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THE EFFECT OF PERCEIVED INSTRUCTIONAL EFFECTIVENESS ON
STUDENT LOYALTY: A MULTILEVEL STRUCTURAL EQUATION MODEL

ALGILANAN OGRETIMSEL ETKILILIGIN OGRENCIi SADAKATINE ETKISi:
COK ASAMALI YAPISAL ESITLIK MODELI

Giilhayat GOLBASI SIMSEK’, Fatma NOYAN™

ABSTRACT: Social sciences research often entails the analysis of data with a multilevel structure. An example of
multilevel data is containing measurement on university students nested within instructors. This paper concentrate on
multilevel analysis of structural equation modeling with educational data. Data used in this study were gathered from 17647
university students in Turkey taking course from 202 instructors during the first term of 2004 academic year. The main topic
of this paper is to investigate the effect of Perceived Instructional Effectiveness (PIE) on Student Loyalty (SL). From the both
of within and between model results, it was supported that student loyalty is positively affected by perceived instructional
effectiveness. The total variation of SL explained by PIE in within model was 57%; on the other hand total variation of SL
explained by PIE and instructor’s academic status in between model was 92%. The effects of the other background variables
were also considered.

Keywords: multilevel structural equation modeling, perceived instructional effectiveness, student loyalty.

OZET: Egitim aragtirmalarinda 6grencilerin, siiflarm ve okullarin cok asamali yapida olmasi gibi, aym &gretim
iiyesinden ders alan 6grenciler de ok asamali veri yapisina bir drnektir. Bu calismada Algilanan Ogretim Uyesi Etkililiginin
(AOUE) Ogrenci Sadakatine (OS) etkisinin arastirilmast igin, cok asamali yapisal esitlik modelinden yararlanilmistir. 2004
akademik yilinda 202 6gretim tiyesinden (ikinci asama drnekleme birimi) ders alan 17647 6grenci (birinci asama ornekleme
birimi) arastirmanin 6rneklemini olusturmustur. Hem 6gretim tiyesi i¢i, hem de 6gretim iiyeleri arast yapisal esitlik modelleri
AOUE’nin 0S’yi olumlu etkiledigini dogrulamistir. OS’deki degiskenligin AOUE tarafindan aciklanan kismi, 6gretim iiyesi
i¢i modelde %57 iken, 6gretim {iiyeleri arast modelde %92 bulunmustur. Ayrica ¢alismada ikinci asama degiskenlerinin
ogretim iiyeleri aras1 modelde OS’ye etkisi de arastirilmistir.

Anahtar sozciikler: ¢ok asamal1 yapisal esitlik modeli, algilanan 6gretim tiyesi etkililigi, 6grenci sadakati.

1. INTRODUCTION

Many colleges and universities are using some form of student evaluation to measure teaching
quality and effectiveness. These instruments include Endeavor Instrument, Student Instructional
Rating System (SIRS), Instructor and Course Evaluation System (ICES), Student Description of
Teaching (SDT), Students’ Evaluations of Educational Quality (SEEQ), and Instructional
Development and Effectiveness Assessment (IDEA). These evaluation instruments are usually
administered at the end of a semester or quarter. “How well does student evaluation indicate teaching
quality?” is a question many educators have asked in recent years. Although these instruments are
widely used in American universities, the question of whether student evaluation indicates teaching
quality remains largely unanswered (Chan, 2001).

Student ratings or student evaluation of teaching effectiveness continue to be a controversial
topic. Some instructors view students as an obvious and convenient choice as raters. (e.g. Jackson et
al., 1999), whereas others are convinced that students are essentially unqualified to provide a valid
assessment of teaching quality (e.g., Bonetti, 1994). Despite these conflicting views, colleges and
universities continue to collect data on teaching quality through the use of questionnaires administered
to their students (Nasser and Hagtvet, 2006; Ekinci and Burgaz, 2007).

While only a few instructors argue strongly against the usefulness of student ratings in
providing feedback about instructional effectiveness, many of them continue to challenge the use of
student ratings for personal decisions. Many researchers have questioned the use of student ratings as a
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measure of teaching effectiveness (e.g., Chau,1997; Marsh, Overall and Kesler, 1979) on grounds that
such ratings are biased by variables unrelated to teaching effectiveness. Other researchers consider
these variables as a source of relevant and legitimate variance in student ratings (Marsh, 1987; Marsh
and Rochi, 1997,2000).

