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CHAPTERI

A MEASUREMENT PERSPECTIVE ON FIDELITY

Introduction

Research that relates human learning and the conditions under which it develops is
central to education. Collecting evidence of these relaticagvesys a challenge, but is
particularly difficult in largescale studies of student learning in designed learning environments
due to large numbers of participants, contextual variability across classrooms, and limited
resources. While particular reseadssigns, such as random assignment, can protect against
many confounding factors that influence student learning, they do not ensure that the realized
learning environments faithfully reflect tieentionsof the desigr{Lipsey, 1993). Ithe
designed leaing environment relies athanges irpractices, beliefs, perspectives, routines, or
behaviors of participants, thanvalid account of these changes is needed to mékences
aboutthe relationship between them and student thinking.

At a smaller sca&, design researchers make inferences about this relationship by looking
for correspondences between particular qualities of classroom activity and evidence of student
thinking manifested in discourse, action, or inscriptions. This painstaking work uslig/on
video and/or audio recordings of classroom activity and interviews, student artifacts, and field
notes to create detailed characterizations of the realized learning environments. Although these
data records can include many units of time (daggks, months, or even years) they typically
stretch across a much smaller number of participant units to make the analyses feasible. This

methodology is central to design research because it allows researchers to test a particular



operationalization of #ir instructional theories, provides evidence about the relationship
between researchersQ instructional theories and learning theories, and can even produce new
theoretical frameworks to model relations between instnuetia learning (Cobb, Confrey,
DiSessa,Lehrer, & Schauble, 2003;iPessa% Cobb, 2009; Sandoval, 2014

However, these methods are not helpful for questions about relations between instruction
and learning when a designed instructional program is used on a large scale. Detailed qualitative
analyses are much too time consuming for a large number of classrooms. In addition, qualitative
methods typically relate instructional experiences with learning for a number of strategically
selected cases. In largeale studies, though, questions alamgregate relationships require
measures of student learning and instructional contexts that can be used across a large number of
participants and that are grounded in the theories developed through the qualitative studies.

1tOs not only pragmatics anahiied resources that motivate the need for scaled measures,
though. Even if infinite resources were available to qualitatively study these relations across
large numbers of classes, there is additional value in going beyond counts or proportions of
gualities to consider their measurement scale. A measurement scale uses the metaphor of linear
space to represent the relative OdistanceO between qualitatively different categories. For example,
a qualitative analysis could answer many questions about the ddéebetween frozen water
and boiling water. It could even help researchers understand qualitatively different states of
water through narrative descriptions of ice, liquid water, and vapor. However, the qualitative
analyses donOt help to answer Ohow nusefions. Sure, boiling water is hotter than frozen
water, but how much hotter? For this question the qualities of the theories about water must be
interpreted as quantities in a measurement scale. This logic holds true for measures of classroom

instructon as well. When qualitatively different categories of instruction are used to create a



measurement scale we can then ask Ohow much more diffdieat@@swer to this question
will likely have theoretical implications for our understanding of the phenomeand also
practical consequences for the strategies we deploy to create change, such as professional
development.
In evaluation research, the measures of classroom instruction are often referred to as
OfidelityO measures becausdlifferentnumericalscales aretypically interpreted in reference
to researchersO idealized instructional theories. Classrooms with higher scores on the scale
indicate realized learning environments that are more faithful to the intent of the designed
program than classroortisat are lower on the scale. Recent reviagiee that there has
historicallybeen little consistency in conceptual frameworks, methods, orfaydlss type of
measuremer(e.g. OODonnell, 2008). In response, there is now a growing consensus on
importart steps researchers should take wiheveloping a fidelity measur8ince it is clearly
important for a fidelity measure to account for a programOs most important tasks and materials,
many of these stepamphasiz¢he widespread acknowledgement that essgotogram
components should be explicitly representethe measureDften ignored, though, is that a list
of visible program components is but a particular operationalization of an underlying
instructional theory. This theory could be operationalizédréntly, or the visible components
might be used in a manner that does not manifest the underlying instructional theories. With this
in mind, fidelity measures, like any measures, should also articulate relationships between the
visible components todobserved and thenderlying theoriethat motivated attention to them.
This dissertation is my attempt to contribute to this challenge in the context of-a large
scale study of an approach to learning calath ModelingData Modelings designed to

support middle school students in developing competencies in a related set of practices including



posing a question, deciding upon appropriate attributes and measures that address the question,
designing investigations, structuring resugtotata as distribution, developing statistics to

measure distributional characteristics, and inventing and revising models of chance to guide
inference (Lehrer & Romberg, 1996; Lehrer, Schauble, & Kim, 2007)SF&M professionals

these practices serve apistemic purpose sintikeey are the means by which disciplines

construct meaning from data. Since it is our goal for studenisetbese ideas to construct
meaningirom datafor themselves we refer to them as epistemic practicesder to study this
approach to learning it is critical to measure the extent to which students are supported during
instruction to participate in these epistemic practitbs need motivates the following

guestions in this dissertation:

Research Question 1: Can we validlyd reliably measure the extent to which

students are supported to represent, measure, and model variabiligtan

Modelingclassrooms?

Research Question 2: What do we learn about differences in classroom

instruction with such a measurement system?

In this chapter | argue that relationshipstween underlying theoretical constructs and
observable evidenaae only implicitly addressed in the growing consensus on methods for
developing fidelity measuresd | describe three approaches researttaetstaken when
representing program thearyfidelity measuredn chaptertwo | lay out a vision for construct
drivenfidelity measuremerthatexplicitly representshe underlying theoretical constructs of a
program theory and the observabégiablestakenas evilence of the constructisendchapter
two by describingWilsonOs four building bloslof measuremen¥\(ilson, 2003 and present it

as auseful framework for supporting the developmentarfstruct driverfidelity measuresin



chapter three | descelimy work in thdirst two blocks of this framework: representing the
construct of fidelity inData Modelingclasses and operationalizing this construct in the form of a
classroom observation system. In chapter four | describe my work in the last twe didiis
framework: creating an outcome space for the observation data that is related to the fidelity
construct and modeling the observation data. These two chapters constitute what Mislevy (2007)
callsa validity argumentor this measurement syste8ince this project is a test of tbata
Modelinginstructional theoried,have attempted to build a measurement systenirntetesthe
extent to which these theories were realized in classroom interactions.
Program Theory as a Foundation for Fidelity Meaurement

To address the wide variability in fidelity measurement, recent literature reviews have
worked to establish common measurement practices by proposing procedures for creating
fidelity measures (e.g. OODonnell, 2008; Hagerrr®aeetti & Kratochwil] 2009; Nelson et al.,
2012). However, each measurement procedure, like any observation, is motivated by theoretical
assumptions about teaching, learning, and the conceptual work of measurement. These theories
guide observation schemes, and the interpogiatf data. In the words of the NRC Report,
Knowing What Students Know

OData do not provide their own meaning; their value as evidence can arise only

through some interpretational framework. What a person perceives visually, for

example, depends nonly on the data she receives as photons of light striking

her retinas, but also on what she thinks she might see.O (Pellegrino et al., 2001, p.

43)
In evaluation researghheresearcher@snceptualization of the intervention being studied
guides obseation, what is often termed program theory (e.g. OODonnell, 2008; Lipsey, 1993;

Bickman, 1987). Although the term OcurriculaO typically conjures images of materials and

teacher guides, a designledrning environmer®is as much a conceptual construciiit is an



organizational oneO (Lipsey et al., 1985, p. 10). The materials, tasks, and protocols in the
curriculum design are motivated, if even implicitly, by a theory of teaching and learning.

Since the purpose of fidelity measurement isieasurehe extent to which a designed
program was realized as researchers had intendéghraepresentation of oneOs program theory
is a required antecedent to any meaningful fidelity definition. In fact, Lipsey (1993) argues that
researchers must be theory otezhfor experimental research to produce practical knowledge
about mechanisms of change. Chen & Rossi (1980) argued over 30 years ago OEvents, processes,
and outcomes are not obvious; they can only be discerned with appropriate conceptual schemes
that provde guides for observationO (p. 110). Without these, causal relationships between
interventions and desired outcomes are little more than ObuttonsO (Lipsey, 1993, p. 34) to
produce desired effects-priori representations of program theories are critwalls for
describingthe integrity of the realizel@arning environments, differentiatimgm business as
usuallearning environments, improvirgogram implementatiosupports (such as professional
development), and relatingtervention mechanismaith learning outcomes (Cordray & Pion,
2006).

Chen & Rossi (1980) argue that the lack of a program theory is an early indication that a
program is unlikely to be effective, and Lipsey et al. (1985) argue that Oif there is not at least an
implicit program moelEthen there is no program to evaluateO (p. 10). The program theory is
separate in nature from what is realized in practice, angigonship between the two gives
conceptual meaning to the fidelity scaBordray & Pion (2006) udbe term Otreatment
integrity,Gmore common, however, is the term Ofidelity of implementationO (OODonnell, 2008).

In spite of the foundational nature of these representatiglasions between program

theory and the operationalized measuresiavallypoorly articulatedn practice (Cordray &



Pion, 2006; Hagermos&anetti & Kratochwill, 2009). In fact, Donalson & Lipsey (2006) argue,
Owhat is meant by Otheory® encompasses a confusing mix of concepts related to evaluators
notions about how evaluation should be practiced&T), For this reason theigvery little
guidance on what constitutesafficient representation of a program thedmyfact, thisissue is
usually only addresseadhplicitly in the literature on developing fidelity measures
This has leddometo believe that a fidelity framinghust assuma literal replication
theory of program use. Soroaticize fidelity measurer$or conceptualizinggrogram use as a
straightforward act of implementing program components (e.g. Penuel, Phillips, & Harris, 2014).
Thisis not surprising. Underrepresented program theories along with constructs borrowed from
medical research, such as dosage, have given this impressiore O dliggest that this tiso
narrowanimage of the work of measng treatment fidelitylt is possible to conceptualize a
program theory that views program use as an act of using tools, concepts, and practices to bring
about particular instructional theories in relation to the needs of students in a local context.
Under this type of program theomyeasuring fidelity is anything but straightforward. A more
explicit conversation about appropriate representations of program theory is needed to
differentiate between the different types of learning theories being tested in evaluation studies.
To begin tls conversatioh suggest that there have been tlpesspectives on the
representational challengé articulating program theory in a fidelity measutgrepresenting
visible program structures, 2) representing visible program processes, and 3) tiegresen
underlying theoretical constructs. Thgmsspectives are not mutually exclusive. In fact, they are
better thought of as different aspects of a program theory representation. Another way of

thinking about these categories is to imagine tibsgarchers could represent 1) What



participants should do, 2) How participants should accomplish what they do, and 3) Why
participants should engage in these particular forms of what and how.
Representing ProgramTheory as ProgramStructure

By far, the nost common aspect of program theory explicitly represented in fidelity
measures is the setalbservable components of emervention. Measure very often rely
heavilyon counts or proportions afisible pieces of the curriculum important for its success,
often termed critical components or active ingredients (OODonnell, 2008; Mowbray, 2003).
Articulating thecritical components is importabecauset is impossible for a measurement
scheme to account for evecet of a designed interventioro, $he pats of the program that
are central to its success should be prioritized over less important ones. Lists of critical
components are used to define optimal, sufficient, and ingerffiamplementation by
conceptualizindidelity indices as a proportion of sgponents observed with implicit reference
to medical constructs such as dosage or adherence (Dane & Schneider, 1998).

In addition to the critical components, relationskapsong componentwe often

® O, © O, O,

Your Planned Work Your Intended Results

Figure 1.Example of general logic adel structure from Kellogg Foundation



representa ( e.g. Mowbray et al., 2000, Lipsey, 1993). Once components are listed, the
Ointerrelationships among the inputsO (Lipk@93, p. 36) describe how the components are to
interact with each other. One common representation for this is the logic model (See figure 1 for
a general example of logic model structure). The logic model arranges the critical components to
communicaterdinal relationships, and the outcomes that they are expected to produce. For
example, which components should come first? Which shoutitcor? What changes in
participants are expected if the components are observed?

Critical components and their ations are commonly described as progsamcture
(Mowbray et al., 2000). The structure is seen as Othe framework for service deliveryO of an
intervention (Mowbray et al., p. 318). Researchers either draw upon specific and scripted
program models that havshown evidence of effectiveness, gather expert opinions from either
content experts or from literature, or use qualitative research and site visits to determine the
structure of the intervention (Mowbray et al., 2000, OODonnell, 2008, Donaldson & Lipsey,
2006). For example, OODonnell (2008) cites adiep process developed by Mills & Ragan

(2000) for identifying critical components:

(a) Identify the innovation componeRtparticipant activities, behaviors of the
implementer, materialéby reviewing thg@rogram materials and consulting the
program developer; (b) identify additional components and variations by
interviewing past implementers to ascertain ideal use and unacceptable use for
each component; (c) refine the program components by going bduk to t
developer and clarifying with him or her user discrepancies regarding which of

the observed components is the most important; (d) finalize the innovation



components by constructing a component checklist and a set of variations within
each before pilotig; and (e) collect data either in writing (i.e., through

guestionnaires), classroom observation, or intervigy49)

Notice that this procegpiides researchers in explicitly representing what participants
should do but is much less explicit about repreing the OhowO and Owfiggfocus is on
identifying discrete pieces of thiesigned prograjpand on documenting their presence in
research settings. Componentght bedifferentially valuedf the program developer values
someoverothers but the réonale behind the differential values may not be clearly represented
(step C from Mills & Ragan)Although the program developerOs values are likely motivated by
the theories that influenced the program design, explicit relations to that theory (therevhgj
communicated in this framework.

This emphasis on the pieces of the intervention is seen in practice quitd-oftarstudy
of the 4" grade computer based math progr@dyssey Mathwijkumar et al. (2009) described
the program theory in terms wiSible components in the classroom, such as student use of
headphones and the visible posting of learning objectives. Fuchs et al. (2001) articulated the
program theory of thBPeerAssisted Learning Strategipsogram by referring to structural
componerg, such as the presence of curriculum folders for students and appropriate teacher
feedback to students. Chard et al. (2008) used a checklist of lesson commuwmés number
of lessons completeth conduct classroom observations in an evaluatidady Learning in
Mathematics (ELM)They defined fidelity as the proportion of components checked across three
observations. Crawford et al. (2012) explicitly articulated program structure for thbaset
supplementHELP Math.They defined the prograntrscture as Oobservable behaviors and

extant data such as frequency and intensity of contacts and evidence of procedural guidelines.O

1C



(p. 1). They described this aspect of the program theory as objective and visible. For a study of
fidelity to a variety ohigh school math textbooks, Mcnaught, Tarr, & Sears (2010) referred to
the program structure as Ocontent fidelity,O and they articulated this structure based on the
written directions in secondary math textbooks. Ertle et. al (2006) referred to theprogra
structure in the curriculurBig Math for Little Kidsas Oby the letterO implementation.

