVA, direct report ratingsasdd a downward trend
from 2001 to 2002. In the current study, direct reportgatfailed to support an
adequately fitting LGM; however, four of the five leadergtepformance factors showed
decreasing ratings from 2001 to 2002 and increasing ratings from@Q@0B3. Finally,
self-ratings increased from 2000 to 2001, but decreased from 2@002an the
previous study. In the current study, self-ratings faibesupport an adequately fitting

LGM; however, three of the five leadership performamadrs showed steady increases
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in self-ratings over time, one factor showed steadyedses, and one factor showed an
initial decrease followed by an increase.

LGM analyses were performed for each rater group oh keadership performance
factor for years 2001 through 2003. Fit statistics provided pe&ef adequate model fit
for boss ratings, but not for self-ratings, diregiam ratings, or average ratings across
rater groups. Despite model fit being adequate for onlydks tater group, latent
growth curves for all rater groups were remarkably simiRatings on Envision for all
rater groups showed a decrease from 2001 to 2002, but therreasizm from 2002 to
2003. Ethics and Character ratings showed a steady detweafieater groups.

Ratings on Energize, Edge, and Execute were more mikeelse leadership factors
showed a steady decrease in the boss rater groupstaady increase in self-ratings.
Ratings on Energize, Edge, and Execute from directt®pad all groups combined
decreased from 2001 to 2002 and increased from 2002 to 2003. Despiteasurement
equivalence shown between rating source groups, the iniomgaovided by each rater
group in this study was unique, supporting the idea that obtamiimgs from different
organizational perspectives adds valuable informationtaboget behavior.

The initial decreases in leadership performance thatroat after the 2000-2001
companywide leadership intervention should not be unexpeetadibe leadership
interventions using multisource feedback have been showasult in performance
decreases for a subset of managers in previous reg&huger & DeNisi, 1996). Some
targets who receive negative feedback might becomeuwtasged and not motivated to
improve. However, other researchers suggest that penfmerfeedback might result in

an immediate decline in performance followed by a subse¢dquaease in that
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performance once the target’s new knowledge and skille become engrained (Klein
& Ziegert, 2004).

The next two research questions investigated the effecasen composition, rater
context variables (i.e., sector and subdivision),leader outcome variables (i.e.,
promotion and consensus performance). The effectsesfeamposition were examined
in both direct report and boss ratings. Before usirectieport ratings in LGM
analyses, a comparison was made between consisteimcamsistent direct report
ratings. Measurement equivalence tests indicated thdeakdership performance model
was equivalent between consistent and inconsistent daeott groups. Both direct
report groups’ latent growth models exhibited poor model fifghowed similar growth
curvatures. The consistent direct report group tendestédaaders more highly than the
inconsistent direct report group. Leniency in the condistieect report group might be
due to a greater liking of familiar leaders or more validluation of the leaders’
performance. Future research should seek to confirmrdedd these findings.

The effects of rater composition for boss ratingsenestamined using SOF LGM.
The dichotomous rater composition variable was entaeted¢he model as a moderator
variable separately and in conjunction with the contextariates. The addition of the
composition covariate singularly and in conjunctiortwifte other covariates to the LGM
of Envision failed to improve model fit. The best figimodel for Energize resulted
from the addition of all three covariates. The Wigishg model for Edge resulted from
the addition of both the subdivision and compositioveciates. The best fitting model
for Execute resulted from the addition of both the@eahd composition covariates.

Finally, the best fitting model for Ethics and Characésulted from the addition of both
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the sector and composition covariates. The composibeariate also significantly
predicted the intercept and slope for Ethics and Charaktdour out of the five
leadership performance models, the addition of the cotmposariable in conjunction
with one or both context covariates improved modelTiherefore, it can be concluded
that rater composition and rater context for bost®simportant roles in detecting linear
change in leader performance.

