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Abstract 
 
Although the Rasch model is used to measure latent traits like attitude or ability where there are multiple latent 
structures within the dataset it is best to use a technique called the Mixture Rasch Model (MRM) which is a 
combination of a Rasch model and a latent class analysis (LCA). This study used data from a survey for teachers, 
teacher candidates, and teacher education program faculty with a sample of 296 candidates, 648 graduates, and 

501 program faculty. Survey items based on these competencies were administered to in one Western state to 
ascertain how well the program candidates attended prepared them for the teaching profession. The 40 items 
common to surveys of the three groups were submitted to mixture Rasch analysis to determine whether distinct  
patterns of item response were discernible. Analyses yielded two classes which brings the construct validity of 
the survey into question. Results showed that the Mixture Rasch Model is and can be useful to determine sub-
groups for survey researchers. This research presents a demonstration of usefulness of the Mixture Rasch Model 

for the analysis of survey data. 

 
Keywords: Mixture rasch model, Validity, Survey research, Teacher effectiveness 
 

Introduction 

 
The mixture Rasch model was first introduced by Rost in 1990. The model was proposed to create a combination 
of the Rasch model with latent class analysis. Main assumption is that Rasch model holds for all participants 
within a latent class, but it allows for different sets of item parameters between the latent classes (Rost, 1990). As 
a result of this, the model might be applied to validate responses to a test or questionnaire. Since the Rasch model 
has some strict item and homogeneity assumptions, the MRM becomes useful when some item and population 

homogeneity assumptions are relaxed. If it is known that there are heterogeneous structures in the population, a 
single population assumed statistical model might not produce valid results (Sen, 2016).  

Basically, mixture Rasch models are a combination of two models: a Rasch model a latent class analysis model 
(Kaiser & Keller, 2001). One main advantage of this useful combination is unlike the quantitative information 
provided by Rasch models, mixture Rasch models supply information about quantitative and qualitative structures 
within the dataset. If there are multiple latent structures within the dataset traditional IRT models may produce 

biased results. However, the mixture Rasch model overcomes this issue and becomes handful. Mixture Rasch 
models can detect participant heterogeneity and the related item structures, the size of latent classes, and the latent 
score distribution (Baghaei & Carstensen, 2013). MRM not only detects the subclasses based on qualitative 
information but also invastigates quantitative information about the sample and the scale used for data collection 
(Sen, 2016). Another advantage of MRM is when researchers think that participants use different strategies or 
there are instructional differences, curriculum etc. or a model including additional factors of quantitative 

differences within strategies MRM becomes more useful (Toker & Green, 2021). 

MRM is primarily utilized to investigate individual variations in strategy usage and knowledge disparities, as well 
as to explore unidimensionality and validation (Baghaei & Carstensen, 2013). When data fails to conform to the 
typical unidimensional Rasch model, MRM identifies the subgroups or latent classes within the entire sample that 
adhere to the Rasch model. These subgroups are, in essence, the latent classes that differ qualitatively. MRM 
identifies subgroups with DIF, rather than conducting DIF across manifest variables such as sex or native language  
(Pishghadam et. al., 2017). Once latent classes are identified, the content of the items must be scrutinized to 

determine the nature of the qualitative distinctions between the classes that caused the DIF. The subsequent step 
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is to examine the nature of the classes and establish how they vary. In other words, class membership should be 
associated with some qualitative differences in test-takers. Such differences may indicate vital factors in the 
learning process and may contribute to substantive theories (Baghaei & Carstensen, 2013). 

Additionally, if a model with two or more latent classes provides a better fit than a model with only one latent 

class, the measurement invariance assumption is violated and a single Rasch model is not a fit. When there are 
more than one latent classes in the dataset, separate Rasch models with separate sets of item difficulties are 
required. These different item difficulties are considered latent sub-groups where they are not determined by 
covariates (Frick, Strobl, & Zeileis, 2015).  

The Mixture Rasch Model 

Mislevy and Verhelst (1990) and Rost (1990) used the dichotomous MRM as a first application of Mixture Item 

Response Theory (MixIRT) model to explore unobserved heterogeneity in a population by revealing different 
latent subgroups of individuals based on their observed response patterns. Dallas and Wilse (2014) used the 
Mixture Rasch Model to demonstrate all stages of model estimation and selection, description of model results, 
and follow-up analyses using real survey data. It was expected that the MRM would identify classes of individuals 
who have different response patterns on the survey. Mixture IRT models possess an advantage over IRT models 
in that they offer not only quantitative data but also qualitative data pertaining to both the items and the  test-takers, 

in contrast to IRT models which only provide quantitative information (Sen & Toker, 2021).  Following 
mathematical formulas used by Rost (1990) to explain the proposed model.  