The critical components, although visible descriptions, sl to be articulated a way
that explicitlydescribedhe visible evidence of them in a classroata particular point in time.
This work is often referred to aperationalizationandfor program structure primariiycludes
decisions about measurement instruments and observation location, timing, and frequency. Of
the conceptual papers | reviewed theras very little guidance as to what instruments
measurement systems should make use atcount for program structurde fact, the choice of
measurement instruments is highly variable (OODonnell, 2008), and there appear to be very few
guiding principes in their selection. Researchers operationalize program structure as survey
guestions, observation protocols, student questionnaires, and interviews. There is some evidence
that observations often suggest lower fidelity than self report (OODonnelfr@dBmshoff et
al, 1987), so researchers often employ multiple methods in order to triangulate data.

Some of the fidelity studies | reviewed only briefly discussed their operationalization of
the visible program components represented in their progreonytiiFuchs, et al., 2002;
Wijkumar et al., 2009). They turned the critical components into observational checklists, and
they selected the number of observations to be conducted. However, they did not provide a
justification for the structural elementsinded in the protocols or for the number of

observations.
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Representing ProgramTheory as ProgramProcesses

Standards for how components should be used are often referred to as program processes.
Mowbrayet al. (2000) and OODonnell (2008) direct researchers to distinguish between Ofidelity
to structure@id participants use the components?) and Ofidelity to pfackdparticipants
use them as they are intended to be us&@?)example, a program coment might be to post
the lesson objectives each day. But, even if the objectives are posted they might be placed in an
obscure location or printed in a manner that makes them difficult to read by stéaseits, to
structure is grounded in the critic@mponent lists. Higher fidelity is differentiated from lower
fidelity based on the amouat thestructure visible in practice (i.e. how many days were the
objectives posted?n contrast, fidelity to process is groundedhe ways in which the
comporents should be used (i.e. were the lesson objectives posted in a way that clearly
communicated to the studentsPhis oftenevokes slipperyheoretical constructs such as
Oquality.@n fact, someresearcherargue that structure can be observed objegtielt
processes are always subjective judgments. For these reasons, fidelity to process is usually more
difficult to measure reliably (OODonnell, 2008).

Representations ofpgram theoriethat includeprocessesalsochallenge some of the
conceptualizatins of fidelity implicitly taken from medal trials. For example, the meaning of a
construct such as OdosageO is less clear when one begins to account for qualéygof/isat
OdoseO of the posted objectives did students receive if they were yastedy but in an
obscure location?). Program theories that includeessealsoallow for more flexible fidelity
definitions, especially if quality is conceptualized as responsiveness to student needs in a given

context.

12



In addition to representingracture,Crawford et al. (2012)escribed separateiytended
teacher processésr the online supplemeritelp Math They considered this to be a more
subjective theory of change. Theydidteacher communication, classroom management, and
problem solwng as the three processes critical to the compusedo@ath intervention they
studied Ertle et al. (2006) make a similar distinction by describing their program theory in terms
of Oby the letter implementationO (p. 9) and the Ospirit of the impleomEhi@tio). The OspiritO
theory relied on general notions of quality drawn from math education literature, and the
distinction between their program specific process theories and more general process theories
was not clear. Doabler et al. (2012) took a Emapproach to articulating their process theories
by looking into the Oconverging knowledge base of effective mathematics instructionO (p. 3
They indexedehaviors such as teacher models, student mistakes, and teacher feedback. These
fidelity measuresyhile differing in terms and definitions, all articulated program theory
processes using general constructs found in math education literature.

In contrast, Clements et al. (2011) articulated specific teacher practices that are central to
the preschool irervention they studied. They refer to this as evidence of Odeep changeO that
Ogoes beyond surface structures and proceduresgO (p. 137, from Coburn, 2003, p. 4). For
example, a sample item that is scored on a five point Likert scale in the OOrganizatbtimdg
Approaches, and InteractionO section is OThe teacher conducted the activity as written in the
curriculum or made positive adaptations to it (not changes that violated the spirit of the core
mathematical activity).O The focus is on curriculum sjgguibcess, but these authors still draw
on vague conceptions of quality, such as Opositiveatayt O Munter et al. (201and Leiber
et al. (2012), describe process in program theories as evidence of the Oquality of deliveryO

(Munter et al., in pres@. 18). Although Munter et al. also looked to the math education
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literature to identify aspects of quality, they linked these to the specific structures of the math
tutoring intervention they studieMath RecoveryFor example, wait time and tasks inldhénOs
zone of proximal development are general theoretical constructs they drew from the literature,
but they drew relationships between thgseeraldeas to specific processes in Math
Recovenprotocol. Similarly, McNaughet al. (2010) contrasted their structure, what they
termed content fidelity, with processes called Opresentation fidelity.O However, they did not look
to the literature, but rather to directions in the teacher editions of the secondary textbooks they
studed.

| found one study that was uniqureorientation and method in their articulations of
processes in the program theory. Abry et al. (2011) studied the effectiveness &tesiogsive
Classroonpractices in math classrooms. In this case, the program theory was articulated in
terms of only processes, and not structures. This was becauesiansive Classroom
approach seeks to modify the processes by which teachers are engaging studentsi@emiind ¢
curricular structures. The program theory lists practices such as Opositive teacher languageO,
Oguided discoveryO, and Oacademic chdites2 practices were defined with one sentence.
For example, academic choice was defined as Ostructured aitoretbopportunities for
students to choose, reflect on, and share work options based on individual interests.O

When representations of program theory inctldiescriptions of processes then thekvo
of operationalization wasoredifficult because theris onlyimplicit reference to theoretical
constructsin many casesie OwhyO still remains ta€iar example, Dane & Schneider (1998),
name Oquality of deliveryO as a general dimension of fidelity to process that should always be
measured, but its opéi@nalization is not clear. They describe quality of delivery as Oa measure

of qualitative aspects of program delivery that are not directly related to the implementation of
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prescribed content, such as implementer enthusiasm, leader preparedness, tiphzitas e
session effectiveness, and leader attitudes toward programO {higdSlefinitiondraws upon
theoreticakonstructs of Oenthusiasm@ @preparednessO and Oattifvd#sout articulating
themeaning of theseetms. These terms and coblel ®nceptualized in many different ways.

While structural aspects of the theories can be turned into checklists, the processes often
cannot. Instead, they are often operationalegdkert type rating scales$n fact, te rating
scales were sometimes thalyrepresentation ofraunderlying constructOs meaning. Since
OODonnell (2008) directed researchers to use operational definitions to communiceltets tea
what the constructs meagsearchers often reference the operationalized instruments in an
appendk as the definition

| found that @erationalizatioa of math intervention program theories articulated in terms
of structure and process were more complicaed,many researchers described the process as a
challenge because notions of quality weremftiifficult to operationally define and score
reliably. It was common to employ multiple instruments including live observations, surveys,
logs, video coding, and transcript coding. While many of these studies discussed the desire to
triangulate data, n@nprovided a rationale for which source was privileged or an explicit
description ofhe object being triangulated. Moreoyalthough the instruments often provided
contradictory information, they did not describe which account was more valid. In factedbs
et al. (2011) and Ertle et al. (2006) used previously developed measures of general instructional
quality in addition to the intervention specific measures. Although they did not explicitly discuss
the rationale for the choice, it does suggestttiere was an implicit theoretical alignment
between the measures that was not articulated. Ertle et al. carefully selected 4 curriculum

activities with the intent of observing a wide variety of concepts aamctipes. Munter et al.
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(2014 chunked their vido into instructional moments and coded each of these with the fidelity
scheme. The instructional moments selected were designed to show the teacher responding to
student thinking with tasks and questions. Crawford et al. (2012) used a mix of OformalO
obsevations in which the teacher was notified ahead of time and OinformalO observations that
were conducted by surprise. This suggests an implicit theory that sees classroom interactions
during planned observations as different than those during surpriseBoowes et al. (2009)
coded trancripts by Oshifts in activityaDd then scored the fidelity variables for each section.
The shifts were chosen so that each activity chuck could be characterized by the two
Oopportunities tiearnO categories for students.
RepresentingProgram Theory asUnderlying Theoretical Constructs

In addition to representing program structure and process, a small number of studies
represented underlying theoretical constructs in their program theory. These studies attempted to
explicae the theoretical commitments that motivéitee structures and processes (Nelson, et al.,
2012).From this perspectivapecific tasks, materials, and protocols of each interve(then
what and howare but visible manifestations of underlyimstructonal theories (the why).
These studies emphasize ttrare is an important distinction betwaarderlyingconstructs,
and the material form motivated by the constructs.

Nelson et al. (20123rgue thah program theorghould beirst articulated Oin coaptual
terms by describing the constructs that underlie activities and resources and effect outcomesO (p.
6). The authors call this type of theory a programOs Ochange model.O Nelson and his colleagues
provided figure 2 as an example of a change model fin@n.INCS project (Swafford, Jones, &
Thornton, 1997). This representation is termed a Otheory approach modelO by the W. K. Kellogg

FoundationOs logic model development guide (W. K. Kellogg Foundation, 2BB4nodel
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names the assumptions that led theogram designer to structure the intervention as he or she

did. The rationale for these representations is based on WeissOs (1998) idea that OA program is a
theory, and an evaluation is its test. In order to organize the evaluation to provide a responsible
test, the evaluator needs to understand the theoretical premises on which the prograr®is based

(p. 55). The change model names the underlying theoretical constructs that motivate the

intervention structure and processes.

Instruction in Increase in teacher
geometry ‘ knowledge of geometry
\ Improved
teacher
instructional
practice

Instruction in Increase in teacher

studentcognitionof ey, knowledge of student
geometry cognition

Figure 2.Example of change ndel from LINCS project

Nelson et al. (2012) go on to justify the need for articulations of underlying constructs in
five parts. First, abstract constructs provide the opportunity to inform theory outside of the
specific context of an interventionOs eattin. If the program theory is articulated in terms of
the underlying constructs then data can be used to inform more general questions than those

related to the specific realization of the intervention at hand. Descriptions of the conceptual
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organizatiorof a program are needgalinform more general questions around the theoretical
orientation of the design. Second, change models can support the development of a richer
network of causal connections due to the specificity of the constructs. Third, tigechadel
informs what is to be measured and how. As opposed to looking for every resemblance of an
intervention, or a list of components that may or may not be evidence of the underlying
constructs of interest, measures informed by theoretical consteuctse deliberately built to
make inferences about the integrity of the instructional theory realized in classroom practice.
Fourth, the change model guides the analysis of the measurement instruments. This is a
particularly timely goal given the lack o&lidity evidence in most fidelity tools. Threats to
validity most often come from two sources: 1) construct underrepresentation, and 2) construct
irrelevant variance (Messick, 1994). When visible indicators underrepresent instantiations of the
construct, hen fluctuations in the construct can go unseen. On the other hand, if indicators are
not, in fact, related to the construct, then variation in measures can occur even though there is no
true variation in the constructs of interest.

| found only two fidelty measurement systems that explicitly named theoretical
constructs. Although not articulated in a change model, Munter et al. (in press) described a
construct of Opositioning students as sense makers and their own mathematical authoritiesO (p.
16). So, fdelity of the intervention was conceptualized as the extent to which tutors positioned
students in this manner. Brown et al. (2009) focused their attention on the Oopportunity to learnO
available to students through instruction. They conceptualized thestopity using two
constructs, opportunity to reason about mathematics and opportunity to communicate about
mathematics. In addition, they explicitly articulated theory related to Oimplementation.O They

drew on RemillardOs (2004) ideas about the $ostiorical production of curriculum materials.

18



Figure 3 is their model of implementation in which they view the teacher and the materials in
interaction with the students and external forces.

Abry et al. (2011) was the only study found that explicitly naiel$onOs framework.
However, their change model did not actually name latent constructs. They named Ouse of
Responsive Classroom practicesO as the construct of interest, and they listed the practices they
looked for without providing a description of thenstructs motivating the processes. | included
them here because of their explicit reference to NelsonOs framework, but in practice they actually

named processes without explicitly naming the theoretical constructs motivating them.

) Other Curricular Written Lesson
Teacher's Lens Materials Materials

Teacher’s Model of the Intended Lesson

' E Teacher's E
Teacher's 1 Perspective '
Planned Lesson «— of Local and Global |
: Constraints -

l

Student's Teacher’s
Mathematical Enacted Instructional
Contributions Lesson Choices

Figure 3 BrownOsonceptualization of curriculum use.
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Nelson and his colleagues describe operationalization as the work of transforming a
change model into a logic model. While the change model names the constructs of interest and
their relationships, the logic model debes the visibletructures and procesdégse theories
take in the intervention. These authors dissect the main constructs igorspbnents, and then
generate facets, or the Ospecific behaviors, events or resources that constitute the implementation
of a subcomponentO (p. 12). Using these facets the authors descritesa pfalefining the
indicators by creating observable varialdesl indiceghat constitute a measurement instrument
used to account for the indicatof$ie logic model allows on® tmake inferences into the
meanings of thenderlyingconstructs based on their material form; they do not provide explicit
articulations of their meanings.

For Munter et al. (in press), operationalization was an iterative process of defining
scoring rubics, piloting, and reviewing with Math Recovery experts. They note the program
theory as the lens by which critical components of the curriculum were identified in curriculum
materials. However, the authors were not the original curriculum developéhns, tssk of
operationalization was challenging and even included attending national Math Recovery
conferences and working directly with curriculum developers. In addition, they categorized
operationalized variables as Ounique and essentialO, OessertaltigtieO, or OprohibitedO
(Waltz et al., 1993). Operationalizing the construct of Opositioning students as sense makersO
was challenging for these authors, took multiple variables, and it was often easier to
operationally define what shoutebt be donghan whatshouldbe done. They attributed this to
the lack of shared understanding of the program theory among expert users.

Brown et al. (2009) used a similar strategy to operationalize their Oopportunities to learnO

constructs. They looked throughrriculum materials and defined nine codes that informed this
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construct. For example, they noted when students were given opportunities to compare and make
connections among multiple representations. They also segmented classroom transcripts into
segment®f activity that provided opportunities to see the codes.