Klein and Ziegert (2004) proposed that individual differeranes organizational
climate have effects on leader change and developrganizational climate may
have indirect effects on leader change by influencing leaders experience work
challenges, feedback, and training. Organizational ainrety have a moderating effect
by influencing leader acquisition of new skills and knowledgea result of work
challenges, feedback, and training. Additionally, orgdimnal climate may effect raters
and how they provide ratings. Certain organizationakunay provide rater training or
be more supportive of certain leadership behaviors. kera@®rmance typically plays a
dominant role in leadership performance ratings, but rdséas found that rater
characteristics also have effects on performanaggsa{Cardy & Dobbins, 1994). This
study included several rater characteristics to examinéheththese characteristics
influence judgments of leadership performance. Whilestivare no measures of
organizational climate used in this study, researchdwagdfthat functional units (i.e.,
organizational sectors and subdivisions) can have dingirunique perceptions of
organizational culture (Cantwell, Mullen, & Aiman-Sh)ji2007).

Adding the sector and/or subdivision covariates to the GNtM every rater group

improved model fit for each leadership performance facdoiding both covariates to
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models for self-ratings resulted in the best fittingdel for four of the five models. The
model for Edge improved with the addition of the Sectmaciate. Importantly, using
GMM with self-ratings allowed the model to estimatierd classes that clarified the
direction of leadership performance growth. With sinigkV, growth trajectories were
positive and negative over time. Three leadership perforentactors showed steady
increases over time, one factor showed steady desreagkone factor showed an initial
decrease followed by an increase.

The addition of the covariates allowed the model torsg¢pdeaders into classes with
similar growth trajectories that resulted in positirsgectories for all leadership
performance factors. GMM estimated two latent cle$éseEnvision, Energize, Edge,
and Execute that showed different slopes and intercapta]llslopes were in the
positive direction. Three classes were estimateétiics and Character with one class
having a very low intercept and a highly positive growdiettory, one class had a
moderate intercept and little movement over time, hadhird class had a very high
intercept and a large decline in ratings over time. GhMipped to clarify the direction of
growth in self-ratings over time, which resulted inaclenprovements in leadership
performance for most individuals. Positive growthtfoe majority of classes on all
leadership performance factors was unique to self-ratingsjlpdp suggesting positive
rater bias (leniency). This should not be unexpectedusedadividuals tend to view
themselves positively, which might lead them to igndigtort, rationalize, or attach less
importance to negative information they may receivenfothers. Also, others might be
reluctant to give negative feedback to a leader, whichtrpigipetuate that leader’s

belief that he or she is performing better than g@Waldman & Atwater, 1998).
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Similar to the self-ratings, adding both covariatestwlels for direct report ratings
also resulted in the best fitting model for four moddike model for Execute improved
with the addition of the Sector covariate. Addingsbedivision covariate to models for
all ratings combined resulted in the best fitting modefdar models. The model for
Execute improved most with the addition of both cotasa The addition of both the
subdivision and composition covariates to the modelbdgs ratings resulted in the best
fitting model for Envision and Edge. Adding both the seatat composition covariates
resulted in the best fitting model for Execute and Ethme$ Character. Finally, the
addition of all three covariates resulted in the figgtg model for Energize. In all
leadership performance models for each rater group tiea@ntext variables improved
model fit over the models containing no covariates. dddition of these covariates
allowed the GMMs to better estimate latent classes.

Identifying latent classes that group individual leaders ¢histers with different
trajectories of leadership performance growth allowsaeshers to identify
commonalities among the leaders within a latent classhis study, comparing the latent
classes for each leadership performance factor arehtr rater group identified certain
organizational sectors and subdivisions that employatkehs with steeper leadership
growth trajectories. For example, the first latelasses identified in the self-ratings
contained a small group of leaders with a positive grasgjactory. While the size of
Class 1 was similar for Envision, Energize, Edge, aretkbe and the trajectories were
all positive, the same leaders were not always assigrtbe same latent classes for each
factor. The majority of leaders in Class 1 for Eroistame from the Commercial

Solutions sector while the majority of leaders in Cla$sr Energize came from the
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Corporate sector. Class 1 for Edge represented membé&wmhigeveral sectors, and
Class 1 for Execute represented membership mainly fronséstors, Personal
Communications and Semiconductor Products. All threetlatasses for Ethics and
Character represented membership from a variety of seaorsubdivisions.