In recent years there has been some discussion on the validity of using student evaluation
instruments to measure instructional effectiveness and quality. One side of the argument is that
student satisfaction is indicative of teaching quality. The counter-argument is that student satisfaction
measurements are too customer-oriented. A satisfied student doesn’t always imply that the instructor
is being effective or the course is relevant (Chan, 2001).

1.1.Instructional Effectiveness and Student Loyalty

The assessment of instructional effectiveness to student satisfaction relationship is advocated
(Guolla, 1999). Rather than abandoning the use of student evaluation instruments, Guolla evaluates the
impact of multiple teaching quality factors on course satisfaction and instructor satisfaction as
perceived by students. Guolla applied established theory from customer satisfaction and educational
psychology research to a sample of MBA and undergraduate students and found that there was a
strong correlation between learning and course satisfaction; strong correlation was also found between
instructor enthusiasm and instructor satisfaction. Guolla believes that measuring satisfaction at the
end of a course raises two questions: “Does the course in its entirety constitute a single, yet extended,
consumption experience? Or, do all class sessions represent separate episodes resulting in cumulative
satisfaction?”. Guolla discusses that student satisfaction is a suitable criterion variable that can be
predicted by six teaching quality factors: learning, enthusiasm, organization, interaction, rapport,
assignments, and material. His rationale is that students are customers while being clients, producers,
and products at the same time. Their satisfaction level should allow instructors to analyze how their
teaching performance can be improved.

From the marketing research theories and empirical studies, perceived quality and satisfaction
have been found to be major antecedents of customer loyalty (Beardona and Teel, 1983; Innis, 1991;
Oliver, 1980, 1981; Roest and Pieters, 1997). In the conceptual model developed there:

Perceived Quality — Customer Satisfaction — Customer loyalty

Perceived quality is the customer’s overall assessment of the standard of the service delivery
process. Customer satisfaction is the degree of overall pleasure or contentment felt by the customer,
resulting from the ability of the service to fulfill the customer’s desires, expectations and needs in
relation to the service. Customer loyalty is the individual’s judgment about buying again a designated
service from the same company, taking into account his or her current situation and likely
circumstances (Hellier, Geursen, Carr and Rickard, 2003).

In this content, student evaluations or ratings of instructional effectiveness (perceived
instructional effectiveness) can be regarded as perceived quality not customer satisfaction, and
student’s general evaluation of instructor/course can be considered as customer satisfaction. Perceived
quality is the fundamental requirement for customer loyalty. On the other hand, in educational studies,
it is difficult to measure satisfaction because students are not considered as customers exactly. Under
this situation, it may be useful to examine the direct effects of perceived instructional effectiveness on
student loyalty.

In previous researches on the relationship between perceived instructional effectiveness and/or
student satisfaction, data were either disaggregated to the individual (e.g., student) level or aggregated
to group (e.g., instructor) level. Neither approach is adequate for a proper understanding of the actual
structure of clustered data. Consequently, this state of affairs suggests the need for a methodology that
accounts for the dependency in the multilevel data. Multilevel regression methods (e.g.,Roundenbush
and Willms, 1991) have contributed significantly to the understanding of clustered data. However,
these methods do not readily allow for the specification of systems of structural equations within and
between levels of the clustered data (Kaplan and Elliott, 1997). Multilevel structural equation
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modeling (MSEM) provides solutions to these shortcomings and recent advances by Muthén and his
colleagues (Muthén , 1989, 1991, 1994; Muthén and Sattora, 1989) allow researchers to combine full
structural equation models (e.g., Joreskog, 1977) with multilevel models. This advanced method was
used in the current study to address some of the shortcomings that characterized conventional analysis
methods frequently used in previous researches. More specifically, the purpose of the current study
was to examine the extent to which perceived instructional effectiveness by students affects student
loyalty to instructor through MSEM. This powerful method allows for simultaneous estimation of the
within and between instructor variation.