If 𝜌𝑣𝑖𝑔 indicates person v answering “yes” or correctly answering item i and this person belongs to latent class g 

then one can say that subjects’ response probabilities can be shown by the dichotomous Rasch model  

𝑝𝑣𝑖𝑔 =
exp(𝜏𝑣𝑔+ 𝜎𝑖𝑔 )

[1+exp(𝜏𝑣𝑔+ 𝜎𝑖𝑔)]
 ,                                                                                                  (1)   

where 𝜏𝑣𝑔 is the participant’s ability and 𝜎𝑖𝑔is the item easiness parameter. Within each latent class g an 

indeterminancy constraint ∑ 𝜎𝑖𝑔 = 0i  must hold. Furthermore, if the researcher thinks latent classes are mutually 

exclusive and exhaustive, structure of the latent class is as follows: 

𝑝𝑣𝑖 = ∑ 𝜋𝑔 𝑝𝑣𝑖𝑔

𝑔

 

      ∑ 𝜋𝑔 
𝑔

exp(𝜏𝑣𝑔+ 𝜎𝑖𝑔)

[1+exp(𝜏𝑣𝑔+ 𝜎𝑖𝑔)]
                                                                                             (2)                                                

where 𝑝𝑣𝑖 is the unconditional response probability and 𝜋𝑔 is the class size parameter or “mixing proportion with 

constraints between 0 and 1 and ∑ 𝜋𝑔 = 1 𝑔 . 

To define the entire model since simpler models do not explain and specify how to deal with the person parameter, 
𝜏𝑣𝑔 , it is crucial to control the person parameters using a Rasch-like model structure. To get the likelihood 

function, it is also important to get the pattern of probabilities p(x) which is x = (x1 , x2 , . . . . xi  …. xk  ) where xi  

= 0 or 1. So the formula for the pattern probability can be: 

𝑝 (x) = ∑ πg p(x | g)g                                                                                                    (3)  

where p (x | g) is the product of response probabilities defined by Equation 1 over all items. In the Rasch model 

the number of correct item responses is used to estimate  𝜏. So, all persons with the same score r have the same 𝜏 
score. As a result of this, the pattern probability p (x | g) can be rewritten with the score r associated with a given 
pattern as follows 

𝑝 (x | g) =  𝑝 (x | g, r)⦁ 𝑝 ( | g) .                                                                                     (4) 
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This factorization is quite important and useful since only the first factor depends on the item parameters 𝜎𝑖𝑔 , 

𝑝 (x | g, r) = exp (∑ 𝑥𝑖 i𝜎𝑖𝑔) / Φr [exp(𝜎)] .                                                                    (5) 

In this formula, Φ values are the symmetric functions of order r of the delogarithmized item parameter values. 
Moreover, only the second factor depends on the ability distribution in class g. The MRM is also a “distribution 
free” model just like the simple Rasch model.  

A combination of all these elements defines the likelihood function of the model as follows; 

𝐿 =  ∐ {∑ 𝜋𝑔𝜋𝑟𝑔 exp (∑ 𝑥𝑖 i𝜎𝑖𝑔) / Φr [exp(𝜎)]}   𝑔𝑥
n(x)   ,                                             (6) 

where n(x) denotes the observed number of response patterns x, and the score probabilities 𝜋𝑟𝑔 =  𝑝 (r | g) have 

been rewritten by using Greek letters for renaming the model parameters. 

Using the model formulas, the number of independent model parameters is constructed as follows: 

h - 1 class size parameters 𝜋𝑔
, where h is the number of classes, 

(k - 1) h class-specific item parameters, where k is the number of items measured and must be lowered 

by 1 because of the norming constraint, and 

2 + h (k - 2) class-specific score probabilities, because one parameter in each class depends on the 

sample size and the class size, and the two parameters for the 0 and 1 vectors are class independent 

As it can be seen from Equation 1, the Rasch model is a one-class solution of the proposed model. Additionally, 

the same Equation is a special case of a simple latent class analysis.  