Examining posterior latent class membership for direcirteptings revealed greater
consistency across classes. Latent class membeosimfision and Energize was
exactly the same, and most of the leaders in Claasng érom the Integrated Electronics
sector and the Automotive Communications subdivisiolnes& leaders had no change
over the three years on Envision while leaders ing2asad positive growth.
Conversely, the leaders in Class 1 for Energize hadiy® growth while leaders in Class
2 showed a decline in ratings. Class 1 for Execute laghty positive trajectory and
consisted almost entirely of leaders from two difféactors, Global Telecom and
Personal Communications.

Examining posterior latent class assignments for aisgys also revealed several
interesting findings. Almost all of Class 1 on Executleich was the only class to
display positive growth, was from the Commercial Sohg sector and most were from
one of two subdivisions, Marketing and Sales and Techyddayelopment. Class 3 for
Ethics and Character was the only class to show impravesmethis factor and was
filled almost entirely with leaders from the Commat@&olutions sector and from two
subdivisions, Marketing and Sales and Technology Devedopnilhese results indicate
that something occurred in the Commercial Solutions secidMarketing and Sales and

Technology Development subdivisions that did not occulionot occur to the same
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degree in other sectors and subdivisions that helpedtemdarove over time in Execute
and Ethics and Character.

Finally, examining latent class membership for all raticgsbined also revealed
consistencies in class membership across leadershiprparfoe factors. Class 1 for all
factors contained many of the same leaders and disptapesitive trajectory for all
factors except Ethics and Character. Class 2 for Eéimd<Character also displayed a
negative trajectory. The majority of leaders in €lador all factors came from two
sectors, Personal Communications and Semiconductor Rspdad two subdivisions,
Semiconductor Products Marketing and Global Supply.

Across all rater sources, one sector was clearlesepted in latent classes with
positive trajectories. The Personal Communicatioogséad membership in Class 1
for all leadership performance factors for all ratingsibined. Personal
Communications also had membership in Class 1 on ratfri§gecute for both self and
direct report ratings. These results suggest that samgewithin this sector encouraged
or allowed leaders to improve in leadership performance gitinetime period studied,
especially Envision: achieving results better and fasterdbenpetitors by utilizing
innovative, proven, and rigorous management practices.P&€hsonal Communications
sector is one of the key components for this telecompany. Interestingly, while the
broader stock market declined from January 1, 2001 to Dec&hp2003 (the Dow
Jones Industrial Average declined 4% and the Nasdaq declined tb&%sjock price for
the organization used in this study declined at a much latetman its two closest
competitors (-36% versus -50% and -85%). While no firm lesiens may be drawn

from this observation, improved leadership in the Petgdammunications sector might
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have contributed to the relative success of this orgamizaver its competitors during
this time immediately following the “dot-com collapse.”

For boss ratings, the latent class identified with sitpe trajectory most often was
not Personal Communications, but Commercial Solutikiesders from Personal
Communications fell into the latent class with a negattiajectory in models of boss
ratings. It is differences such as these that supiperse of multisource feedback rather
than single source ratings of performance.

The final research question addressed how change in Ibgdpesformance relates
to objective performance outcomes. In a study conducted dgriBk and colleagues
(1997), individual differences in ability and experienceensgnificantly correlated with
performance trends but only accounted for 5% of the vagianthe rate of performance
change. One would expect organizations to reward and pedeaxters who
successfully acquire and utilize leadership skills and krdyde However, organizations
often reward and promote leaders for things such as dgreofinancial performance
that might have little to do with leader developmenidK& Ziegert, 2004).