2. METHODOLOGY

2.1. Multilevel Structural Equation Modeling

Social science often studies systems that possess a hierarchical structure. Naturally, such
systems can be observed at different hierarchical levels. Familiar examples are the educational system,
with its hierarchy of pupils within instructors and/or classes within schools, families, with family
members within families, and other social structures where individuals are grouped in larger
organizational or geographical groups. As a consequence the data can be regarded as multistage or
cluster sample from different hierarchical levels. In the most general case, there are not only variables
at separate levels, but there may be different sets of variables at the separate levels (Hox, 1993).

Structural equation modeling (SEM) is used when the variables of interest cannot be measured
perfectly. Instead, there are either sets of items reflecting a hypothetical construct (e.g. depression) or
fallible measurements of a variable (e.g. caloryintake) using different instruments. The latent
variables, or factors, are interpreted as constructs, traits or ‘true’ variables, underlying the measured
item sand inducing dependence among them. The measurement model is some times of interest in its
own right, but relations among the factors or between factors and observed variables (the structural
part of the model) are often the focus of investigation. (Rabe-Hesketh, Skrondal and Zheng, 2007).
Similar to the applications of the hierarchical linear model to regression in the context of the
multilevel model, Multilevel SEM (MSEM) is a direct generalization of SEM in the context of the
multilevel model.(Cheung and Au, 2005)

The popularity of multilevel modeling and SEM is a striking feature of quantitative research in
the medical, behavioral and social sciences. Although developed separately and for different purposes,
SEM and multilevel modeling have important communalities since both approaches include latent
variables or random effects to induce, and therefore explain, correlations among responses. (Rabe-
Hesketh, Skrondal and Zheng, 2007).

MSEM, a synthesis of multilevel and structural equation modeling, is required for valid
statistical inference when the units of observation form a hierarchy of nested clusters and some
variables of interest are measured by a set of items or fallible instruments. Multilevel structural
equation modeling also enables researchers to investigate exciting research questions which could not
otherwise be validly addressed. (Rabe-Hesketh, Skrondal and Zheng, 2007). For instance, in this paper
we will consider an important question in education: does student loyalty (single item latent variable)
depend on student evaluation of instructor effectiveness (a latent variable) at both of student and
instructor level?

Although in principal, special formulas and software could be developed for MSEM maximum
likelihood (ML) estimation, Muthén (1989,1990) showed that multiple group SEM software can be
modified for MSEM-ML analysis. In line with this idea, Muthén proposed a simpler multiple group
SEM software. This estimator uses the customary between and pooled within sample covariance
matrices. In the balanced case, the estimator is consisted and, despite the fact that it uses less
information than ML, has given similar results in the analyses to date. The true ML procedure will be
referred to as FIML (Full information ML) and the simpler estimator as MUML (Muthén’s ML based
estimator) (Muthén,1994).



112 G.GOLBASI SIMSEK-F.NOYAN | H. U. Egitim Fakiiltesi Dergisi (H. U. Journal of Education), 36 (2009), 109-118

As pointed Muthén (1989), MSEM is a complex analysis, which needs to follow a sound
strategy. The actual MSEM should, in a typical case, be preceded by four important analysis steps:

conventional SEM of S, (Total Sample Covariance Matrix), estimation of between variation,
estimation of within structure, and estimation of between structure (Muthén,1994). S, S, (Pooled

Within Sample Covaraince Matrix) and S, (Between Sample Covariance Matrix) can be calculated
using standard statistical packages or SEM software.

2.2. Data Source and Sample

The study was conducted at the Yildiz Technical University which is the one of the largest
universities in Turkey. Course/instructor evaluation was initiated at this university in 2003. Data used
in this study were gathered from 17647 students taking course from 202 instructors during the first
term of 2004 academic year. Student evaluations of one course taught by each instructor were included
in the data. Through simple random selection of instructors with p=0.10, the instructor evaluation
questionnaire was applied to all students of these instructors. The distribution of the instructors’
sample: (a) gender: 68.4% were men, and 31.6% were women; (b) status: not professor or associated
professor = 45.4%, professor or associated professor= 54.6%. The students were not asked for any
personal information due to avoid biased responses.

Student ratings of instructor effectiveness with 8 items measuring perceived instructional
effectiveness and student loyalty with 1 item were collected using an evaluation questionnaire (see
items in Appendix 1). Students responded to each item using a 5-point Likert-type scale. Responses to
the perceived instructional effectiveness items yielded high internal consistency (Cronbach’s
alpha=0.9048).