The very few studies thaime the underlying constructs when represgmirogram
theorydescribe thenat a very general level. This still leaves many fidelity measures susceptible
to construct uderrepresentation and construct irrelevant varidmeeausehis level of
generality does not support explicit relations between the constructs and the observable
components of the fidelity measure. In addition, it does not encourage opportunities for
reearchers to discuss alternative conceptualizations of phenomena, such as teacher quality.
Summary

Almost allfidelity measurement systemeviewed hereepreserdgd program theories
exclusivelyin terms of program sicture and/or processes. Those tndy represenstructure
allow for very little flexibility in curriculum use since any deviation from the structure is
evidence of infidelityThis has led to the impression outside of evaluation research that fidelity
frameworks always theorize program usdlae implementation of static objects. Some fidelity
researchers perpetuate this idea by arguing that fidelity and adaptation are separate constructs
requiring different measurement instruments (OOConnor,.2008)

Researchers that account for processesvelthr more flexibility, but implicitly draw
upon theoretical constructs to account for the quality of the use of program structure. However,
observers often have different conceptualizations of these constructs, even among expert
program users, and withbexplicit articulations to guide their disagreements, program
developers were called upon to resolve differences in an ad hoc naverethis tactic, though,

didnOt always workdunter et al. (in press) found that expert users oMhath Recovery
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tutoring program differed significantly on their ideas about teacher praSiicee researchers
rarely represent the meaning of the theoretical constructs it was usyadlgsible to compare
different conceptualizations of identically named constructs, ssiguality.

A small number of measurement systems named the underlying constructs that motivated
visible componentslhese represented the what, how, and why for the programs they studied.
These articulations, though, were usually at a very generalgrainwhichstill left ambiguities
about theoryevidence relations ithe measurement scal@hese ambiguities, which were
present in all the studies | reviewed, resulted in scales that were not easily interpretable in terms
of the program theory. Is a@e that is twice that of another score representative of an
enactment that is twice as aligned with the designerOs intentions?

To illustrate this limitation consider again temperature measurement. The quantities that
make up the scales are grounded endkperiences that contributed to our qualitative
understanding of temperature. Ice is not singolglerthan boiling water; it is 100 degrees
Celsius colder. On the different scales there are reference points that we can interpret in terms of
our qualitatve understandings of the phenomenon. This is not true for these fidelity measures.
Although one classroom might have a score that is twice the score of another classroom it is not
clear that this indicates twice as much alignment. In addition, therenwesderence points on
the scales that related the quantities to qualitatively different theoretical states of fidelity. For this

reason, fidelity measures are typically interpreted as having only ordinal scales.
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CHAPTER Il

CONSTRUCT DRIVEN FIDELITYMEASUREMENT

Introduction

A more explicit treatment of the theories motivating fidelity measures is néedeshte
measurement scales that help address the Ohow much?0 .dudsigchapterd describea
theoretical perspective for fidelity measureingystems called construct driven measurerasnt
a good starting place for this type of measurement \Wddssick,1980,1994). | also discuss
how this perspectiveuilds onto the work done by researchers that represented structure,
process, and theoretlaonstructs| should make clear, though, that construct driven
measurement is not a new idea. It has been discussed at length under various terms in the
development of student assessments. This is not to say that all written student assessments align
with this perspective in practice, but that there has been much work recently to bring
contemporary learning theories into contact with contemporary measurement theories (e.g.
Pellegrino, et al. 2001).

Although student assessments are different in many fn@ysfidelity measures, they are
relevant and imgrtant to consider for threeasons. First, like fidelity measures, the theoretical
foundations of student assessments are rarely articulated and discussed explicitly. Instead, issues
of implementation andcore interpretation dominate the discourse (Pellegrino et al., 2001).
Second, because the theoretical underpinnings have remained implicit, they are rarely scrutinized
or revised. Mislevy (1993) has argued Oit is only a slight exaggeration to descrést theory

that dominates educational assessment as the applicatiol oé0ry statistics to {ocentury
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psychologyO (p. 19). Chen & Rossi (1980) characterized the program theories behind educational
interventions similarly. They said that thatlbgrams are motivated by some theory, but that
often times the theories are based on Oconventional, commonsense understandingsO (p. 110) of
social phenomena that do not align with contemporary research. However, many of the questions
student assessmeratsd fidelity measures are used to answer are related to fundamental
conceptualizations of teaching and learning. What is important to teach? How should we teach
it? Like student assessments, the fidelity measures designed to characterize the OcagisesO of th
assessment results often leave the underlying theories and assumptions implicit. Third, fidelity
measures are inextricably linked to student assessments in evaluation research. Fidelity measures
relate classroom interactions with student learning. Ifhtheretical assumptions of one or both
of these types of measures are not made explicit, then we run the risk of chasanigtoen
between them without contributing to our theoretical understanding of the complex relationships
between teaching and |eang.

Program Theory Relating Latent Constructs to Visible Structure and Processes

Conceptualizations of learning, teaching, and as a result, fidelity will be unique to each

intervention design. For some, the curriculum guide might be conceptualizettagtaferward
representation of practice for teachers to follow, so fidelity might be thought of as the extent to
which the teachditerally reproduces theritten descriptios of thecurriculum design
(Remillard, 2006). How much of the curriculum waplieated? What dose did participants
receive? In contrast, curriculum guides might be conceptualized ascsdicial artifacts to
support teachers to recontextualize a theory of action to meet the needs of students in a local
context. In this case, fidgl would take on a very different meaning. There can bigeral

replication, but there are more and less productive uses of the materials from the developerOs
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perspective. Are materials supporting classroom interactions as we intended? Are students
discussing the concepts we value? It is critical that these theories be made explicit so that the
conceptualization of the object being measured is communicated.

Non-scripted interventions, such as tath Recoveryutoring program, highlight the
need for nore than articulations of structure and process when representing a program theory.
Programs that are responsive to local contexts can take shape in many different ways while
remaining faithful to the intentions of the curriculum design. Since the steusttine program
is dependent on local context, it is dynamic and providing a checklist of critical components and
processes becomes much more difficult due to variation in faithful implementation. In addition,
there is sometimes no clear delineation betwihne structure of the program and the process by
which participants should enact it. For example, if a critical component is to hold a whole class
discussion in which a teacher identifies and responds to student thinking in real time then
determining wiether the component was seen cannot be done without an assessment of the
process. In this case tegucturalcomponents the process.

To further illustrate the distinction between visible components and motivating theory,
consider recent efforts tneasure Opositive infidelityO (Hulleman & Cordray, 2009; Munter,
2010) or Opositive adaptationsO (Clements et al., 2011). Both positive infidelity and positive
adaptations describe alterations to the intervention design, otherwise considered inhdelity, t
actually accomplish the goals of the intervention better than the original design. This term makes
clear that the visible instantiations of the curriculum are not sufficient descriptions of program
theory. Program components are motivated by invisii#eretical constructs, and as the idea of
positive infidelity demonstrates, it is possible to modify the components to better realize the

constructs in action. Without the distinction between motivating latent constructs and visible
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components, this congewould be senseless. But when the motivating theories are
acknowledged to be distinct from their material instantiations, then one can be faithful to the
invisible theory while simultaneously unfaithful to the intervention protocol.

There is a more furanental limitation with articulations of program theories composed
of only visible structure and process. The underlying motivating theories remain implicit at best,
and invisible at worst. So, although the research design might seek to infer relatibesigen
visible aspects of the intervention (materials, protocols, etc.) and visible aspects of the outcomes
(test scores or survey responses), it remains unknown if the visible evidence supports the latent
theories motivating the measurement instrumeédéntical observable behaviors can be
prompted by very different motivations. Program theories that are articulated in only observable
terms, therefore, produce instruments that do not explicate the rationale for looking for the
observable component, atiterefore may provide invalid interpretations of empirical data.

So, what is a sufficient articulation of an underlying theory? Recently, developers of
student assessments have found it productive to articulate their theames@snore latent
construts (for an example see Lehrer, Kim, et al., in press). Descriptions of the constructs
should be specific enough to communicate meaning in a particular context. They should include
a Ocoherent and substantive definition for the content of the construistih (QED6, p. 26).

However, the descriptions must be general enough to-@entextualized in new settings. So,

the articulations cannot be solely in terms of visible curriculum components because these do not
provide guidance for finding evidence of #@nstruct in a new setting. Thepresentatioof a
constructshoulddescribe a trajectory along which participants may be located. Remember,

fidelity measures are designed to describe realized classroom interactions in relation to a
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theoretical ideal, sthe descriptions can describe the construct along a trajectory to give meaning
to OmoreO and OlessO ideal.

Of course, using one or more latent constructs to represent program theory will
significantly reduce the complexity of it. As a result, these datiicuns will always simplify the
theory by ignoring many aspects of classroom phenomena. However, this reduction is not
haphazard. The purpose is to amplify the most relevant aspects of the theory by reducing those
that are peripheral (Latour, 1999). Latennstructs were named in NelsonOs change models, but
the meanings of the constructs were not necessarily articulated at a level of spéaeificity
describing here and they were not represented as a trajeldwsys problematic because
researchers iaducation often use different terms to reference the same construct, or
alternatively, the same term with different conceptualizations. But if researchers do not articulate
the meaning of the latent constructs underlying an intervention then thie n&he
discrepancies can remdirdden.

Generating Observable Evidence of Program Theory

An understanding of how a program theory is manifested and where clear evidence of it
might be found is necessary to index it. Observable evidence of the latent censteuct
program theory is not equally visible at all times, and it can be displayed in many different ways.
Program usersO assumptions and theories related to teaching and learning always serve as an
interpretive framework for curriculum materials (Remidla2005), and materials are modified
and used in a variety of ways, which may or may not meet the goals of the program theory.
Spillane (2004) put it nicely by stating OWhen locals understand ideas about revising their
practice from policies that are incstent with or that fall short of those intended by policy

makers, they unwittingly and unknowingly undermine the local implementation of these
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policiesO (p. 169). Because of this, observable variables can be seen in many different
configurations that malge more or less faithful to the latent constructs motivating their original
design.

From a construct driven measurement perspective, operationalization is the work of
describing observable scenarios in which relevant latent constructs are made méiigest (

2004). This includes the physical location where the construct is likely to be realized in
observable action, the variables one should account for to characterize the realization of the
construct, and an outcome space of meaningful combinatidhe gariables that might be
observed\ilson, 2004. Fidelity measurement systems should communicate the inferences
made from the outcome space by demarcating the regions that indicate qualitatively different
classroom interactions. If articulations ofdat constructs in the program theory describe OmoreO
and OlessO fidelity, the qualitatively different outcomes from observational variables can be
mapped onto them so that tipeantitiesare orderedh terms of increasing fidelity.

At first glance, this gpears very similar to a framework developed by Hall & Loucks
(1977). They argued for researchers to think developmentally about treatment implementation,
and to articulate OLevels of UseO (LoU) as a foundation for fidelity measures. As the name
suggests he levels described the OusesO of the intervention, or how the different core
components and processes were implemented. However, it diehnesenthe underlying latent
constructs that the different uses provided evidence about. LoUs are, howeval jielp
thinking about how one might operationalize a theoretical construct that has been articulated
along a trajectory. The outcome space of the variables can be ordered to describe different levels

of use,andcan be coordinated with representationshefrmotivating latent constructswill
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provide an example of this kind of representation when | descrili2attaeModeling
measurement system in chapter three.
The Relationship Between Observation and Theory

With the program theorsepresented as a trajery of fidelity, and the visible evidence
and expected states articulated, the relationship between the two must be described. This is the
crux of measurement work, and it highlights that measurement is fundamentally the modeling of
relationships betwedatent constructs and observable evidence of them (van Fraassen, 2008).
Researchers reduce the worldOs complexity and impose theoretically motivated coding schemes
to generate measures. But these measures are used to make inferences about the motivating
theories. This modeling work is almost never explicitly discussed in contemporary fidelity
methodswhich is why the fidelity scales are typically unable to address the Ohow much more?0
guestion Measures inform our understanding of our theories, and coniglaletermine if our
measures validly account for relevant aspects of a phenomenon. Since the measures stand for the
theory, one must interrogate them for both construct underrepresentation and construct irrelevant
variance (Messick, 1997). So, do chamgemeasure faithfully reflect changes in the latent
construct? What do the changes say about the construct?

Even if observable variables are motivated by \agilculated program theory,
researchers should still interrogate each variable to see if they ObehaveO as expected. To
illustrate, consider for a moment a more common measurement task. If an outdoonigEmMmo
reads 95 degrees while you are standing in snow on a winter day then you will immediately
recognize that the measurement tool is not behaving as you expected. This is because we
constantly look, although often implicitly, for a correspondence betweasures and the

phenomena they are designed to index. Implicit theories about the relationship between
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temperature and snow would tell you that the measure produced by the tool and your theoretical
understanding of temperature are incongruent, leadingoydistrust the measure. Likewise,
measures produced by classroom operationalizations must be related to the theoretical constructs
that motivated them to determine if they are Oworking.O

However, the correspondence has influence in both directionsaf&iné construct serves
as the motivation for the observable variables, but the observable variables can also change our
understanding of the construct. Researchers are often surprised to find that their variables did not
function as they expected. Somnedis this is evidence of poor operationalization, but other times
it leads to a reconceptualization of the theoretical construct. Establishing such a correspondence
requires a model of the expected relationship between evidence and theory, often called a
measurement modeWilson, 2004. The measurement models supporting validity arguments in
fidelity measures are not explicitly discussed in contemporary methods. While operationalization
should explicitly describe how the latent construct motivates observahbbles, a
measurement model should explain how the observable evidence informs inferences about the
construct. Remember, the latent construct is not only an initial motivation for variables, but is the
articulation of the phenomenon being measuredvéder, the data alone does not provide
inference back to the construct map. The measurement model guides this work. Figure 4
represents the three main parts of fidelity measurement work from a construct driven
perspective: the structure of the program tiaethe structure of the observable evidence, and the
relationship between the two.

Not all measurement shares a construct driven perspective. Messick (1997) calls
measures that are only interested in visible products and behaviors Otask driven.O Fgr examp

figure skating judges in the Olympic games measure only the production of an act in one
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Figure 4.Constructdriven fidelity measure.
moment. Although they might acknowledge that the act sometimes does not accurately reflect
the personOs ability, the latent construct of OabilityO is not théeultimes of the measures. The
object of measurement is the routine performed in a particular moment. However, fidelity
measurers have a very different goal. Researchers want to characterize program implementation
in relation to a theoretical ideal usinglya sample of classroom interactions. So, fidelity
measurement must be designed to make inferences to latent theory using a sample of observable
evidence.