Professional Preparation Survey 

Research has shown that teachers play a critical role in enhancing student achievement (Goe, 2007; Hanushek & 
Rivkin, 2010; National Research Council, 2010). This finding has been made possible through better assessments, 
P-12 standards, data systems, and statistical analyses such as growth and value-added modeling. It has been 
established that effective teachers improve student achievement, while ineffective teachers negatively impact 

students, sometimes for several years (Sanders & Horn, 1998; Sanders & Rivers, 1996). This result has propelled 
research and policy towards the next step: how do we ensure that all teachers are effective, and how do we support 
them in developing the "sophisticated expertise" (Darling-Hammond & Bransford, 2005, p. 3) that characterizes 
outstanding teaching? 

A grant supported by the Institute for Education Sciences (Award #R305A120233) supported development of 
assessments of preparation of teachers.  As one of the early steps in this study, surveys were created to assess 

perceptions of preparation from the perspectives of teacher candidates, recent graduates of teacher preparation 
programs, and faculty members who taught in the teacher preparation programs. The purpose of this paper was to 
examine whether responses to items reflecting perceptions of preparation yielded different item positions across 
groups of survey respondents and so led to the existence of distinct latent classes. The existence of latent classes 
suggest that the variable takes a different definition for different groups of respondents.   

This grant began with the creation of Core Competencies (CCs) or competencies considered essential for effective 

teaching.  The survey examined here is based on the final CC’s. To identify Core Competencies (CCs), documents 
regarding national teacher standards were examined. These included: The Interstate Teacher Assessment and 
Support Consortium (InTASC), The National Council for Accreditation of Teacher Education (NCATE), which 
is now CAEP, The National Board for Professional Teaching Standards (NBPTS), The Teacher Education 
Accreditation Council (TEAC), and the exam elements of the Praxis II, which is a national teacher certification 
test.  In all, 16 sources were analyzed and represented in a matrix of the content of teacher preparation selected 

on the dual justification that:  

1) Policy licensure and accreditation restrictions are calling for these CCs in order to teach; and  
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2) Programs are required to provide some evidence of how these CCs are incorporated into their program to 
achieve accreditation / licensure approval. 

This initial mapping identified 12 potential CCs, each of which appeared in at least three of the 16 national or 
state sets of licensure/accreditation standards and policy recommendations. In order to focus the study, the initial 

12 CCs were narrowed based on existing research and whether the CC is likely to be taught in the program (rather 
than being a selection criterion), is variable among programs, is observable, and is regularly employed in schools. 
The 12 potential CCs were grouped into 8 CCs that were considered to have less overlap, with vignettes written 
for each with 5-6 descriptors that would form the basis for survey items. These eight areas became: demonstrating 
mastery of and pedagogical expertise in content taught; managing the classroom environment; developing a safe, 
inclusive, respectful environment for a diverse population of students; planning and providing instruction; 

designing and adapting assessments, curriculum and instruction; engaging student in higher order thinking and 
expectation; supporting academic language development and English language acquisition; and reflection and 
professional growth. Details of these core competencies with descriptors can be found in Appendix A.  No 
information was available on whether surveys would measure similar constructs for all groups. Briggs et al. (2013) 
analyzed data from two of the three surveys, and concluded that different approaches to examining dimensionality 
yielded different conclusions about program effects. 

The present study examined the questionnaire validation to see if collected data yielded different sub-groups 
within the selected groups. The main goal of this study is to present a demonstration of usefulness of the Mixture 
Rasch Model for the analysis of survey data. 

 

Method 

 
Participants 

 

Table 1 provides a comprehensive overview of the traits exhibited by the three groups of participants. However, 
it should be noted that not all variables were gathered from all participants, partly due to confidentiality concerns. 
The majority of respondents who were candidates or graduates were young, white females from a conventional 
teacher education program. Most of the faculty members who responded had full-time involvement with the 
program. The survey garnered responses from 296 candidates, 648 graduates, and 501 program faculty. These 

faculty members were drawn from teacher preparation university faculty and field supervisor teaching faculty 
responsible for overseeing clinical teaching preparation experiences. 

Table 1 
Gender of TIMSS-2011 Subjects (based on booklet selection) 

 Gender 

Group Female Male 

 Selected % Selected % 

Teacher Candidates  49.40 49 50.60 51 
Program Graduates  49.10 49 50.90 51 
Program Personnel 50.30 48 49.70 52 

Note: Gender is shown in percentages. 