Instructor data were obtained from university records. Variables included at the between group
only as follows:

Course_n : Number of distinct courses given by the instructor in the related academic term ;
Course_h: Total course hours in a week given by the instructor in the related academic term ; Status:
Instructor’s academic status (0= not professor or associated professor, 1= professor or associated
professor); Public_r: Ratio of number of instructor’s publications to his/her colleagues in his/her
department; Gender: Instructor’s gender: O=male, 1=female.

2.2. Theory-Based Research Model

Our research hypothesis was that these data should fit a MSEM, with two latent variables on
which same type linear relationships with different estimates are hold at both levels. Perceived
instructional effectiveness (exogenous latent variable) affects student loyalty to instructor (endogenous
latent variable) positively. We have no additional variables in student level other than exogenous and
endogenous latent variables with corresponding indicator variables. In instructor level (between
group), the positive relationship between perceived instructional effectiveness and student loyalty is
conceptually sensible and theoretically persuasive respect to marketing research theory. On the other
hand, the instructor level part through MSEM should also be considered due to student responses to
these 9 items not only reflect individual variation but also systematic instructor differences in
beliefs/attitudes about instructional effectiveness and loyalty. We have also background variables to be
used for explaining instructor level variation in the latent variables. Instructor level exogenous latent
variable, perceived instructional effectiveness is proposed to be affected from course_n and course_h
negatively; while from public_r positively. Instructor’s status and gender are assumed to affect
between groups endogenous latent variable student loyalty.

3. FINDINGS

In this study, all analyses were performed using SPSS 13.0, LISREL 8.80 and Mplus 3.0.
Muthén’s first step is performed in LISREL, robust ML estimation was performed using conventional
asymptotic covariance matrix and Weighted Least Squares Estimation was performed using
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conventional polychoric correlation matrix and corresponding asymptotic covariance matrix computed
all in LISREL in addition to conventional ML estimation for S, . In Muthén’s second step ICCs are

computed through Mplus directly and SPSS indirectly. Muthén’s third step was carried out in LISREL
using Sy, . In addition to conventional estimation, Robust ML estimation was performed using

asymptotic covariance matrix. Muthén’s fourth step was carried out analyzing both of between group
sample covariance matrix and estimated between group covariance matrix performed in LISREL, In
this step, asymptotic covariance matrix was also used for comparison purpose. And the last step,
MSEM, was performed both of Mplus’s default MUML estimation and LISREL’s two-group ML
estimation with estimated between group and sample pooled within group covariance matrices.

Multiple indices were referenced to determine model fit. First, model fit was assessed using the
chi-square goodness-of-fit statistics. A well-fitting model would be expected to have small (relative to
degrees of freedom), non-significant value of chi-square. However, when sample sizes are large, the
chi-square statistic may be statistically significant even though the model is substantially correct.
Thus, we also used the Comparative Fit Index (CFI), the Root Mean Square Error of Approximation
(RMSEA), and the Standardized Root Mean Square Residual (SRMR) as guides in assessing fit. For
lack of any standard protocol with MSEM, we followed Hu and Bentler’s (1999) recommendations in
regards to fit indices. We looked for values of CFI in the mid 0.90’s or higher, and RMSEA and
SRMR of 0.05 or less (Dyer, Hanges and Hall, 2005).

The intraclass correlation coefficients (ICCs) were calculated for each indicator and the ICC(1)
values for these 9 indicators ranged from 0.118 to 0.204, with an average ICC of 0.173. B. O.
Muthén’s (1994) experience with survey data suggested that the common values of ICC ranged from
0.00 to 0.50. Moreover, the ICC(1) may underestimate the true intraclass correlation because
individual level measurement error contributes to the within variance. Given our relatively high ICC
values, we concluded that there was sufficient between group variation offering MSEM for making
valid statistical inferences.

We investigate the between structure using both covariance matrices of Sg and X, computed in
Mplus. It is tempting to use Sp to explore the between structure. Note, however, that Sg is not an
unbiased or consistent estimator of ZB. The ZB estimator is also a function of Spw. In other words,

any simple structure expected to hold for Xy does not necessarily hold for Sg, but it should hold

within sampling error for the ML estimate of X, .(Muthén, 1994 ). On the contrary to this usual

situation, our iB is positive definite, while Sg is not positive definite. Then we conducted the analyses

in LISREL using both of covariance matrices and ridge option was taken analyzing Sg.In this step,

Robust ML estimation with asymptotic covariance matrix computed through LISREL. The effects of
background variables to latent variables also considered. The effects of course_n, course_h and
public_r on perceived instructional effectiveness of instructor level were found theoretically true signs
but statistically insignificant. On the other hand, effect of status variable on student satisfaction of
instructor level was found statistically significant (structural coefficient estimate= 0.11 with standard
error=0.028 and t=3.94) and theoretically reasonable while gender effect was found statistically
insignificant.