Another motivation for a construct driven approactina fidelity studies should
contribute to the fieldOs understanding of theoretical constructs related to teaching and learning
(Cordray & Pion, 2006). A task driven measurement approach does not allow for these types of
claims since descriptions of thbject of measurement are solely in terms of the visible
manifestations in a specific context. It does not provide tools for making claims about theory.
For example, two designed learning environments could be based on the same latent theories of

learning lut have very different visible designs. It is important to delineate between claims about
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the theory, and claims about the designs. Alternatively, designs may be based on very different
theories. In this case, the question is not which design is betéaliatng the theory, but which
theory should be preferred. To make these distinctions visible one needs articulations of the
latent constructs motivating the visible instantiation. Why is a particular task important? What
types of learning do each taskpport? What alternative material form could theories have taken,
and why did they take their current form?

Although | see the Nelson et al. (2012) discussion on validity as compatible with the
construct driven measurement perspective, there is an impdigéinction. The modeling
activity for Nelson et al. (2012) is to Ocompletely characterize the interventionO in the change
and logic models (p. 11). However, from a construct driven perspective measurement is a
modeling activity that reduces the comptgof the world into material and social structures that
highlight relevant attributes of the target domain (Pickering, 1995; Kuhn, 1996). The model,
therefore, will never completely characterize the intervention, but should highlight relevant
componentsn a manageable way. In fact, Pickering (1995) argues that the world and the
machines (including measures) we build to engage with the world have agency themselves. For
fidelity measuremeneffects of local contexts on the use of curriculum materialsxamples
of such agencyror example,he very definition of fidelity can change when the nemdgoals
of the local context change (Mowbray et al., 2003).

At first glance this may come across as a hadtie-clouds distinction, but my purpose
is pragmat. Construct driven measures treat validity not as something that is established once
and for all, but something that is maintained through iterative mapping between the constructs of
interest and the observable attributes taken as evid@rits®K, 2004. So, the relationship is

never stable, and never completely characterizes an intervention. Rather, it is a tenuous
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relationship where the construct influences our operationalization, but our data can also change
our conceptualizations of our construct thgh a measurement model. So, if the model is what
upholds the tenuous relationship, the importance of explicit attention to it cannot be over stated.
A Tool for Developing Construct Driven Fidelity Measures

In thischapterl have described a construct driven conceptualization of fidelity
measurement. However, | have suggested no practical tools to carry out this work. Although
general notions of fidelity and common measurement schemes are unlikédytide uniqueness
of each intervention, it is important to work towards a common framework and set of conceptual
tools for carrying out this challenging work. Here | briefly describe a framework that has been
used to construct measures of student thinKiviggonO£2004)Four Building Blocks of

Measurenent

Causality

Item
Responses

Construct

Measurement Qutcome
| Model Space

Inference

Figure 5.WilsonOs four building blocks of nse@enent
As figure 5 shows, this framework provides tools that guide researchers through four
steps: (1) articulating latent constructs, (2) designing observations to index visible evidence of

the construct, (3)ansidering the meaningful differentiations in observation outcomes, and (4)
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modeling the measures to support inferences about the constructs. Notice that figure 4 is an
image of a method for carrying out the iterative work seen in figure 4. This frameswoek
suited for developing fidelity measures since it does not assume common constructs and theories,
but instead supports researchers in articulating the latent constructs unique to each program
theory and relating them to the observable evidencetasedke inferences about the theory.
However, this framework has yet to be used to develop a fidelity measure. As a result,
there are some concepts that have a shared meaning in the world of student assessments, but do
not in the context of fidelity measurement. In this section | brieflyrdeseach of the four
blocks while recontextualizing their meaning for fidelity measurement. In addition, | describe
how this framework might mesh with the current tools supporting the development of fidelity
methods, such as change models and logic models
Block 1: Construct Map
The intention of the first block is to make explicit the answer to an all to-mftemed
guestionWhat am | trying to measur&his framework provides the construcapas a tool for
articulating the latent constructs motivatimge® theory. This tool can be used to represent
constructs in terms of both the different states reletathe program theory, and theler of
the states in relation to fidelity to the program theory. In fidelity measurement this serves as the
foundaton for defining the relationship between ideal and realized implementation. The highest
level of a construct map serves as the ideal, while the other levels serve as likely alternatives
ordered in increasing similarity to the ideghe levels might alsbe thought of as stepping
stones towards the idedlhis also provides an initial theoretical grounding for@rseale. This

tool makes visible the way one conceptualizes their construct, both for themselves and for others.
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It provides a common framewofér articulating latent constructs in a specific enough language
to have meaning, while also being general enough to be meaningful in other contexts.

The construct map would be a productive contribution to NelsonOs change model. While
the change model naas the latent constructs of interest, the construct map would provide a tool
to communicate their meaning. Of course,@mErogram theory might be composed of multiple
constructs. In this case, separate construct maps serve as articulations of eaatt.constr
Additionally, relations between constructs might be developed and articulated. On the other
hand, one particular construct might be prioritized to create a manageable measure. These
decisions will vary across different designed programs, but thiostapasurement
development would makexplicit the rationale for these kids dfoices.

Block 2: Item Design

Once researchers articulate relevant constructs, the next block has them consider
observations that would generate knowledge about the theomeudo, dservations consist of
more tharlooking for, attending to, recording, and summarizing visible attributes. This is a
Ospecial sort of observation that is generally terméemd Wilson, 2004 p. 41). The term
OitemO has a shared meaning wheelalging achievement, attitude, or survey measures. In
these contexts, researchers often conduct an observation by designing a written prompt (such as a
test question) with instruments to record the participantsO response (such as pencil and paper).
However thistype of observation will likelye insufficient for fidelity measures since evidence
for program theorgonstructs is typically found during classroom interaction. The specific
details of each intervention could require very different observaliieres® so the observation
design must be articulated in relation to the construct map to communicate the theoretical

rationale.
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Although thespecific details of item design will vary for study to study, the items must
justify the relationship between thesavations and the program theory described in the
construct map. It is thinking carefully about item design that makes clear that measurement
systems don@ollectdata, but rathecreatedata. Measurers must justify the mechanisms
designed to create the dathere are four elements of an item design shauld be considered
in the context of fidelity.

¥ Observation Location: For fidelity measurement it is unlikely that a researcher \e#ich

to design a task to manifest the construct since the construct will be manifested during the

ongoing classroom instruction. However, researchers will need to consider which

moments of classroom interaction will provide the most relevant informatiart #i®
underlying program theoryhis is not only a choice about physical location, but also the
location within the program trajectory (i.e. which units and activitids®)y in the

process this will likely involve moreperendedobservations and codgrations of

tradeoffs between alternative units, days, or times for observations. The question that

must be asked is Owhere will we see evidence of the constructs in our program theory?0

is important that this question is given careful thought, aatthie answers to the

guestion are grounded in the program theory because decisions about observation

location both provide for and eliminate particular kinds of evidence.

¥ Observation Evidence:Once observation locations are chosen researchers must decide
what they will count as evidence of the program theoryOs constructs during the
observations. This might be thought of as the observable variables, indicators, or scoring
guides. The question at this stage is Owhat are the observable actions thatide!l prov

evidence about the construct?O There are a wide variety of choices that can be made here.
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Researchers might look for counts of behaviors (such as student comments), duration of
behaviors, or ratings of behaviors. However, these choices all shoulstibediby the

extent to which they provide relevant evidence about the construct map.

Observation Instrumentation: The first two decisions might give the reader the
impression that item design in fidelity contexts assumes live observations, but this need
not be the case. The final question of an item design that must be considered is how to
instrument the datgenerating framework (Observation location and evidence) to create
records of the observations. This could be done in a live observation, buhenen t
researchers must decide how the observers will see, hear, and record the desired
information. On the other hand, live observations are not the only strategy. Researchers
could video record classroom instruction, or they might ask the students aret tghah
happened during instruction after the fact. Clearly these choices will have implications
for the validity of the inferences supported by the data. Some of the concerns will be
theoretically grounded, ODo teachers really OseeO their instructiary that will allow

them to tell us what happened after the fact?0 Others are more practical, Ocan observers
reliably record all of the variables in the system during live observations?O Both
considerations must be justified to create items that candarenzistworthy information

about he program theory.

Block 3: Specifying Outcome Space

Even in relatively simple measurement schemes there are likely a number of different

data profiles that the items might produEer example, consider a hypothetical fidelity measure

with three variables scored on 48int Likert scale. Even in this overly simplistic example there

are 125 possible combinations for a given observation. Which combinations count as OmoreQ
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faithful? Which fall in the intermediate states? Which ce@asthe least faithful version of the
theory?In this step of development researchers have to provide a rationale for which profiles
correspond to each of the construct map levdis provides visible istantiations of each

theoretical level articulated in the construct map, thus linking the item responses to the theory
they are designed to inform. The qualitative distinctions described in these categories provide a
rationale for the inferences they suggabout the construct map.

It is important to note that not all items will inform every level of a construct map. For
example, items looking for the presence of curricular materials might help a measurer to see that
at least low levels of the construceabserved (the materials are at least present in the class!),
but it likely wonOt provide much information about higher leWals important during this stage
of development that researchers make sure their outcome space provides information about the
entire span of the construct map. If one finds that the items only inform the lower or higher
levels then more work is needed to design alternative items thandgithe others.

Block 4: Measurement Model

Different measurement models can be specthetiake inferences about the program
theory, but they should allow for two types of inferences. 1) They should support inferences
regarding the location of bottem responses an@spondents on the construct miapr fidelity
this provides information aut the relationship between observable variables, classrooms, and
the conceptualization of fidelity articulated in the construct map. 2) The model should enable
meaningful interpretations of distance between diffeiten responses anghrticular
responeénts Vilson, 2004. These two principles support the development of a scale that can be
interpreted in terms of the construct map so that the distance between respondents can be

characterized by qualitatively different program implementation.
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CHAPTER Il

THEORIZATION AND METHODS FOR MEASURING FIDELITY INDATA MODELING

CLASSES

Data Modeling Instructional Sequence

Students are often exposed to data displays and statistics as procedures to do with
numbers. Rarely are they supported to see these as tools to give data meaning and to
communicatdghat meaning to readeis. contrast, lte Data Modelinginstructional sequece
engages stlents with the concepts of datesplay, statistics, chance, modeling, and inference as
tools to aneer twoseemingly simple questienl) what is the length of our teacherOs-span?
And 2) How precise were we as a group of measurers?tiiéiiequestiors as the driving
motivation, theData Modelingmaterials support teachers to facilitate the development of three
epistemic practices in their classrooms: representing variability, measuring variability, and
modeling variability. The practiseare epistemic because they provide the means by which the
original question (about the teacherOs arm span) is answered. As the students develop
competencies in these practices they use them to generate new concepts, which in turn provide
new epistemic tols thatfurther develop the practicebhis observation measure is designed to
index the extent to which teachers supported studeptetuctively engage wittheseconcepts
andepistemicpractices.

For these concepts apdactices to hold epistemi@lue it is important to first engage
students in a context in which the tools are needed to tell them something about the world. This

is the rationale for the first box in figure 6, the conceptual logic model for the Data Modeling
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design. In Data Modelingtudentsbeginthe first unitby independentlyneasuringher
teacherCarmspan with a 15 cm ruler. The multiple iterations needed to span the distance
produces significant variability in the measuests, andhis is the first indication to students
that ther driving question is nioas straightforward as soméginally thought. How can we
know the true length if we all got different measurements? The €& is to usgtudentsO
intuitions about the haenstructure in the datéo provoke the ned for data displays that
highlight the structure. For example, students notice that some measurements are similar, but
others are very different. So, the students next invent strategies for displaying the data to make a
pattern or trend visible @ glane. Giving students opportunities to invent their own data display
allows them to grapple with the choices one must make and the epistemic consequences of the
choices. This is the rationale for the second box in figure 6.

Howeve, methods are best understood when brought into contact, challenged, and
refined (Ford, 2010)This is the rationale for sharing and comparing in figuM/ih this in
mind, the teacher usése studentnvented displays as resourceddoilitate a wholeclass
discussion we call Odisplay reviewsO to promote concepts of order, class, scale, and count
(Lehrer, Kim, & Schauble, 2007l contrast to typical instruction, these concepts are not treated
as abstract ideas rules to create a OcorrectO disfiatyasepistemictools to help reade@seeO
the true length of the teacherOs-apan which the final box in figure 6 represents

Thewhole class conversations about the invenisgdlaysaredesigned tdoring out two
additionalideas the data has a sighto the true length of the teacherOsswan while also
having noise from the mistakes students made while meagiengsino, Lehrer, & Schauble,
2003. Students can readily observe thatle measuraentis not equally likely to be the true

length. For exampé, the measuneentthat5 people obtainess morelikely the true length than
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Figure 6: Conceptual logic model f@rata Modelingdesign.

extrememeasursthatare rarely observedin other words, thaggregate shape of thata
suggesta signal to the true lengthlowever, there is noise around the signal because of the
variability in the data. This means there is utaiaty when students (or any measubers
estimatethe true length.

The second unit designed to support studentddaomalize their ideas about signal in
the form of a measureh€ teacher asks students to invent a replicable methodaddnggcall
analgorithm, whichgenerates a numbtrat representhe Obest guessO of the true length of the
armspan. The teacheses the studemtvented methods, which typically value either agreement
or center, to facilitate a whole class discussion that we call a Omeasure review.O This
conversation is similar to the one around displays, but here the purpose is for studemis to thi
about concepts of replicability, generalizability, and ultimately the rationale for the canonical
methods of mean, median, and mode.

Once students have had an opportunity to think about signal the instructional sequence
focuses owvariability. Studentsneasure the teacherOs-apan again, but this time with a meter

stick. The more precise tool produces data with a very similar qsigaal) but less variability
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(noise) The teachethenasks students which tool produced a more precise group of
measuements, and theyiscuss the concept of variability using informal intuitions, such as the
OclumpinessO of the dakhishelps students develdpitial conceptions of variability as an
attribute worth noticing, and students ubes idea as a resourteinvent shareable methods for
measuring the OprecisiomQhe Otendency of the measures to agrie@Qata set. The teacher
facilitates a measure review around these measures to again discuss repkeability
generalizability, but now with the intent of understanding the rationale behind the canonical
methods of range, inteugrtile rang€IQR), anddeviationbasedvariability statistic§Lehrer &
Kim, 2009)

After exploring the meaning of their newfouddplay and stastical concepten a rew
data contexmanufacturingprocess)students explore the relationship between theoretical and
empirical probabity as measures of chance. They use the computer soffvmerplotsto run
simulationsdesigned talevelop a conceptualization of theoretical probability as a trend across
many repeated trials of an event. Students also investigate the relationship between sample size
and sampldo-sanple variability of a statistic by constructing empirical samplingrithgtions.