Day and Lance (2004) believed that the measurement ofehmaust allow for the
identification of subgroups of individuals who share Emthange patterns. Growth
mixture modeling has the capability of both identifying subgrafpeaders with
different leadership performance trajectories and usisgdngitudinal change
information to predict outcomes such as job performameehe final stage of the current
research, the distal outcome variable consensus pamoawas added to the GMMs for
each rater group. Unfortunately, the promotion outcooudd not be included in these

analyses because it had no variability.
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Adding the consensus performance variable to the besgfittodel of boss ratings
and self-report ratings for Envision, Energize, Edge,Eretute did not improve model
fit. However, the addition of the performance varata the models for Ethics and
Character did improve model fit. The addition of thessmsus performance variable to
the best fitting model for all ratings combined for Envisi&nergize, Edge, and Execute
did not improve model fit. The addition of the outcovagiable to the best fitting model
for Ethics and Character neither increased nor dedeunsdel fit because both models
fit perfectly; however, adding the performance variabléhe model with both covariates
did slightly improve model fit.

These results indicate that adding the consensus parfiocenoutcome variable to the
models did not improve model fit for any of the leadergi@idormance factors except
Ethics and Character. Adding consensus performance agame variable to the
models for Ethics and Character improved model fit fifrragings, boss ratings, and all
ratings combined. In this study, leaders who showed growttieir honesty and ability
to put organizational success before personal achieveewived higher consensus
performance scores, making this a very important leagiepeinformance factor on
which to emphasize development.

This finding is contrary to results found by Cardy and Safjaa (2006). Using
vignettes, these researchers found that ethical behjadgments made by students were
more positively biased when the target had successferrdthn unsuccessful
performance outcomes. However, the study design wastkatethical behaviors and
performance outcomes were observed at the same paimte. The current study used a

longitudinal design in which ethical performance was mesbyears before performance
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outcomes were assessed. Therefore, one may conaoiudéhie current study that ethical
behavior led to successful job performance, not thaesstal performance leads to the
perception of greater ethics as suggested by Cardy and $atvara

Garcia-Zamor (2003) argues that ethics can be developedvidinals and cites
organizations that have provided ethics awareness trainthg teenefit of the employees
and the organization. For example, GE Industrial Syste@as able to increase job
satisfaction and productivity by providing ethical developnuenirses. Garcia-Zamor
also argues that the organization itself plays an imporble in fostering an ethical
climate.

The Ethics and Character factor used in this study teflez leader’s honesty and
willingness to place the organization’s goals first. Tifisonsistent with past factor
analytic research that identified two factors for ethiategrity in dealing with others and
self-serving behavior (Morgan, 1989). Morgan found integrittyestrongly related to
trust, which is an important determinant of leader-fodowelationship quality in leader-
member exchange (LMX) theory. Integrity is also impatrfeom an implicit leadership
theory standpoint. Leaders need to be perceived asydigpka level of integrity that is
consistent with their followers’ expectations to bestreffective (Craig & Gustafson,
1998). Individuals who are perceived to be fair, believatsid,honest are more likely to
be described as leader-like (Lord, Foti, & DeVader, 1984)st research has shown that
integrity and ethical behavior are important charactesish successful managers
(Posner & Schmidt, 1984; Mortensen, Smith, & Cavanagh, 1988 study reinforces
these findings by showing that leaders with positive devedop on Ethics and Character

had higher consensus performance scores.
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Implications

In addition to extending the leadership and measurerberatures, the findings of
this study add significantly to practice. Implicationsriesearchers and practitioners
include the usefulness of multisource feedback and tlmeatavay to evaluate such
ratings, the nature of leadership performance over tineeinfluence of rater context and
rater group composition in leadership performance chandeharpredictive ability of
longitudinal change in leadership performance.