MSEM was conducted in both of Mplus and LISREL’s two-group settings. Specifying the
MSEM in Mpus is relatively straightforward than LISREL. The estimates, standard errors and t values
of these analyses were almost same except model fits. In LISREL, covariance matrices of ﬁ‘.B and
Spw Wwere fitted to proposed models simultaneously. Table 1 shows parameter estimates, standard

errors of parameter estimates and t values obtained from the Mplus’s MUML estimation and, model fit
indices and chi-squares obtained from both of Mplus’s MUML estimation and LISREL’s two-group
ML estimation.
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Table 1: MSEM Results of Proposed Model

Within Model (Student Level) Between Model (Instructor Level)
Item Estimate Esst?lr?;te t Reliability | Estimate EsStIiEn:);te t Reliability
x1 1 - - 0.37 1 - - 0.68
X2 1.20 0.016 74.49 0.49 1.47 0.094 15.67 0.84
3 1.11 0.014 78.36 0.46 1.27 0.080 15.87 0.84
x4 1.48 0.019 80.07 0.60 1.83 0.112 16.30 0.87
x5 1.56 0.019 82.96 0.67 1.87 0.108 17.20 0.93
<6 1.28 0.017 74.08 0.48 1.42 0.096 14.78 0.78
X7 1.46 0.019 76.42 0.53 1.80 0.109 16.49 0.89
<8 1.18 0.018 64.062 0.33 1.36 0.122 11.11 0.52
Structural Path
Estimate Esst]izn?zfte t R? Estimate Esst?n?;te t R?
SIEIEH 1.60 0.020 | 78.60 2.05 0.121 | 16.96
SLoon 0.57 0.92
Status - - - 0.11 0.03 3.64
Model Fit
MUML Two-Group ML
sg‘;e 1948.004 1997.93
df 58 68
CFI 0.98 0.98
TLI 0.97 0.97
RMSEA 0.043 0.057
SRMR Within=0.022 Within= 0.023
Between=0.047 Between=0.0498

As shown in Table 1, the MSEM fitted the data reasonably well, especially RMSEA=0.043 .
The results from the proposed model suggest good fit at the within level, and adequate, but little worse
fit at the between level. The total variation of SL (Student Loyalty) explained by PIE (Perceived
Instructional Effectiveness) in within model was 57%; on the other hand total variation of SL
explained by PIE and STATUS in between model was 92% owing to the absence of individual
(student) level measurement errors in the indicator variables.

Construct reliabilities for PIE in within and between models were found as 88.43% and 96.90%
respectively. %96.90 of construct reliability of PIE in between model was higher than the within
model one because between model indicators should be treated in suspect owing to individual level
measurement errors free. On the other hand, even 88.43% of construct reliability of PIE in within
model was higher than 86.84% of construct reliability value calculated from the analyzing the Total

Sample Covariance Matrix (S, ). As a result, MSEM offers higher and possibly more accurate
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reliabilities than conventional SEM ones. In addition to these results; all reliabilities are above of the
suggested value of 70% for conventional SEM.

Variance explained calculated for PIE were 59.77%, 80.19% and 45.50% for within model,
between model and ignoring nested structure respectively. MSEM rendered variance explained very
close to 60%. As a result, variance explained of PIE was adequate to interpret findings.