These activities extend the practices of data representation and statistical measurement to
develop the notion of sampling and sample statistics.

In the final two unitstaidents use display, statistics, and probability cotscepbuild
chancemodels that simulate the measuring process they experienced at the beginning of the first
unit. Students share and compare their invented models in a Omodel reviewO that is designed to
support concepts of model intelligibility and model fihese whole @ss discussions often lead
students to modify their model so that it more faithfully reflects their measurement experience,

and so that it produces data that is more similar to the empiricaldiiamodifying their
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models the students use thengémeate simulated data estimate the shape of the sampling
distributiors of boththe medan andthe IQR. The students integrate all of these ideas to make
informal inferencesbout new data by asking: did these data come from the same population as
our meastementshese discussions are designed to support students to consider boundaries in
the sampling distributions that distinguish OrealO differences from those that they would expect
to observe just by chance. While these regions are usually informafrahdresemble
conventional boundaries (ip< .05), the curriculum is designed to provide access to the
epistemicconcepts and practices that produced such conventions.

In this section tescribe how | have usdae first two blocks oWilson (2004)
framework todesignan observationaheasurment systenthat indexes the extent ¥ehich
classroom interactiomgsemble the types of interactiatescribed in the previous paragraphs
First | describe thevays in which previous design studies and qualgaresearch iData
Modelingclasses influenced my conceptualization of fidelity measurement in this cartiert
| explain my thinking during the first two &¥ilson (2004)four building blocks and how they
informed the development of timta Modelingfidelity observation. | also describe thature
of the datacollectedduring the first year of the larger studhis will set up the last section in
which | describework in the third anddurth bloclsto score and model this data for additional
validity evidence.

Theorizing Fidelity from Data Modeling Design Studies

There is aecurring structurén this instructional sequenceéhe teacher introduces a
scenario that is intended to provoke the need for a new mathematical tool, students invent
strategies to meet the new need, and then the teacher leads a discussion of the strategies (figure

6). Take for example a common measureeriter, the median. This is a common student
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inventionduring unit 2sincestudentoften conceptualize it as the middle of all the numbers. As
students share this OinventionO it is typically given an unconventional term, such as OJamesOs
best guess methdd but the teacher supports students to formalize the concept into a procedure
that could be readily followed by other students. Tiitenleads students to refine
idiosyncrasies in their invention, which supports an understanding of reliable procedures t
obtain the statistic. In addition to the conceptual and procedural knowledge, the invention and
critique aredesigned to support students in approximating accessible asppuat$essional
statistical practice. So, they consideeasurement propertiesinvented statisticsuch as
correspondence to target phenomenon and the meaning of the measureOs scale. These procedure:
concepts, and practices are leveraged when students compare alternative statistics designed with
similar goals in mind, such as meamedian, and mode.

While this is the theoretical foundation for much of the curricular desigsgprinciples
wereoperationalized di#frently in each unit to suppa@pecificproceduresgonceptsand
practicesFor example, in the first unit students independently measure the length of a common
object and are often surprised to find great variability in the measurements. It is in the face of
this variability they are asked to look for patterns or trends in ttaetkdat would help them
estimatethe OtrueO length of the object. Next, they invent waysplaydite data that would
lead others to see @agllanceO the trend they noticed. Last, the students discuss the different
choices made to create the displaysl the effect of these choices on what one could see (or not
see) about the dat@n the other hand, the second unit is designed to support students to develop
an understanding of measures of center. With this in mind the tasks and teacher strategies are

amed at helping kids value the center of a distribution as an indicator of signal, and to formalize

44



this concept irvarious statistics (i.e. mean, median, and méggendix A contains unit
specific logic model$or each of the observed units

This logic nodel is very misleading because the arrows suggest that the descriptions in
the boxes are carried out in a straightforward manner. In fact, the work of orchestrating
classroom instruction to bring about these opportunities takes the hand of a hightyyaraine
skilled teacherQualitativeanalyss duringearlierdesign studiegenerated knowledge about
particulardesign features and fruitful interactional practittes werecritical in supporting the
target procedures, concepts, and prac{iesrosing Lehrer, & Schauble, 2003; Lehrer, Kim, &
Schauble 2007; Lehrer & Kim, 2009; Lehrer, Kim, & Jones, 20I1i¢ knowledge generated
from this work served as the primary motivation for our fidelity measue not have room to
give a comprehensive acceudwf the knowledge generated durithgg design studies, so here |
will addresghethreeprimaryareas in which previous theory influenced degelopment of the
fidelity measure
Fidelity MeasurmentPrinciple 1 Students must have opportunities to invemelse
mathematical solutions to solve problems that arise from the original task.

TheData Modelingcurricular materialeind professional development designedo
support the generation of a variety of student inventions in accessible contextsairpie, we
recommend using data from a repeated measure context (where students independently measure
the same object) to provide interpretable conceptions of signal and noise for students (Petrosino,
Lehrer, & Shauble, 2003)Within these contexts teaefs can use the variability in invented
methods to support students to develop procedures, concepts, and practices related to data and
statisticsLehrer & Kim (2009) described a teacltleatleveraged th diversity in student

invented measures of variabyl and student critique of these inventicissupport students to
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understang statistic as a measutat produces a quantity that should vary with the state of the
distributional quality being measured. This helped studerisvelop a professionalsion
towards statistic§Goodwin,1994. Thestudents@onceptions of variability changdtbm
informal and idiosyncratic ideas to shareable corscgystantiated in their inventesdatistics For
example, one student, Shakira, invented a statisticrttustively valued agreement around the
center.In short, she counted the number of data points that were OclosestO to thandedian
multiple modesHowever, the measure itself was composed of idiosyncrasies that made is
unreplicable. As her method carmmto contact with others, and as her peers pushed her to justify
her choicesshe developed a more explicit structure of variability through its measure. The
studentinvented measures provided a context in which her and the rest of the class could
consicer the merits of their choices in relation to the goal of measuring variahiligldition,
they developed disciplinary valués measure such generalizability, replicability, and
correspondence to the phenomenon of int€neshis case, variabil). This wasa development
we saw in otheData Modelingclassess well(Jones, Lehrer, & Kim, 2032This principleled
us to conceptualizand measure fidelityn a way that accounted ftireuse of curricular
materials and tasks that support the productioragébility in studeninventedmethodslt also
led us to document thepecific invention types that are fruitful for conceptual growth.
Fidelity Measurement Principle 2Teachers mustacilitate whole class discussions for
students to share and compare their invented methods.

Teachers are critical in orchestrating classroom interactionsxphtitthe resources in
the invented methods and makgortantmathematicaideasvisible. Although the tasks support
the production of a variety of invented methods, teachers are responsible for identifying the

methods that have potential to provoke conversation about particular ideas, and to make
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connections among different idedgachers mude able to recognize and sequence worthwhile
student inventions, and then support students to connect these ways of thinking to conventional
mathematical tools (Stein, Engle, Smith, & Hughes, 2008). This conversation is intended to be
an approximation tthe professional statistical practice of negotiating the value of novel
techniques. With this in mind, the teacher also has the responsibility to support students in
developing goals, values, and discourse normsatiegproductive in collective activisehat
resemble disciplinary ways of generating and revising knowl@égenan & Ford2006;
Forman & Ford, 2013; Horn, 2008)hrough the design studies we developederial,
conceptual, and pedagogicakource$o support teachers to carry out thisleayingwork (e.g.
Lehrer & Schauble, 2007For examplewe provideteachersvith examples of the types of
discussion questiortatcan help students consider the conceptual aspects of the maticods
also different ways of thinking that these questiwilklikely evoke from student3Ne also
supportteacherso developstrategies for comparirand contrastg the mathematical
differences in the invented methods. Howesgercetheseteachingstrategiesely on student
contributiongto create a productive discussitie nature of theuse of studeninvented methods
is co-constructed by teachers and studefemchers are responsible for facilitating intécag
but students must shatteeir thinking and engaging with other studefis: these reasons we
definal the fidelitymeasurdéo accounfor important teacher discourse moves as well as student
contributionsduring whole class conversations
Fidelity Measurement Principle 3Teachers should support students to consider particular
mathematical ideas during a whole class discussion.

Theinstructionaldesign is builto supporthe development of particularathematical

proceduresgonceps, and practicesDecisions about discussion questions, comparisons, and
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critique shouldbe made in relation tparticularconceptsin many cases, the concepts are unit
specific. In unit one the conversations should highlight design principles for data displays, such
as scale, order, and grouping. In unit three, though, the conversationsfebasldn measuring
variability. It is important that teachers understand the target concepts, and that they know how
to identify them in the various ways students might express fhenexanple, Lehrer, Kim, &
Jones (201)ldescribed a teacher that moddithevisible data into a new, imagined distribution
to provoke a closer examination of the range as a measure of variability. This teaehstoodd
themerits of the rangeand he identified that the students were interrogating it asagume by
askirg whatwould happen to the range under particular data transformations. The teacher
noticed this as aapportunityto further develop studentsO thinking by suggesting data in which
extreme values were far apart, but the rest of the data was much lessedisfeudents then
were able to think about and discuss the implications of a statistic that only attends to extreme
values Student generated statistics and displays assynbut they often share conceptual
similarities withcanonical mthodsthat carbe leveraged to support students to engage with the
ideas in ways consistent with disciplinary engagemsstirer, Kim, & Jone$2011)also
described instansan whichstudens identified relationships between stud@mtentions and
visible orimagined dstributiors to examinethe generalizability oparticularmethod. So,the
measurement systeafso takeinto accounthe extent to which unit specific concepts are
explicitly discussed, either by teachers or by studdis.measuralsoaccouns for disciplinary
practices such as considering the general use of a statistic by imagining new distributions.
The carefugualitative analyseguring the iterative design studiegre invaluable in the
development ofhis fidelity measureThis measure isooted in the theories generated over many

years of close study. Althoughe measureannotindex these theories at same grain agé¢he
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qualitative descriptionst is designed to inform the most relevanttpasf the program theory
Thisled us to dBne fidelity in Data Modelingas

Fidelity Definition: The extent to which student invented methadsused as

instructional resourceduring classroom interactiorns support
students to represent, measure, and model variability
Construct Representation

After defining fidelity toData Modelingl representethis constructs a linear
continuumusing a construct mafigure 7) A construct map is a representational tool that
supports an image tie fidelity construct that is general enough to apply to multiple units, but
also specific enough to give meaning to phrases such as Osupport the development ofO found in
the fidelity definition. Additionally, it describes a trajectory along which classroom instnucti
might lie, with the higher levels indicating more fidelity to the program théomhis map |
describe 5 qualitatively differexharacterizations for classes using studievented methods
Since we are relying on classroom interactions as an indichthis construct | also provide
general descriptions of the types of interactions we would count as eviafezaehlevel.

| conceptualizedhis construct as a trait of classroom instrucéibpractice Since teacher
practice is interactional weommitted to measureduring interactionsThis measurshould rot
be viewed aa description oteacher qualityTeachersare not alonén this practicesince
studentsO otributionsare a necessary requirement for instructional interactions to tades pla
Just like many curricula that are designed to be responsive to student thinking, it is impossible
for a teacher to faithfullgarry out instructiombsent the necessary student productaoms
participation (Cohen, 2011However, studentare notrained during summer professional
development workshopike teachersre This is why the tasks in this curriculum are designed

to provoke and elicit particular types mdrticipation from student# teacherOs practice i
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socially sitiated in relationa particular students, schools, and educational infrastructures (like
this project)which all influencepractice. This measure designed to account for the
interactional practicethat occurred in particular settinggacher quality, no doubt, is a
significant influence on the instructional quality of a classroom, but it is not the only influence.
This measure describes the extent to which students experienced clasgsrantions that

resembledhe instructional principleBata Modelingsupports butis not able to disentangle the

various factors thatomtributed to the instructionguality.

Level | Description ObservableClassroom Interaction

5 Student invented Conversation includes the description of
methods are seen as a| level four, but goes on to make connectio
resource to among the different mathematical ideas ir
communicate different | terms of the epistemic work they do. For
mathematical strategie§ example, tudents might discuss what
in orderto synthesize | different display strategies show and hide
specific mathematical | about the data.
ideas into systems of
epistemic meaning.

4 Student invented The conversation focuses on important
methods are seen as a| mathematical concepts and students beg
resource to to use the concepts as epistemic tools. H
communicate different | example, students might talk about the or
mathematical ideas ang of the data while discussing what ordering
to begin to use the ideg decisions show about the data.
as epistemic tools

3 Studentinvented The class discusses important ideas aboy
methods are seen as a| the invented methods, but does not treat
instructional resource t{ them as epistemic tools. They may talk
promote key concepts. | about them procedurally, or use them as

labels to desribe other invented methods.

2 Student invented Methods are invented and presented, but
method are seen as an| mathematical components of them are ng
instructional resource t{ highlighted or discussed.
support student
discourse.

1 Student invated Teachers make use of tasks in curriculumn
methods are seen as a| that support student invention and thinkin
instructional resource.

Figure 7: Fidelity construct map
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This construct map destes five theoretical roles for studenventedmethods and
orders them in increasing similarity our ideal The first level describes a state in which
teachers usBata Modelingasks and materials to support the generation of stilkented
methods At the second levein addition to using taskand tools to generate invented methods
teachergprovide opportunities for students to talk about their invented methieds, sudent
invented methods are usasd a resource f@aupporting a discussion of worthwhile mathematical
conceptsThe fourth ével describes a state in which classes begin to discussatinematical
conceptsas epistemic tooldAt thehighestlevel classes talk about the concepts as epistemic
tools, consider the tradeoffs between different key concaptsysehese concepts to
approximate disciplinary practicesich as considering the generalization of an idea or method

Notice that this map is intentionalbast at a high level of generalgy it can describe
fidelity acrosghe curriculumunits.Core nmathematical concepts apdacticesvary by unit sol
also articulated construct maps for the specific roles of stunegited methods in each tini
These retain much of the same languagel bsé them to represent the speaifiathematical
conceptd account foiin each unitAppendix B contains unit spdid construct maps for Units
1-5.

Also notice the nature of the descriptianghe middle column of the construct map
These are theoretical statbatcannot be directly observeld. the far right column | have
describedbservable classroom interactions that | would count as evidence of the different
theoretical states of the construct. These descriptions are similarHalti&Loucks (1978)
OLevels of Us®So, this is different than a rubric or a scoring protbeshusethe descriptions
of observable evidence are mapped onto theoretically different states of the underlying construct.