The validity of multisource feedback instruments magartant implications for
practical use. Supporters argue that these instrumengslgantageous because of the
additional information gained by having multiple perspectaes target’s performance.
Supporters state that cross-source rating differencemaisases but represent true
differences in perspective and opportunity to observe tigetta behavior (Woehr,
Sheehan, & Bennett, 2005). However, others warn thagraburce inequivalence can
obscure true performance ratings if different rater gr@aopseptualize performance
differently, making comparisons and composite scoregted across groups inaccurate
(Bollen, 1989). This study demonstrated that it is posaideprudent to address both
sides of this debate. In order to use ratings fromipheltater groups, researchers and
practitioners must first establish the measuremenwvalgunce of the performance
construct across rater groups. Only then may comparimonsgde and composite scores
be created across groups.

Because self-ratings, boss ratings, and direct regimgs across the three
measurement occasions in this study were equivalenparsons on the leadership

performance factors were possible and supported combinirggiais into a composite
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leadership performance score. Utilizing different rgteups did add to the richness of
the leadership performance data. For example, boegsahowed a consistent decline
on ratings of Energize, Edge, and Execute while satigaton the same three factors
displayed a consistent incline. When all ratings veemrabined, this difference was no
longer apparent and would have remained hidden if multisoeecthéck had not been
obtained. In addition, the results of this study aresistent with findings from previous
research (Mount, 1984) that showed self-ratings tended haher than boss ratings,
and boss ratings tended to be higher than direct regiongs.

Researchers have begun to acknowledge that perforrohanges over time. The
results of this study concur with earlier findings aldbetdynamic nature of performance
(Thoreson, et al., 2004). Longitudinal change in peréome was found for every
leadership performance factor in ratings from evemgrrgtoup, and latent growth curves
for all rater groups were remarkably similar. Howebess ratings showed the most
consistent longitudinal change with four of the fivedieship factors indicating a
negative trend.

This study provides evidence that leadership performancen&dy. Future
leadership performance research should refrain from usingsa-sectional design and
instead use a longitudinal approach. In addition, humaures managers should
require recurring employee performance appraisals framsist@nt raters so that change
in performance over time can be evaluated and reirdorce

Organizational climate might affect leader change byarfting how leaders
experience work challenges, feedback, and training (Kletiegert, 2004).

Organizational climate might also affect how individuedte performance based on
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training and feedback or on work context. This studym@red the effects of
organizational sector and subdivision on leadership peafloceratings and found that
adding sector and/or subdivision covariates to the mdaieés/ery leadership
performance factor improved model fit for each rating segroup. Importantly, using
growth mixture modeling with the rater context covariaksved the estimation of
latent classes that clarified the direction of lealdigr performance growth.

Identifying latent classes allows researchers to docusnerlarities among the
leaders within a latent class. In this study, compahrdatent classes for each
leadership performance factor and for each rater grauifetd a small number of
organizational sectors and subdivisions with emplopeegiding ratings showing
steeper leadership growth trajectories. This informdtasimportant practical
implications. Managers can identify sectors thatxshobstantial improvement in
performance and use these sectors as models for othaisseOr, if certain sectors have
a large number of leaders with negative trajectoriesagament might be able to
intervene and assist the sector to improve.

Another important rating issue to consider in additioarganizational perspective
and work context is whether raters consistently tfegesame target year after year. This
study’s results indicated that direct reports who congisteated the same leader tended
to rate those leaders more highly than the direct repdro rated different leaders. This
leniency might be due to greater familiarity or likiofthe leader or a more valid
evaluation of his or her performance. Adding the comjpmsihoderator variable to the
boss rating model improved model fit for four of the fieadership performance models.

The composition covariate also significantly predidtezlintercept and slope for Ethics
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and Character ratings. These results indicateotitaining leadership performance
ratings from the same boss for the same leader ftearyaar plays an important role in
detecting linear change in leader performance. Professian charge of administering
an organization’s annual performance appraisal systentdshi@ke every effort possible
to have the same employees provide ratings to the saget {ear after year.