4. DISCUSSION AND CONCLUSIONS

Student ratings or student evaluation of instructional effectiveness continue to be a controversial
topic while many colleges and universities are still using hardcopy and/or online questionnaires of
student evaluation to measure teaching quality and effectiveness. Misleading inferences have been
made due to conceptual confusion. In this questionnaires the concepts such as teaching effectiveness,
instructional effectiveness, perceived instructional/teaching effectiveness, student satisfaction and
teaching quality are misused. In this paper, we considered perceived instructional effectiveness and
student loyalty. Then it is needed to clarify the underlying concepts. What was perceived instructional
effectiveness? Was it teaching quality, was it instructor performance (publications, teaching hours
etc.)? After reviewing educational literature, it is concluded that perceived instructional effectiveness
is student evaluation of instructional quality and ability. What is student loyalty? We utilized from
marketing research terms and borrowed the term of customer loyalty from them. Customer loyalty is
the individual’s judgment about buying again a designated service from the same company, taking into
account his or her current situation and likely circumstances. In this content, student evaluations or
ratings of instructional effectiveness (perceived instructional effectiveness) can be regarded as
perceived quality not customer satisfaction, and concept like customer repurchase intention ( I would
like to take another course from the same instructor) may be considered as loyalty for students.

When we carefully consider the problem of analyzing data arising from organizations, it is clear
that neither SEM nor Multilevel modeling alone give a complete picture of the problem under
investigations. Indeed use of either methodology separately could result indifferent but perhaps
equally serous specification errors. Specially, utilization SEM modeling alone would ignore the
sampling schemes that often used to generate educational data and would result in biased structural
regression coefficient (Muthén and Satorra, 1989). The use of multilevel modeling alone would
preclude the analyst from studying complex indirect and simultaneous effects within and across levels
of the system. What is required, therefore, is a method that combines the best of both methodologies
(Kaplan. 2000).

In this paper we examined the relationship between perceived instructional effectiveness and
student loyalty. It was hypothesized that perceived instructional effectiveness affects student loyalty
positively. This hypothesis was not rejected for which both of within and between model. The second
that student loyalty of between model are affected from the status of instructor. The higher the status,
the higher the student satisfaction is. This hypothesis was not rejected. The effects of the other
background variables (number of distinct courses, total course hours, publication ratio and instructor’s
gender) were found statistically insignificant. Construct reliability of perceived instructional
effectiveness for within model and between model was adequate, and variance explained of them for
underlying concept were marginally well. 88.43% of construct reliability of perceived instructional
effectiveness in student level indicate that student evaluation of instructional effectiveness is reliable
and it can be used for various purposes.
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Appendix 1-Items On The Evaluation Questionnaire

Part I. Perceived Instructional Effectiveness

X1.The instructor taught the course according to the syllabus.
X2.The knowledge and ability of instructor was sufficient.
X3.Preparation of course was done by instructor before the courses.
X4.The instructor had a good communication with students.

X5.The instructor provided clear understanding of the course.
X6.The instructor used course and teaching equipment effectively.
X7.The instructor encouraged student participation and/or discussion.
X8.The instructor encouraged the students to research (library, internet etc.)
Part I1. Student Loyalty

Y. I would like to take another course from the same instructor.

GENISLETIiLMiS OZET

Ozellikle son yillarda iiniversitelerdeki egitim ve ogretim faaliyetlerinin gelistirilmesi
kapsaminda, dgretim iiyesi etkililiginin ve kalitesinin Sl¢iilmesi i¢in 6grenci degerlendirme formlari
kullanilmaktadir. Bununla beraber bu formlarin gecerliligi hakkindaki tartismalar da halen devam
etmektedir. Bu konuda ileri siiriilen fikirlerden biri, 68renci memnuniyetinin 6gretme kalitesini ifade
ettigi seklindedir. Bir digeri de 6grenci memnuniyetinin ve Ogretme etkililiginin farkli kavramlar
oldugudur. Buna gore Ogrencinin Ogretim iiyesinden memnun olmasi, Ogretim {yesinin de etkili
oldugu anlamma gelmemektedir. Ogretim iiyesi etkililiginin 6grenci memnuniyetine etkisinin
arastirlldigi calismalarda, 6gretim {iyesi etkililiginin 6grenci memnuniyeti lizerinde olumlu etkisinin
oldugu sonucuna da varilmistir.