The rationales for the observable states are grounded lievtis of thdatent construct.
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An illustration is needed to better comnneate the meaning of each level and the
differences between the levels. | am going to build this illustration by contrasting unit 1 whole
class discussions from two different classes. The teacher in the first classVesisShe
participated in botlyears of this project and served as a case study for Mayumi ShinoharaOs
researcl{Shinohara & Lehrer, 2013Mayumi collected video records during Bthta Modeling
instruction in Ms. WestOs classro®or this illustration | have selected excerpts fromdtassOs
unit 1 display review from the first year of the study. The teacher in the second class is Mr.
North. Mr. North participated in previolZata Modelingdeign studies and Midoung Kim
collected video records of dllata Modelingnstruction duringhe 20092010 school year. |
selected these excerpts from the classOs unit 1 display review.

Both of these classes provide evidence of the first level of the construct map. The
students had opportunities to invent data displays during previous dayswdtios and the
wide variability in student products suggests tigther teacher overly structured the invention
task to replicate conventional data displays. In addition, both classes used data that the students
collected in a repeated measure conféle excerpts below illustrate that invention is not
sufficient. The discussions in these classes differed in terms of the mathematical content and the
epistemic nature of the studentsO comments. | have selected excerpts from the transcripts of the
whole dass discussions to illustrate these differences and to relate them to the construct map.
Ms. West

The whole class discussion below occurred two days after students invented their data
displays. During the previous day of instruction the students weagjtha Ogallery walkO where
they spent time at each invented display, and each student took notes on things that were similar

and different to their own display. Ms. West selectedd invented displaysr the class to
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discuss during this conversatidrhave selected transcript from two moments in class that

illustrate the nature of the conversation in this cl&ks.two sections are time stamped to show

when they occurred in the class.

Figure 8: Three displays selected for whole cldissussiorby Ms. West

[00:03:22.07]

Ms. West So, betveen graph one and graph two. What are some things that they have
that are similar? Someitigs they have in common? Jyavhat is one of them?

Juan Um, they both use Xs.

Ms. West They both use Xs. Wat else do they have the sameRelo?

Othella Um, they both have how many there is on each number.

Ms. West So they both say how many eachnumber. So, how many people got 180,
that one saythree this one says three. é&tia, what else do thesay?

Athenia They are both in the same order.

Ms. West They are both ithe same order. Order means how they are arranged, so they
are both irthe same order.

Student No, that one has 66 in the middle, and the other doesn't

Ms. West For the most pathey areboth in the same order. Andrewhat else?

Andrew: It shows all the people's measurements.

Ms. West OK, so on this one it did show all the people's measurements. What else? How
are they the samel@llo.

Othella They both have titles.

Ms. West OK, they both have titleg\ndrew, what else?

Andrew. They are both doing the 15 cm ruler.

Ms. West So they're both using the 15 cm ruler. | have a question. If | used a 15 cm ruler
and this graph was a meter stick, so you think they would both heckaime?

Students: No

[00:05:23.07]

The three data displays in figure 8 were hanging at the front of the class and were

numbered 1, 2, and 3 from left to right. During this segment of talk the class focused on a
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comparison between #1 and #2. Notice Mat West wasttempting to support the students
to compare similaritiebetween théwo. SheaskedOWhat do they have in common?0 and
studentsespondedvith similarities between the twds. Westwas making an attempt to
support students to talk about the inventions by selecting inventigesvi® as théocusof
the conversation and by using a question similar to one in the curriculum guide. However,
the class primaly discussedimilarities béween the two thawerenot related to the display
conceptof scale, order, and groupingven though the curriculum guide suggested questions
to highlight these ideasnstead, iey focugdon more superficial aspects of the displays like
titles. Althoudh one student did bring up the idea of order, and another challenged her
statement, the teacher quickly moved on to another student. In this short segment this was the
closest moment to a true Odiscussion,O and the only time students referencedya similarit
related to the goal of the discussion. The second level of the construct map is meant to
describe this type of discourse where students are beginning to talk and the teacher is using
curricular resources to support a conversation, but the discussiatrfisitiul to produce
conversations about the target mathematical ideas. The next excerpt is from later during the
same day.
[00:35:55.26]
Ms. West So, for example, I'going tolet you see mine so | can show you all four of
them in mine. So, for examplé you're talking about frequency. | have frequency
here because you can tell how many got the same score. | have order, because mine
goes from 50 to 300 in order. Mine has bins because | put mine into groups, 50 to 75.
So how many are in each groupti$ 50 to 75?
Student A bunch?
Andrew. 25
T: Thank youAndrew. And then scale. Mine shows scale because it shows that there's
holes such as here. This would be a hole. Nobody measured in between 76 and 100. So
this graph shows all four. Expectations, yava going to take the notebooks in front of
you and you are going to go on a gallery walk. You are going to start at your graph.

You are going to tell me what does your graph have? Does it have frequency, order,
bins, scale? Four words, tlsaall | needdr number onefiit has all four. Then we're
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going torotate to the next one. You'geing togo to the next one and you're going to
see whether it has frequency, bins, scale, order. And we are going to do the whole
entire thing.

[00:37:59.20]

In betweerthe first excerpt and the second the students discussed the invented
displays without much reference to the data display concepts we intended the conversation to
focus on. The second excerpt illustrates Ms. WestOs strategy for supporting students to see
these ideas. She began by listing four words on the board: order, frequency, bins, and scale.
She then showed her display and how she made use of these ideas. However, the concepts
were treated as labels instead of epistemic tools to show (or hide) thmgsdata. In fact,
the next task for students was to use the labels on ezattéal display. This illustratésvel
three of the construct map. The class talked about relevant concepts, but didnOt discuss what
each shows or hides about the data. Thesida&nOt serve an epistemic role in the
conversation.

Mr. North

This whole class discussion occurred the day after students invented their displays.

Mr. North selected the inventions to talk about and hung them at the front of the room as the

class discused them. | have selected excerpts from the conversation to illustrate how the idea

of grouping was initiated and developed during the conversation.
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Figure 9: Displays being discussed in Mr. NorthOs class.

[00:2329.50

Mr. North: What did you guys want us to notice about that g@haph on left irfigure

9))?

StudentUm, we wanted you to noticeahwe put the number of guesses in with, like, the
tens.Estimates of tend.ike, there's 1, 2, 3, 4, 5, B,estimates for, around the 180's, so we
wanted people to see that.

Student: And that itOs higher than the other ones.

Student: Yeah

Mr. North: Is that easy for people to notice?

Students: Yeah

Student: 1tOs sort of like the gi@ph, but itOs more of a gragraph.

Mr. North: Okay, so let's compare the two grapihat does one graph do better than
another? Whiado you like about one grapB2cause you're right, they are very simiBut
what does one graph do compared to another giBgtidar&

Barbara Their graph((Graph on left in figure 9)3hows all theaumbers that are in the 180's.
Mr. North: Okay, so each speafnumber, which is what Kemwanted, and if they had time,
they weregoing todo, right?So, showing each individual number and still being abse&
that yup, 180's are the most.

[00:25:002Q

Mr. North begins this excerpt by asking the authors of the invented display what they
wanted the class to notice. The authors indicate that they wanted readers to see that there
were more measurementstire 180s than in any other decade. They described that readers
could see this because it is the highest, and that they could count to see how many

measurements are in the group. Mr. North engaged the rest of the class with this idea by
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asking, Ols that gafor people to see?O This provoked one student to notice a similarity
between two of the displays on the wall by stating that it was Osort of like the pie traph.O
contrast to the conversation in Ms. WestOs class, this conversation brought outity similar
that was related to the concept of grouping. In fact, the two dsgiaystudents were
comparingn Mr. WestOs class did not share many superficial similarities. They were
conceptually similar rather than visua#lynilar. Notice how Mr. North contued to use the
student€comments to engage the rest of the class is a discussion of the idea. He did this by
asking if others agreed, by asking probing questions such as Owhat does one graph do
compared to another graph?0 bypdonnectinghe comments tetudents® comments from
earlier in the conversation. In this short excerpt these students were discussing conceptual
similarities between two displays with an eye towards the epistemic nature of the choices.
The pie graph hides the individual measuremethige showing relations between groups of
measurements. The OgraphphO shows the same relations between groups while retaining
the information about individual measurements. Level 4 of the construct map describes this
type of whole class discussionseavh classes are talking about mathematical concepts as
epistemic tools that can tell them something about their data. The next excerpt is from a few
moments later during the same class.

[00:26:34.20

Mr. North: So, they put them in bins, and they chose ¥ou guys chose teAnd, I'm

curious as to why was ten the lucky number gmatchosen for these two graphs dmigink |

asked this group, do you guys have any reason why you, was there any reason to choose ten?
Why not 5? Or 2? Or a bin size of 207?

Student:Cause, then you'd have to make more bars and it would be more time consuming.
Mr. North: Ok.

Student: And it's easier to redtls also kind of, um, with the nusers with the amounof

numbers that you have.

Mr. North: Mhmm.

Alan: And the smallerange that's in there, | think ten is the best number to choose because
it's easier to see the range and stuff.
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Mr. North: When you say range, do you mean range between this number and this number?
((Teacher points to the extreme values of the grapheteft)) Or range between this

number and this numb&¢(Teacher points to maximum and minimum values within a bin on
the graph on the left))

Alan: No, like...

Mr. North: Like the range is 150 to 200, or the range inside the bin?

Alan: Well, more like, whth one has the most numbers.

Mr. North: Ok. Marthe?

Martha Um, sort of like what Paul said, like if you said, like iéyhdo a bin of 20, that

would, it's more, it would have more numbers in it, &@ds not too little like 5but it's not

too big like20, or 40 or even 50.

Mr. North: Mhmm.

Martha Cause then it would just be a lot of numbers and it wouldn't even make sense,
becausglike if you did a bin of 200, it would be...

Mr. North: Everything's in one bin, right? All you did was just stack evangth

Martha It wouldn't really show you anythingt Wwould just show you the numbers.
[00:28:24.12

Mr. North uses the conversation about grouping in the invented displays to support
students to imagine alternative grouping choices and the effeloé @hépe of the data.
Notice that the initial rationale for a bin size of 10 was for efficiency. The student said that if
the bin sizes were smaller then the creator would have to draw more bars. However, the next
studenOLomment emphasized the episteméture of the choice. After the teacher worked
to clarify the studentOs thinking for the class by questioning the meaning of his use of the
word OrangeO it became apparent to other students that the choice of bin size has implications
for what readers casee about the data shape. They went on to illustrate the idea by
imagining an absurd bin size, 200, and describing the change in the shape of the data. The
last student comment exemplifies the epistemic nature of the conversation. She was not
concerned bfficiency, but said that the absurd bin size OwouldnOt really show you
anything.O This conversation illustrates the highest level of the construct map. These students
weretalking about the matheatical concepts in a way that budltOlarger system of

epistemic meaning.O
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The congruct map can be thought of as descriptions of milestones along a trajectory.
This is helpful for thinking about how teachers might OmoveO from the lower levels to the
higher ones. Initially teachers might make use of the tas#tsnaterials, and even work to
engage students in talking about the invented methods. However, it often takes time for
teachers to begin to understand the intentions of the discussion questions and to be able to
recognize worthwhile student ideas. It taleven more time to know how to ask questions
that provoke students to consider the epistemic implications of the ideas. The conversations
in Mr. WestOs class didnOt happen by accident. Just before many of the student comments are
thoughtful and timely qustions that provoked a new way of seeing the displays. There is a
second way, though, that this construct can be thought of as a trajectory. It is a helpful
framework for thinking about the trajectory within a whole class discussion. The class first
engags with the invention tasks, then the teacher begins to unearth the concepts in the
student products using fairly open ended questions, and moves to the higher levels when the
students begin to see and discus the epistemic nature of the inventionstiehiglislity
trajectory for this project, and one way of thinking about the purpose of the measure is to
describe Ohow farO along the trajectory the whole class discussions were.

1tOs important to remind the reader that this is not meant to be a juddpment
teacher quality. It certainly takes a highly skilled teacher to facilitate conversations that are
high on the construct map. However, many other factors are in play too. For some classes
these ways of talking are very similar to discourse in theirds) while for others it is a very
new interaction. The leaders in some schools might engedin@se kinds of conversations
while other administrators discouratifeem These two excerpts serve to illustrate the

construct map, but they show very little about the contexts that produced the conversations.
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For Ms. West, the excerptgere taken duringer initial attemptso drastically change her
teaching practicen a sclool that is committed to developing student discourse. However,
these kinds of conversations were very new to Ms. WestOs stiwttetsrth was new to
these curricular materials, but had collaborated with the designer DatheModeling
materials for amumber of yeardn some ways his students were more famiidh these
kinds of conversations, bbe stillhad plenty of work to figure out how to make the
discussions productive.
Construct Operationalization

Since the whole class discussions provitdtedmost information about the use of student
inventionsl could not observa number ofrbitrary lessons during the course of
implementation.nstead) needed to schedule observatidnsing moments where the
instructionalrole of studentnvented metbds was most evident. This leteto observe the days
when students werharing, comparing, ardiscussing theimventedmethods in thelisplay,
measureandmodel reviews. In figure 1Drepresent the rationale for this choicenitl has four
distinctphases, 1) measuring an object, 2) inventiata displays3) sharing and comparing
invented data displayand 4) assessment of student learning and continued support for learning.
Figure 10summarizeshe main activities students and teachers engaigeciarry out these
interactionsThe excerpts from the Ms. West and Mr. North took place during phaseRheese
three provides the most information about the construct map since we can atiseagtions
betweerteachers and students aboutdisplays, and can determine which of the display
conceptdhe class explicitly discusse@inother advantage of observidgring these moments is

that Icanrecordinformation abouprevious phases. For exampleah infer from the data
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studentsare using if theyhad opportunities to measure in phase 1 and if they had chances to

invent in phase 2.