Multisource feedback systems are often used for traamadgdevelopment purposes
within organizations (Avolio, Sosik, Jung, & Berson, 2003g¢aders receive feedback
from their bosses, peers, and direct reports and ardéufigggven opportunities to
improve their performance based on this feedback andthawnpares to their own self-
report ratings. Over time, one would expect a leagerrmance to improve.
Therefore, it was expected in this study that chandgattership performance over time
would predict a leader’s promotion and consensus perforn@aricemes.
Unfortunately, there was no variability on the promottaniable; thus, this question
could not be completely answered. Managers from this coyread to not differentiate
among targets as much as other managers do in industsg(Ket al., 2002). However,
one would expect positive change in leadership performanoe considered in
promotion decisions; thus, tracking longitudinal performarmadd have substantial
benefits for succession planning. Surprisingly, only imprme@nt on Ethics and
Character predicted consensus performance.

It was also expected that utilizing consistent ratersss all measurement intervals
would prove critical to understanding the true change in isageperformance and its
resulting predictive ability. This was only true for baatings of Ethics and Character.

The model containing the sector and composition covarad the consensus
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performance variable resulted in a perfect fit. Thisled@onsisted of one small class
with a positive slope and one large class with a negskiyee. The small class consisted
almost entirely of leaders with raters from ong@ewho had the same boss rate them
annually. Past research has shown that integrity anzhEbehavior are important
characteristics in successful managers (Posner & 8thi®84; Mortensen, Smith, &
Cavanagh, 1989). This study confirms these findings by isigoivat leaders with
positive development on Ethics and Character had higimseasus performance scores.

The results of this research have significant impibce for executive succession
planning and performance appraisal and management systeamsinkeg and tracking
leadership performance growth gives management the powstiinate the rate of
leadership development and how this rate can affect exeauiccession planning and
training and development programs. Management may usafdrishation, for example,
to estimate the length of time needed for a new hireaoh the performance level of a
retiring executive. In addition, examining leadershipgreniince change, especially in
Ethics and Character, and its ability to predict consenstsrpmnce validates the
performance appraisal system. Although causality camnéitmly established by the
design of the current study, leaders who take part ananal multisource feedback
system and work to improve their leadership performamé&ghics and Character might
well expect higher consensus performance scores.

Limitations and Future Research

While this study adds to the literature and provides pddjplications for the
findings, there were several limitations. The measerg instrument used in this study

was not a true 360-degree performance evaluation becalidendt include peer ratings.
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The conclusions drawn from this study may only be applicto self, boss, and direct
report ratings. Future research should strive to includenaéings.

This study also only examined annual leadership performatiogs for three years.
This restricted the LGM analyses such that quadratic tiroauld not be examined.
Four time points are necessary to estimate quadratidiyrddore frequent ratings, such
as quarterly performance ratings, or a longer timelilghthave improved precision in
growth curve estimation.

A major limitation of this study was that the promotia@riable could not be included
in the analyses because it displayed no variatidmleaders were promoted or demoted
within the three-year timeline. Future research shexéimine more distal outcome
variables. Three years might have been too shortiofeaperiod to expect promotion
changes.

Finally, many leaders exhibited little change over tmedlyears. This may be due to
the collection of ratings during a maintenance stageedbrmance. The leaders
participating in this study were in the highest leveltheforganization, and were likely
not learning and applying new skills to their jobs or facing @her changes that might
place them in a transitory stage which typically ceedarge fluctuations in performance
(Kanfer & Ackerman, 1989; Murphy, 1989; Ployhart & Hakel, 1998)addition, data
for this study were from only one company, and past wattk tvis organization has
shown that managers do not differentiate among ratiggtsas well as similar
companies in their industry (Kaiser, Craig, & Kaplan, 2002)ture research would

benefit from including data from multiple organizationsnira variety of industries.
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In sum, this study supports the use of annual multisouecb&ek systems with
consistent raters. Future research should furthestigge the relationship between the
ethical conduct of business and ratings of job performaibe.current study found that
growth on this factor predicted higher ratings of consemp®rformance, a score that
included subjective as well as objective measures of byavgperformance. A greater
understanding of how change on these important leadersliprpance factors is
important for both individual leader development and orgaioral policies and

practices.
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