Ogretim iiyesi etkililigi, ogrenci memnuniyeti ve ogrenci sadakati kavramlari temellerini
pazarlama arastirmalarindan almaktadirlar. Pazarlama arastirmalar1 alaninda yapilan deneysel
calismalarda miisteri memnuniyeti, algilanan riin/hizmet kalitesi, miisteri sadakati, {irtinii/hizmeti
yeniden satin alma niyeti vb. kavramlar hemen her ¢alismada kullanilmakta ve bu kavramlar ayr1 ayri
ele alinmaktadirlar. Pazarlama teorisine gore algilanan kalite ve miisteri memnuniyeti, miisteri
sadakatinin belirleyicileri olmaktadirlar. Algilanan kalite miisterinin iiriin veya hizmet saglayicinin
standard1 hakkindaki genel degerlendirmesidir. Miisteri memnuniyeti ise, tirtin/hizmet saglayicinin,
miisterinin istek, beklenti ve ihtiyaglarimi karsilamasi baglaminda miisteri tarafindan hissedilen genel
memnuniyet ve i¢ huzurdur. Miisteri sadakati ise en genel tanimiyla miisterinin iiriinii/hizmeti ayni
saglayicidan almaya devam etme istegidir. Bu baglamda, bu kavramlar egitim alaninda ele
alindiklarinda algilanan kalite, algilanan Ogretim iiyesi etkililigine, miisteri sadakati ise Ogretim
iyesine kars1 0grenci sadakatine karsilik gelmekte ve pazarlama arastirmalarinda oldugu gibi algilanan
ogretim {tyesi etkililiginin 6grenci sadakatini pozitif olarak etkiledigi diistiniilmektedir. Burada tekrar
tizerinde durulmasi gereken nokta algilanan Ogretim iiyesi etkililiginin pazarlama literatiiriindeki
tiriin/hizmet kalitesine denk geldigi ve 6grenci memnuniyeti olmadigidir.

Egitim alaninda daha once yapilmis olan caligmalarda, yukarida verilen kavramlar arasindaki
iligkilerin incelenmesinde, dgrencilerin dgretim tiyelerinde gruplandigi dikkate alinmayarak, yalnizca
ogrencilerin ornekleme birimler olduklar1 veya yalnizca Ogretim iyelerinin ele alinmasiyla, her
Ogretim iiyesi icin 6grencilerinden elde edilen skorlar1 kullanilmasi seklinde iki tiir veri kullanilmistir.
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Fakat bu iki yaklasimin da baz1 dezavantajlar1 bulunmaktadir. Bu yaklasimlari ilki olan ve dagitma adi
verilebilen yaklasimda, 6grencilerin 6gretim iiyeleri tizerinde yuvalanmis oldugu, asamal1 veri yapisi
g6z ardr edilmektedir. Boylece istatistiksel analizlerin en temel varsayimi olan birimlerin bagimsizlig
varsayimi en basta ihlal edilmis olmaktadir. Cilinkii ayn1 6gretim {iyesinden ders alan 6grencilerin, bu
Ogretim iiyesine verdikleri puanlar arasinda iliski olacagi ve bdylece de gozlemlerin bagimsizlig
varsayimminin bozulacagi aciktir. Bu varsayim ihlali halinde tahminler sistematik hatali olacak ve
birinci tiir hata da artacaktir. Veri analizinde kullanilan ikinci yaklasim her bir 6gretim iiyesi i¢in
ogrenciler tarafindan verilen puanlarin toplanmasidir ve bu yaklagima da kisaca toplanma yaklasimi
denilebilmektedir. Bu durumda da ornek biiyiikliigii yalnizca 6gretim iiyesi sayisi kadar olacak ve
boylece biiyiik miktarda bilgi kaybi ortaya cikacaktir. Ayrica analizler sonucunda bulunacak
sonuglarin yorumlanmasinda da sorunlar yasanacaktir. Ciinkii dagitma ve toplanma yaklasimlarindan
elde edilen veri ayn1 anlamda degildir. Verinin bu sekilde yuvalanmis oldugu durumlarda, ¢ok asamali
verideki bagimlilik yapisini telafi etmek icin, cok asamali modellerden yararlanilmaktadir.