Measure 

 
The survey, as described above, was created via literature review and a comprehensive analysis of sources of 

standards for teacher preparation, to define eight competency areas (Hartnett-Edwards, Seidel, Whitcomb, 
Spurlin, Anderson, Green, & Briggs, 2013) with one additional area suggested by an advisory panel.  Items were 
written by project personnel and vetted through teacher education program directors and a regional advisory panel. 
After modifications based on a series of cognitive interviews, the survey was approved by a panel of deans of 
colleges of education in the state.  Figure 1 provides an example of a partial survey page from one of the three 
surveys. Further detail about the survey development and sample surveys can be found at the study’s online site, 

www.portfolio.du.edu/IES. 

http://www.portfolio.du.edu/IES
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Figure 1. Detail of a survey page. 

The body of the survey for teacher candidates was split into nine sections, with each section eliciting views about 
an area of teaching competency. Each section contained three response scales oriented to appraisal of views about 
how extensively the content reflected in the item was covered in teacher preparation coursework-style 

experiences, how intensively it was addressed in teacher field-based experiences (e.g., student teaching 
placements), and perception of level of preparation overall. In total, the survey of teacher candidates contained 
111 attitude items, 40 of which reflected overall satisfaction with the program. For additional de tails on these two 
surveys, see Briggs et al. (2013) or the study’s site www.portfolio.du.edu/IES. 

The survey of teacher education program faculty contained 51 items. One item asked about extent of involvement 
with the program and the remaining items asked “OVERALL, how well does the program prepare candidates to:” 

where the remainder of the statement was taken from the wording for the candidate and graduate surveys. Only 
the 40 items common to surveys of all three groups of respondents were used in the present study. 

Procedure 

The project staff generated the online surveys, consent forms, and email instructions to access the survey. This 
information was sent to directors of teacher preparation programs in the state.  Directors of the teacher preparation 
programs sent a link to the survey via email to program teacher candidates with a request to complete the survey, 

as data were to be used for program evaluation and accountability purposes.  In addition, project staff pulled 
publicly available district-school emails for 897 graduates which located recent programs’ graduate placements 
in public school posts.  Directors of teacher preparation programs were also sent a link to the personnel survey 
with a request to convey the survey to their faculty and to mentors and lead teachers associated with the program. 
The surveys were open from May 2012 through November 2012. Potential participants had approximately three 
months to respond. Qualtrics (Qualtrics.com) was used as the online survey site; when the survey was closed, data 

were downloaded as an Excel spreadsheet and transferred into a statistical software package. As the survey 
invitations were sent by individual program directors and not by the project staff, accurate response rate 
information is not available. However, response rates of surveys of program personnel ranged from approximately 
20% to close to 100% for different programs. 
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Data Analysis 

 

The responses were used to run the mixture Rasch model analysis using WINMIRA (von Davier, 2001a). 
Although, items had four levels, they were recoded into dichotomous responses due to WINMIRA not being able 

to handle the analysis. Since the data were sparse, competing models were selected by means of information 
criterion values which were the Pearson Chi-square value and Cressie-Read statistic (Cressie & Read, 1984). 
Information criteria used in this study were the Pearson Chi-square value and Cressie-Read where larger values 
show better fit (von Davier, 2001b).  Once the latent classes were identified, item fit was examined.  

Number of latent classes  

To find the appropriate number of latent classes, competing models with one, two, three, and four latent classes 

were fit to the data for the survey. Table 2 shows p-values of the Pearson Chi-square and Cressie-Read for the 
four models. Table 2 suggests that there were two latent subgroups based on larger values of the Pearson Chi-
square and Cressie-Read. Results showed that the mean of the raw scores of class 1 was high (M=31.88 SD=9.26), 
class 2 was medium (M=27.45, SD=11.10). It is crucially important to compare item parameters across different 
classes when deciding on number of classes.  