Students
share data .
Repeated measurement displays Conventional data
a common object (e.g. display design
length of teacherOs ar ,St“‘:‘znis choices (scale, orde
mvent aata .
span) produces need tg displa;/s grouping) seen as
find trend in data. tools to show trends
Students in data
compare
displays
Phase I Phase 11 Phase III: Observation Phase IV
Teacher: Teacher: Teacher: Teacher:
¥ Facilitating repeated measurement ¥ Facilitating ¥ Selecting displays to share ¥ Formative assessment
¥ Organizing measures invention task ¥ Asking questions
¥ Asking questions about ¥ Looking for ¥ Pressing to explain thinking
measurement process conceptual seeds ¥ Connecting to target Students:
in student concepts ¥ Thinking about display
Students: products design in new contexts
¥ Measuring Students:
¥ Considering collection of data Students: o ¥ Sharing
¥ Considering possible effect of ¥ Inventing in ¥ Comparing
errors of shape of data small groups ¥ Considering what displays

show and hide about data

Figure 10: Rationale for observing during display review.

| designed and planned for one classroom observation for each teacher during unit 1, unit
2, unit 3, unit 5, unit 6, and unit I7did not observe unit # the first year of the studyecause in
this unitstudents usktherecently develpedstatisticswith new types of datd.his wasrevised
in the second yeao that Unit 4 now emphasizes new kinds of processes that are also
characterized by signal and noisebserved unit 4 in the second year, but since there were no
comparable observations from thestiyear | did not include these in the fidelity scaling.

Since theaunit of analysis was one clasgetingl designedrariables to indethree
relevant aspectstligital imagesof students inventionsummaryariables and5-minute
segmentariables Figure 11is an image of the three types of observable variablesimages

of student invented methods providddta on the kinds of products students created. However,
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they do not contribute to the quantitative fidelity sckla. the remainder of this s@on |
describe the theoretical rationale for the variables and the scoring rules used to create fidelity
items from these variables.
Summaryvariables

The classroom levalummaryariables are useful for indexing the structural aspects of
the program, sch as use of tasks or data cont@&kie variables primarily identify the existence
of a particular task or curricular tool. They do not judge the extent to which the tools were used
in the ways that are faithful to our purposes. Hence, these varialtesipyriprovide
information about the lowest levels of the construct mapve listed all of the summary
variables in Appendix D, but | only used a subset of them as part of the fidelity scale. I will
describe these and the rationale for selecting theanwdhen | discuss the scoring rules.
Segment variables

To index the quality of the whole class discussions around the curricular teedsiéd to
account for the interactional nature of ttumversationlt was not feasible tmdex every
interactional turrduring live observations, so insteacréated OsegmentO variableish
observers scorn@ 5-minute adjacent segments for the duration of the class. These vaaiables
binary,andobserverscoredhemif they wereobserve at least once in ave-minute segment.
For example, ibne student contributed a comment on the conceptual aspectsioéat
inventedmethod then the sinvented and sProcedwaaébles werescored. So, for each five
minute segment we can tell if thariable was observed at least once. This provides some rough
temporal and frequency information while also making the live observation manageable.

Segment variables fell under three categories, student contributions, teacher practice, and unit
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specifc mathematical concepts. TablsHows the segment variables for unit 1. The teacher and
student variables are used for all of the units, but the mathematical concepts are unit specific. See
Appendix C forthe full set of segment variables and their corresponding units.

The Ostudent contributionsO variahtEount for three ways students can contribute to
the whole class discussions. These three variables only provide a very small amount of
information about student contributions, but the information they do providesalts some
very rough distinctions about the lower levels of the construct map. The sinvented variable

indicates that students were discussing invented methods. This variable was scored any time the

Tablel: Display review segment variables

Observable Variables
Name Description
2 sinvented Did studentsliscussnvented displays?

% '% sProcedural Did students make comments or ask questions about the

== conceptualelements of the invented displays?

® g sConceptual Did students make comments or ask questions about the

O procedural or calculational elements of the invented displays

tinitSelect Did the teacher select studenvented displays to be shared?

_g tCompare Did the teacher compare different ways to display data?

*g tDiscussQ Did the teacher use questions similar to the ones in the

a curriculum to support students to think abantl discuss

o displaying data?

S tConnectOthers | Did the teacher make connections between different students

o thinking?

= tConnectBigldeas| Did the teacher connect student thinking to the big ideas?
tPressExplain Did the teacher press students to explla@ir thinking?

_S iOrder Was the order of a display talked about?

© iScale Was the scale of a display talked about?

&E) m iGrouping Was the grouping in a display talked about?

T o

% qé iIShape Was the effect of design decisionstbe shape of a display

= 8 talked about?

Qo iIShow Did the teacher and/or students talk about what one or more

n displays show about the data?

= iHide Did the teacher and/or students talk about what one or more

- displays hide about the data?
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whole class discussion was related to student invenfidressProcedurand sConceptual

variables provide information about how the students were talking about the invented methods.
The sProcedural variable indicated that students were talking about the procedural aspects of a
mathematical idea or methdddonOt intend fohis variable to be seen in a negative light, but as
an important part of any conversation about a mathematical method. Observers scored this
variable any time students were talking abehatwasdoneor howit was doneForexample,
thiswould be scored when students in untalked about how they created their displ&ys.the

other hand, observers scored the sConceptual variable when students talkedhgbontething

was donea particular wayr when they talk about a conceptual imation of gorocedural

choice. For example, this would be scored when students discussed what a design choice in their
display showed or hid about the data.

The Oteacher practiceO variables account for a number of productive strategies for
facilitating whde class discussion®ne of the first challenges for teachers is to select from the
wide variability in student strategies that hold potential for productive conversation, and in what
order to discuss them (Stein et al., 20@)servers scored the tin@f®ect variable when teachers
deliberately selected which student invented method to focus the conversatfrcoarse,
during a live observation it is very difficult to determine if the selection and sequence are
productive during a-Bninute segment dfime. Observers scored this variable very generously in
order to maintain a reliable scoring protocol. Teachers also must work to provoke and elicit
studentsO ideas about the particular invented methods under consideritiefiort serves
many purposes. First, it provides information to the teacher about student thinking. It also allows
students in the class to hear how their peers are making sense of the ideas, and to compare the

different ideas (Cobb, Wood, Yackel, & Meal, 1992). It does more than support conceptual
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understanding, though. It develops a collective practice that generates and refines knowledge
about the mathematical ideas (Lehrer & Lesh, 2003; Horn, 2008). Observers scored tDiscussQ
variable when teacheused discussion questions to provoke and elicit student thinking. Like the
previous variable, it is very difficult to determine how productive a particular question is within a
5 minute segment of time, so this was scored generously too. Observers iméatked
guestions appeared to diened at supporting student discussion. Not all questions were scored,
though. Questions that were aimed at evaluating a closed ended response did not count. For
example, if a teache@sked Owhat color is the 150s daaBbservers would not have scored the
variable. However, if the teacher followed thisasking,Owhy do you think this group colored
the data in the 150s group this color?0 the observers would have s@itet istudents need
teacher support to explatiheir thinking in a way that communicates to others the conceptual
ideas they are considering. Observers scored the tPressExplain variable when teachers asked
additional questions to press kids to further elaborate their thinking.

After working to elicitstudent thinking teachers have to work to compare the different
ideas that highlight the target mathematical concepts of the lesson. The tCompare leakable
for moments when teachers are juxtaposing two different ideas during the discussion. The
tConrectOthers and tConnectBigldeas variables are designed account for moments when the
teacher is connecting different, but related student ideas (tConnectOthers) or making connections
between studentsO ideas and the conventional mathematical conceptst@@pdeas).

Student discussion is not the end goal in these conversations. Bdanlethe
responsibility to do more than just engage students in a conversation, they need to engage them
in a conversation about worthwhile mathematical ideas (Ball, X28&zen & Ball, 2001; Lehrer

& Lesh, 2003; Stein et al. 2008). Each unit in Drea Modelingsequence is designed to support
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particular ideas and practices around data, statistics, chance, and méaelihis reason the
segment variables focused ondbedeas are specific to each unit. [Eabshows the unit 1

variables that index discussions that focus on the target mathematical coAppptsdix C has

all variables for all units)Observers score these variables regardless of the person talkihg abou
them (student or teacher) and regardless of the duration fafciie on the idea. Some of these
variables, such as iOrder, iScale, and iGrouping, focus on particular mathematical concepts. For
example, in unit 2 the concepts are measures of centeasumban, median, and mode.

Observers scored these variables whendib@was being discussed, so many times they were
scored even if the word labeling the variable was never uttered in the class. For example,
students often talk about ObinningO theiridatait 1. This is an example of a time when

observers would score the iGrouping variable, even if the class did not use the word Ogrouping.O
In unit two a common example is found when students discuss invented measures that focus on
which data points wermeasured the most often. Observers scored iMode during these
conversations.

Some of the unit specific variables focus on how the class discussed the concepts. For
example, in unit one we want kids to discuss what the different design concepts (oleler, sca
grouping) show and hide about the data. This is the motivation for the variables iShow and
iHide. In units two and three we want students to be treating the statistics as measures of
distributional characteristickcreated variables that index momemnthen members of the class
are making correspondences between the statistics and the data that produced them, or with new
imagined data. | also designed variables to account for discussions of a &aipticability

and generalizability.
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Instrumentation

Wilson (2004)includes instrumentation within the item block. However, the
instrumentation required to collect the data déscdriabove is very different than whaheeded
for a typical student assessment. Irtfacr experience support&ickeringOs asserti(k095
thatthe machines we buildave agency to influence otlveories For me technology hataoth
affordances and constraints that significamfuenced the wayd wasable to indexhe
programtheory.

| used theéFilemakersoftwareand the iPad tablet to instrument olservatiormeasure.
This stepwas anything but trivialand as | mentioned before, changed many of our measurement
plans.For example, even the size of the screen limited the number of vachlslmsersould
score while the ability to automate five minute scoring segments provided an opportunity to
collect more fine grained informatioWith the help of Chris Hancock, a wédhown software
developer in the education communitye developed an interface thaganized the data
structureyecordedvariables, automated fivaminute intervals, and allowed for the collection of
images. In addition, it provided an infrastructure to supgata collectionn the field ando
electronicallytransmit itto the master databader the projectin our circumstancgeproject staff
conducted observatiomser 1,500 miles away from campus, but with these tools we were able
to electronically transmit data so that we could view it within minutes of the obsenFgare

12 provides a visual example of the interface and the relationship between the components.
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Figure 12: Fidelity observation instrumentation

Data Collection

This measure was used during a two year randomized field experiment testing the
efficacy of theData Modelingcurriculum materials. During year 1 21 teachers participated in the
Data Modelingprofessional development and used the materials in their clabde20
teachers served as comparison classes astmgipued with Obusiness as usualO instruction.
During the second year 39 teachers usedtta Modelingmaterials and PD, with 40 teachers
serving as a comparison group. After both years of the stiidomparison teachers received the
Data ModelingPD and materials to use in their classes.

During the course of this project | trained and oversaw an observation team that
collected the data | am using for this analysis during live observations. During the summer of

2012 | conducted weeklongtraining for 8 classroom observers. During thisnirag we
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discussed the program theory, the curriculum units and the fidelity measurement kystem.
conducted the training concurrent with the teacher training so we could go observe while the
teachers rehearsed their strategies for conducting the whdedidaassiondlVe also
independently scored videos from classrooms usin@#te Modelingnaterials and compared

our scores to judge reliability. Observers were required to agtie@nchorscores at least 80%

of the time when scoring these videos inesrth conduct live classroom observations. | also led
ongoing traning for four different Saturdes across the school ye&uring the weekend training
meetings we would discuss issues arising from the ongoing observations and practice the
observation vaables for upcoming units (especially the unit specific variables). During the first
year 5 of the 8 observers resigned.

During the summer of 2013 | conducted another weeklong training with a new team of
observers. Three members of the previous observi@zon participated in this team, and one of
them served as an anchor coder and team leader. The training for the second year was very
similar to the first year. However, we had a mo@dhgh video record from the previous year,
and we used this record ¢onduct more reliability coding than in the first year. All observers
were required to meet the 80% benchmark again, which resulted in two of the new members
resigning because of their inability to meet the required agreement (they did, however, continue
to work on other aspects of the proje€tiring the second year we also conducted random
double observations to maintain an onganglysisof our agreemenihe double observations
in live classrooms typically produced more agreement than the videbgreavere no
observers that met the original benchmark but later failed to agree at or above 80% of the time

during live observations.
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Table 2 Observation otals

Year Unit 1 Unit 2 Unit 3 Unit 5 Unit 6 Unit 7

Control 1 10 16 3 N/A N/A N/A
2 5 5 0 N/A N/A N/A
Treatment 1 21 17 17 15 12 7
2 39 33 33 24 11 5
Total 75 71 53 39 23 12

Table 3 Sets of observations

Year Units 1-2 Units 1-3 Units 1-5 Units 1-6 Units 1-7

Control 1 8 2 0 0 0
2 5 0 0 0 0

Treatment 1 17 16 14 10 6
2 32 32 24 9 S

Total 49 48 38 19 11

The first yeaobservation tearnonducedatotal of 118classroom observations from
both treatment and control classksing the 2012013 school yeaand the second year team
conducted 155 observations during the 20034 school yeaiThese observamns include data
from units 23 and 57. Although observers conducted 22 unit 4 observations during year 2 | am
not including this data here because iswat collected in year on€he observations from units
1-3 include both control and treatment classes in ordefdan differences in classroom
practice when teaching these concefisce we saw a significant difference in classrooms
during year 1 wenly collected control observations from a very small number of classes in year
two to confirm the difference we saw in yeaQlr research teardentified lessong control
classeshat were focused dbata Modelingconcepts (data display for unit 1, aseires of center

for unit 2, and measures of variability for unit 3). However, there were no comparable lessons for
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units 57 in the control classes, so we were not abtmtwstruct a comparison. Table 2

summarizes the frequency of observations for eadfar both yearsFor the treatment group,

we observed units-& in significantly more classes than we did in units 6 and 7. This was

primarily due to the fact that teachers scheduled units 6 and 7 to be taught after statewide testing,
but many teachedid not complete these two units doeend of year schedules. Tablgi8es
frequencies for different sets of observations.