Bu makalenin asil konusu algilanan 6gretim {iyesi etkililiginin Ogrenci sadakati iistiindeki
etkisinin arastirilmasidir. S6zii edilen bu iki kavram latent (0rtiik) degiskenler olduklarindan ve ortiik
degiskenler arasindaki iligkiler incelenmek istendiginden, Yapisal Esitlik Modellerinin (YEM)
kullanilmasi uygun olmaktadir. Bununla beraber, verinin asamali yapisi da hesaba katildiginda,
modelleme icin kullanilabilecek en uygun yaklasimin Cok Asamali Yapisal Esitlik Modelleri
(CAYEM) oldugu acgiktir. CAYEM gozlem birimlerinin hiyerarsik veya kiimelenmis olmasi
durumunda gecerli istatistiksel c¢ikarsama yapilmasina olanak saglayan, ¢cok asamali modellerin ve
YEM’in sentezi olmaktadir. Bu gii¢lii yontem, 6gretim iiyeleri aras1 ve 6gretim iiyeleri i¢i degiskenligi
es anli olarak fakat ayr1 ayr1 ele almaktadir.

Bu calismada kullanilan veriler, Tiirkiye’deki en biiyiik iiniversitelerden biri olan Yildiz Teknik
Universitesi’nin 6grenci ve dgretim iiyelerinden elde edilmistir. Ders/6gretim iiyesi degerlendirme
formlarinin kullanilmasi iiniversitede 2003 yilinda baslamis olup hala devam etmektedir. Tesadiifi
olarak secilen 202 6gretim iiyesinde ders alan toplam 17647 o6grenciye ait degerlendirme formlarindan
elde edilen veriler, bu calismanin verilerini olusturmaktadir. Ornekteki 6gretim iiyelerinin %68.4’ii
erkek, %31.6’s1 kadindir; %54.6’s1 dogent veya profesor, %45.4’1i 6gretim gorevlisi veya yardimci
docenttir. Sistematik hatali cevaplardan kaginmak amaciyla, 6grenci degerlendirme formlarinda
ogrenci bilgileri sorulmamaistir.

Algilanan 6gretim iiyesi etkililigini 6lcen sekiz madde ve 6grenci sadakatini dl¢en tek madde
Ek1’de verilmektedir. Sorularin cevaplandirilmasinda 5 noktali Likert 6l¢ek kullanilmistir. Algilanan
ogretim iiyesi etkililigi icin giivenilirlik katsayist da oldukga yiiksektir (Cronbach’s alpha=0.9048).

Bu calismadaki arastirma hipotezimiz, algilanan dgretim {iiyesi etkililiginin, 6grenci sadakatini
olumlu olarak etkiledigi seklindedir. Bu hipotez hem 6gretim iiyeleri arasi modelde hem de 6gretim
tiyeleri i¢i modelde reddedilmemektedir. Yani algilanan ogretim iiyesi etkililigi arttikca 6grencinin
ogretim iiyesinden tekrar ders alma istegi yani 6grenci sadakati de artmaktadir. Ogretim iiyeleri ici
modelde 6grenci sadakatinin algilanan 6gretim iiyesi etkililigi tarafindan agiklanan varyanst %57 iken,
ogretim tyeleri arasi modelde bu oran %92 olmaktadir. Bunun asil sebebi 6gretim {iiyeleri arasi
modelde 6l¢me hatalarinin etkisinin yok denecek kadar az olmasidir. Calismadaki ikincil amacimiz,
Ogretim iiyeleri aras1t modelde, 6grenci sadakatinin 6gretim iiyesinin akademik tinvanindan, 6gretim
iiyesinin algilanan etkililiginin de verilen ders sayisi, toplam ders saati, 6gretim tiyesinin yayinlarinin
ilgili boliim yaymnlarina orani olan yayin oranindan, ve &gretim tiiyesinin cinsiyetinden etkilendigi
seklindedir. Bu hipotezlerden yalmzca ilki kabul edilirken, digerleri reddedilmistir. Yani Ogretim
iiyeleri arasi modelde, 6gretim tiyesinin iinvani ve algilanan ogretim iiyesi etkililigi arttikca 6grenci
sadakati de artmaktadir. Diger taraftan Ogretim iiyesinin goreli yayin sayisinin, verdigi farkli ders
sayis1 ve toplam ders saatinin ve cinsiyetinin algilanan 6gretim {iiyesi etkililigi lizerinde anlamli bir
etkisi bulunamamistir. Sonu¢ olarak Ogretim iiyesinin akademik performans: 6grenciler tarafindan
algilanan dgretimsel etkililigini etkilememekte, algilanan 6gretim iiyesi etkililigi ve 6gretim iiyesinin
akademik iinvani ise 6grencilerin 6gretim tiyesine sadakatini arttirmaktadir.