Table 2 

p-values of Model Fit Indices for the MRM 

Model Cressie Read Pearson X2 

1-Class 0.00 0.00 

2-Class 0.08 0.13 

3-Class 0.00 0.17 

 
The final dataset consisted of 40 items with 576 participants. To determine the appropriate number of classes, 
one, two and three class solutions were fit to the data (see Table 2). P-values for the dataset of Cressie-Read and 
Pearson Chi-square were .08 and .13. Since the two class model had the appropriate p-value, a two-class solution 

was selected. Class size values for each class shows that class 1 was expected to include about 72% of the sample. 
Class 2 was expected to include about 28% of the sample. According to the Q-index, there was no need to remove 
any items since all of the items fit each class well (.05 < p < .95) (See Table 3). To obtain additional information 
about the survey instrument or the IES grant project, readers can contact co-author Kent Seidel.   
 

Table 3 

Item fit assessed by the Q-index for all classes  

 Class -1 Class -2  

Item  Q-index Zq 

p 

(X>Zq) Q-index Zq 

p 

(X>Zq) 

I1A 0.13 0.49 0.31 0.23 1.84 0.03 
I1B 0.12 0.48 0.32 0.13 -0.43 0.67 

I1C 0.12 0.19 0.42 0.11 -0.86 0.81 
I1D 0.12 0.62 0.27 0.17 0.47 0.32 
I1E 0.15 1.93 0.03 0.20 1.26 0.10 
I2A 0.11 0.19 0.42 0.25 1.52 0.06 
I2B 0.08 -0.49 0.69 0.23 1.65 0.05 
I2C 0.07 -0.57 0.72 0.22 1.08 0.14 

I2D 0.08 -0.40 0.66 0.13 -0.43 0.67 
I2E 0.09 0.03 0.49 0.17 0.56 0.29 
I3A 0.11 -0.06 0.52 0.12 -0.40 0.66 
I3B 0.08 -0.50 0.69 0.11 -0.85 0.80 
I3C 0.09 -0.21 0.59 0.13 -0.35 0.64 
I3D 0.10 -0.04 0.52 0.17 0.37 0.35 

I3E 0.11 0.63 0.26 0.17 0.65 0.26 
I4A 0.09 -0.21 0.58 0.18 0.57 0.29 
I4B 0.09 -0.23 0.59 0.15 -0.03 0.51 
I4C 0.07 -0.67 0.75 0.06 -1.78 0.96 
I4D 0.08 -0.41 0.66 0.14 -0.26 0.60 
I4E 0.10 0.07 0.47 0.13 -0.32 0.63 

I5A 0.09 -0.13 0.55 0.13 -0.07 0.53 
I5B 0.07 -0.75 0.77 0.15 0.24 0.41 
I5C 0.07 -0.77 0.78 0.09 -0.88 0.81 
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I5D 0.11 0.68 0.25 0.12 -0.29 0.61 
I5E 0.07 -0.58 0.72 0.07 -1.59 0.94 
I6A 0.13 0.20 0.42 0.06 -1.87 0.97 
I6B 0.08 -0.52 0.70 0.11 -0.92 0.82 

I6C 0.07 -0.56 0.71 0.11 -0.80 0.79 
I6D 0.12 0.20 0.42 0.17 0.79 0.21 
I6E 0.12 0.32 0.37 0.09 -1.10 0.86 
I7A 0.09 -0.23 0.59 0.05 -1.85 0.97 
I7B 0.12 0.86 0.19 0.19 1.10 0.14 
I7C 0.09 -0.38 0.65 0.14 -0.30 0.62 

I7D 0.10 -0.16 0.56 0.13 -0.21 0.58 
I7E 0.10 -0.07 0.53 0.17 0.40 0.34 
I8A 0.12 0.17 0.43 0.08 -1.46 0.93 
I8B 0.14 0.57 0.28 0.16 0.08 0.47 
I8C 0.15 0.84 0.20 0.16 0.25 0.40 
I8D 0.08 -0.39 0.65 0.20 1.40 0.08 

I8E 0.09 -0.33 0.63 0.29 2.06 0.02 
I9A 0.13 0.49 0.31 0.23 1.84 0.03 
I9B 0.12 0.48 0.32 0.13 -0.43 0.67 
I9C 0.12 0.19 0.42 0.11 -0.86 0.81 
I9D 0.12 0.62 0.27 0.17 0.47 0.32 

 

Figure 2 shows that the two classes had different item difficulty parameters. Item difficulty estimates were 
different for the majority of items.  

 
Figure 2. Class specific item parameter profiles 
It can be concluded that all classes found the items to be relatively easy as logit position was generally negative 
(see Table 4 for specific values including standard error).  

Table 4 
Item parameters of Booklet One by classes 

 Class-1 Class-2 

Item Estimate Error Estimate Error 

I1A -0.36 0.16 0.23 0.22 

I1B 0.14 0.15 0.20 0.22 
I1C -0.49 0.17 -0.91 0.25 
I1D 0.32 0.15 0.23 0.22 

I1E 1.28 0.14 0.14 0.22 
I2A -0.02 0.15 -1.34 0.27 
I2B 0.17 0.15 -0.51 0.23 
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I2C 0.09 0.15 -1.11 0.26 

I2D 0.06 0.15 -0.68 0.24 

I2E 0.74 0.14 -0.09 0.22 
I3A -0.94 0.19 -2.12 0.33 
I3B 0.00 0.15 -0.53 0.24 
I3C -0.32 0.16 -1.13 0.26 

I3D -0.08 0.16 -0.91 0.25 
I3E 1.28 0.14 0.76 0.21 
I4A -0.09 0.16 -0.50 0.23 
I4B 0.35 0.15 -0.32 0.23 
I4C -0.32 0.16 -0.58 0.24 
I4D 0.71 0.14 0.02 0.22 

I4E 0.25 0.15 -0.09 0.22 
I5A 0.91 0.14 0.92 0.21 
I5B 1.07 0.14 0.56 0.21 
I5C 0.82 0.14 0.97 0.21 
I5D 1.01 0.14 0.88 0.21 
I5E -0.68 0.18 -0.60 0.24 

I6A -0.92 0.19 -0.57 0.24 
I6B -0.06 0.16 -0.19 0.22 
I6C 0.05 0.15 -0.04 0.22 
I6D -0.04 0.16 0.01 0.22 
I6E -0.16 0.16 -0.05 0.22 
I7A 0.61 0.14 0.56 0.21 

I7B 1.03 0.14 0.47 0.21 
I7C -0.89 0.19 -0.63 0.24 
I7D 0.08 0.15 0.19 0.22 
I7E -0.46 0.17 -0.86 0.25 
I8A -0.57 0.17 -0.41 0.23 
I8B -0.69 0.18 0.43 0.21 

I8C -0.61 0.17 0.50 0.21 
I8D -1.97 0.26 3.40 0.28 
I8E -1.26 0.21 3.71 0.30 
I9A -0.36 0.16 0.23 0.22 
I9B 0.14 0.15 0.20 0.22 
I9C -0.49 0.17 -0.91 0.25 

I9D 0.32 0.15 0.23 0.22 

 
For example, item I1E had an item difficulty parameter of 1.87 and a standard error of 0.07 for class one and an 
item difficulty parameter of 0.13 and standard error of 0.08 for class two. 
 
 

 

Conclusion and Discussion 

 
The survey was created from an extensive literature review and content expert reviews of documents pertaining 
to teacher standards that guide teacher preparation programs.  This yielded eight themes which we named “core 
competencies” that are essential for effective teaching.  The survey was created based on these 8 CC’s with 4-6 
questions for each CC.  The purpose of this study was to the questionnaire validation to see if collected data 
yielded different sub-groups within the selected groups. Founded response patterns shows that construct validity 

might be called into question. This means that the same construct is not being measured same for all participants. 
Differences in item logit positions per class suggest further investigation into survey validity.   

Based on these analyses, teacher preparation programs and even professional development personnel need to 
evaluate their current programming to consider what aspects are Skills related and what is Resource Use related.  
This in no way means that we ignore the eight core competencies, but this adds a new way to understand the focus 
of teacher development programs.   
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Recommendations 

 
Asking what skills a teacher needs and what aspects of their program teaches students how to use resources 
creatively and effectively could improve the program and may lead to more effective teachers.   Further research 
can focus on testing the validity of the survey using different techniques.  Since the original development data 

analyzed here (collected for the Institute of Education Sciences grant), the survey instrument has been modified 
and used over a period of time as a formative tool in several types of preparation programs. Candidates use the 
survey to guide their self-assessment, and their clinical experience coaches have used the survey to guide 
formative evaluation.  Programs for this continued research and development have included two field-based 
alternative route programs; two “traditional-design” university programs; and two partnership professional 
development school model programs, in which experienced teachers in the school where candidates are placed 

for clinical experiences serve as co-instructors. 
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