Through the process of observing large numbers of classrooms during the first year there
were inconsistencies and challenges émaérged with some of the segment variables. In fact,
there are a number of variables that | eliminated from the measurement system for these reasons
that are not represented in this dissertafi@n.example, | attempted to capture student
OengagementOtiire discussion using a rough three point scale (low, medium, high), but found
that after much effort | was not able to define these in a meaningful way to provide reliable
information. In addition, the first year variables for teacher practice includeddaables that
observers were to score if an entire segment was dominated by the practice (such as lecturing).
However, we found that having two different criteria to score the variables (Oif it is seen onceO
for some and Oif the segment is dominateiiyjor others) was too difficult to manage during
observations so | eliminade@nything that did not fall under the Oif it is seen onceQnule.
addition to these, | had &iminate two segment viablesshown in table 1sinvented and
tConnecBigldeas,from this amlysis These two variables are still a part of the measurement
scheme, but are not included in this analysis because | refined the definition of the variables
between year 1 and yeain order to better characterize the construct map.

| originally defined the sinvented variable to index students talking about their own

invention. | imagined that this would allow me to see how often students were sharing their
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inventions during the discussion. Many of the teachers, though, used a stratégydthat
anticipate. They left the authors of particular inventions anonymous. So, in a class it was
impossible for our observers to determine when a student was talking about their particular
invention. This meant that we were not indexmngny momentsvhen students were talking
about student invented methods because the variable was defined to exclude any talk that did not
include a students clearly describing their own invensaiween the first and second year |
changed the definition of this varialto index any moment when students were talking about
student inventions. With this change, the variable was scored significantly more in the second
year than in the first year. While this is an important variable to include in the measurement
system irthe future, it is not informative in this data because of the difference in coding.

| originally defined the tConneBtgldeas to be generously applied when teacaeds
studentsnade connections between the studentsO ideas and the mathematical conoeyes, Ho
under this definition we were not able to score the variable reliably. So, in the second year |
narrowed the focus of the variable to index when teachers explicitly made a connection between
a particular student idea and the conventional matherhetinaeptsThis change allowed us to
score the variable reliably, but it also reduced the frequency of theWedenllected very little
data during the first year of the study to inform rater reliability. This is a weakness of the study,
and was a product of the challenges of scheduling observations during particular moments in the
Data Modelingsequence. During éhfirst year of the project there were a large number of
teachers that taught the method reviews on the same day because the project coaches were in
town. In the second year these lessons were more spread out and we were able to conduct 23
double observatns across the Data Modelingunits. We paired an observer with one of the

two anchor observers on the team for these observations. The two would score the class
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independently during the lesson and would compare their scores immediately after the class.
These conversations focused on disagreements in semihtpe rationale behind each

observerOs scores. Each observer then sent their data, without altering it, to our database and |
would calculate the percent of segments where the observers agreetzhfoamable.

Item Scoring and Outcome Space

Table 4 Relationship between unit 1 segment variables and construct map

Observable Variable Construct MAP Level

1 2 3 4 5
Did students sharmvented displays? X
Did students make comments or ask questions abou
conceptualelements of the invented displays?
Did students make comments or ask questions abou
procedural or calculational elements of the invented X
displays?

X

Student
Contributions

Did theteacher select studeimvented displays to be
shared?

Did the teacher compare different ways to display da X
Did the teacher use questions similar to the ones in t|
curriculum to support students to think about and dist X
displayingdata?

Did the teacher make connections between different
students' thinking?

Did the teacher connect student thinking to the big

ideas?

Teacher Practice

Was the order of a display talked about? X
Was thescale of a display talked about? X

Was the grouping in a display talked about? X

Was the effect of design decisions on the shape of a
display talked about?

Did the teacher and/or students talk about what one «
more displays show abotlite data?

Did the teacher and/or students talk about what one «
more displays hide about the data?

Unit Specific Mathematica
Concepts
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| developedscoring ruleso mark out the outcome space of the observationidtta
gualitatively different categories that mapto the construct map. This outcome space is
intended to index the construct map, so the scoring rationale anavarkdesigned to create a
guantitativescale that can be interpreted in terms ofcphalitatively differentevels of the map.
In this ctionl will explicitly describe thenapping between the program theory, as represented
in the construct map, anlde quantitative scores generated from the observation variables

The segmentariablesweredesigned to provide information about particular levels on
the construct map. For example, variables focused on unit specific concepts indicate higher
levels of the constat if they are observed. Tableshows each segment variable for unit 1 along
with the level of the construct map itdesigned to informRemember, the student contribution

and teacher practice variables are unit general, but the concepts are specific to this unit.

Table 5 Data profile from 45 minutes of
instruction

Segment
[4]5]6]7]8]9
1111

P POORORRPRRPRRPRLPRLRPW

sConceptual
sProcedural
tinitSelect
tDiscussQ
tCompare
tPressExplain
tConnectOthers
iOrder
iGrouping
iScale

iIShape
iIShow

iHide

ORPPFPOOOORORRERRR|R
P POORPRORPRORREREREERERREL|N
P RPOORORRPRRERRERERRPR
P RPOORRPRRPRRERPRRRR

P RPOORORRLRRERLREROLPR
OFRPOORPRORRERRERRPRR
RPOORFRPROORRLRRERREROLPR
OFRPOORPRORRPRRLRRLROLREPR

However the descriptive statisticdone arenot sufficient because it can lead to

misleading conclusions. For example, although the concept variables provide information for
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higher levels of the construct map they must be observed with other high level variables for
classroom interactions to resemkhe types of instruction we are supporting. For this reason |
develogdscoring rulego account for cenccurrenes of particular variables imays that
discriminates between the qualitatively different levels described in the construct map.

To generat these scoring rules | first qualitatively analyzed the segment variables
looking for profiles that indicated higher and lower levels of the construct lhaapxample, the
profile in table Sndicates that the class observed had teacher and studerastiates described
by higher levels of the construct map this matrix of binary codes the colunmepresent &ch
5-minute segment and rowspresent each variable. A Qridicates that the variable was
observedt least once in the segment, anddbleimns are temporally ordered. So, the first
column describes the first fivminute segment of instruction. Nece that the variablénitSelect
suggestshatthe teacher is selecting whistudent invented methotts keepat the center of the
discussionwhich also suggests that the conversation is focused on student invehtiensit
specific mathematical concepts (iOrder, iGrouping, iScale, iShape, iShow, iHide) allow us to see
that the concept of grouping data dominated the conversation and teav#severy little
discussion of order, scale, or shape.

There was also discussion about what the displays show and hide about the data, although
it appears this was primarily focused on what ordering shows and hides. Last, the teacher
practice variabledescribe a classroom in which the teacher is asking discussion questions,
pressing kids to explain their thinking, and comparing different ways of thinking across the class.
While no individual variable can inform much about the quality of discussiom tagether

these variables support the inference that this discussion about student invented method included
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worthwhile conversation about the concept of grouping, but much less discussion of scale and
order.

| usedprinciples from thes qualitative diBnctionsto desigrscoring algorithms to map
dataprofiles to appropriate levels tife construct map. In AppendixIbaveprovided the full
scoring rules for théems that constitute the quantitative schltesigned the items to determine
the supportor student invention, the nature of the teacher and student contributions to the
discussion, and the mathematical ideas that the class discussed. The items that look for support
for student invention primarily look for the existence of particular tasgr@aterials that
support invention. Since observers did not see classes in which the invention activities took place
| can only make rough distinctions about teacher support. For example, | look to see if inventions
are visible in the class, if there iwérsity in student invention, and the context of the data that
the students used when inventiiie items focused on student and teacher contributions to
discussion index the ways students are talking and the ways teachers are usst@tibgies
Since we observe the actual discussion | can make morgifaneed distinctions. For example,
in the item that judges the use of discussion questions classes would get a 010 if a discussion
question was used and a 020 if the teacher also pressed kitiet@faibrate their thinking
after the original question. These are still rough distinctions, but are finer than the distinctions
around invention. The unit specific concept items make the mosgfaieed distinctiondn
these items | index which condsjlasses talked about, and how they talked about them. For
examplefor the items in unit 1 | gave a 010 if the concept was discussed (scale, grouping,
order). | scored it a 020 if the concept was discussed while talking about what it shows about the

dat, and a O30 if they talked about what it shows and hides about the data.
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| applied the scoring rules to create the items in two skeps,| codedeach class
observation to produce polytomously scored items at-iénbite segment level. Sbgenerated
each of he items described in Appendix& every5-minutesegment using theegment
variablesSecond, | ustthese segment level scores to create fidelity s@irdee classroom
level. lusalthe highest segment level score observed tihane once during an observation as
the oveall score for the classldokedfor those that happen more than once for two reasons.
First, a simple sum is not useful because it would create a scale in which OmoreQ is not
necessarily better. For example,rihés nothing in our theory that suggests that discussing scale
for 45 minutes is any better than discussing it for 30 minutes. In fact, it could be bad if a class

was dominated by only one concept, but a sum of the scores would indicate Omore fitielity.O T

Table 6 Scoring rules applied to unit Irqfile
Segment

[ 5] 6]
1

sConceptual
sProcedural
tInitSelect
tDiscussQ
tJuxtapose
tPressExplain
tConnectOthers
iOrder
iGrouping
iScale
iIShape
iIShow

iHide

Iltem 1

Item 2

ltem 3

ltem 4

Iltem 5

ltem 6

ltem 7

Score

ORr NDPDOOOORPPFRPOOOOROPREPEPER|[F
WR PO UVORPPFPOORPROROREREEPRRER[(N
WRr NDOUVOPRPFPOORFRPRORREPRERPEREPRPEPR|lw
WRNRAOUORPRPRPROORORRPRRERRERRRER[N
WRr NDMUUVORPPRPOORPRPREPPERLRPP
WOOOOROFRPRFRPOORFRORRRERREROEPR
WR NDOWOORPROORFRPRORRERPRERRRPE R[N
WONDOODRPRPOOFRPROORRREREROPRR|o
WOOOOrROOFRPROORFRORRREREROEPRR|o

W kNP O U O
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secondationale for using a minimum of two segments is that we value sustained attention to
particular concepts.did notuse the highest obsew at least once because | didmétt to
allow for the possibility of scoring an entire class session by an itierdlcat wa only briefly
observed. Table #lustrates these rules with tldataprofile from table 5Notice that these
scoring rules use the segment data to obtain scores at the same unit of, dhalgkiss
observation levels the summary variadd and the artifacts.

These scores aribe classroom level summary variahlestly constitute the
guantitativefidelity scale. Theeclassroom level scores, whitetinformative about within
lesson variability, are useful to look for relationships leetmthe overall quality of whole class
discussions during the method revieaval student learnings measured by pre and post
assessmentSince the measures of student learning are on the scale of an entire school year the
classroom level indices are thmst useful in characterizing the learning opportunities available
to studentsluring each unit in a way that can be related to the student measures

Item Modeling and Validity Analyses

Partial Credit Model

| modekdthe classroom level item scores with a Partial Credit Model (Masters, 1982)
using Conquest software (Wu, Adams, & Wilson 1998) to examine the relationship between
these item scores and the construct map. This model is a member of a family of generalized
linear mixed models that estimates the probability of observing each scoring category as a
function of the itemOs difficulty and the class being observed. It can be thought of as a version of
the multinomial caditional logit model. Equation i one mathetical formulation of this
model describing the probability of classropobtaining a category score gfon itemi when

the item has (m+1) scoring categories.
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This model estimatdabe probability of observing a particular score on an &sthe
difference between a classroom (often conceptualized as a person in achievementrgéasting)
level and the difficulty of an item scorBhese parameters chr used to calculate Thurston
Thresholddor each scoring category. These thresholds are the point at which a classroom has an
equal probability of scoring at or above the level as they do below the level. In other words, there
is a 50% chance of being scored at or above the categnrhelSe are cumulative probabdgi
For example, if an item has four scoring categories (0, 1, 2, 3htirst®ne Threshold for 020
would describe classroom trait score at which a classroom would have the same 50% chance of
being being scored either@6r 010 and a 50% chance of being scored either 010 or 02.0 These
can be plottedn a Wright Map that places the itethresholdsand classroortraitson a logit
scale that can be usedr&date the classroom scores and item level difficulAdeqgit is the
logarithm of the odds, termed OloddsO, of observing an item category given a particular
classroom estimate. This is equivalentite logarithm of the ratio ahe probability of observing
the categoryo the probability of not observing the categ(or the ratioof the probability to its
complement) | usedthe Wright map to look for evidence that categories indexing the same
construct levels have similghiresholdsacross different items. | also losdfor evidence about
the relative distance beé&n scoring categories for the items.

In addition to the Wright Mp lusel the following Conquest generated parameters to
investigate each item:

1. Correlation between each item and the total score
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¥ This provides evidence about the items moving in the shmaetion as
the total score. Since all of the items are intended to index the same
construct, each item should be positively correlated with total scores.
Negative correlations would suggest that people scoring low on the item
are getting higher total sees and would call for closer inspection.
2. Point biserial correlation between each category and total score
¥ The point biserial coefficient is the same as the Pearson coefficient, but for
the case when one variable is binary. Since each category is bioary (y
were in it or you were not) this describes the relationship between being in
each item category and the total score. While the item itself might have a
positive correlation, there might be particular scores that are not related
with total scores in thvays we expect them to be. Ideally, the point
biserial correlations should increase from negative values to positive
values as thposition on the construct map increases
3. Item fit parameter (weighted mean square)
¥ This describes the ratio of the mearthad squared observed residuals to
the mean of the expected residuals. If thteseare identical then the
index is 1 (ideal). The conventional acceptable range is between .75 and
1.3. Items outside of this range indicate poor fit to the observed data,
which would require closer examination to determine the cause.
4. Item reliability parameter
¥ This parameter describes the extent to which items estimated high on the

logit scale can be validly seen as qualitatively different from items lower
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on the scale. This & particularly important parameter since the scale is
conceptualized as a quantification of our fidelity definition. So, it is
important for high numbers on the scale to be qualitatively different from
lower numbers since descriptions of higher fidelgydls are qualitatively
different from lower levels.

The overall sample size for the data collection is significantly lower than what is typically
used with this type of analysis. For this reason | @dthle responses from the items across units
and acros both yearsThis resulted in nomniform sample sizes for the itentr example, item
5 in Appendix D (How did the teacher use discussion questions to facilitate a coovnesbatit
invented methods?) waenerated for each ungo, this item has soes for each of the units that
the team observed. On the other hand, the unit specific items were only observed during their
corresponding unitsSo, there are a smaller number of observations for each of these items than
for the unit general items. We cardded a sufficient number of observations in units 1, 2, 3, and
5 to model the unit specific items, but the very small numbers of observations in units 6 and 7
made it impossible to model these items with the partial credit meolethis reason | did not
include the observations for units 6 and 7 in the partial credit model.

Since Itreatdeach observation as an independent event to increase the number of
OindependentO observations of the unit generallitdoiated an assumption of the partial ctedi
model, that all units are independent of each other. In reality these observations have a very
complicated crosslassified nesting structur@lthough this violates an assumption of the
model, it will provide more reliable estines of the item paramete In the next chapter |

discuss the implications of this violation.
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Validity Information from External Measures.

| compared the inferences | made from the observation measure to two external sources
of evidence to further interrogate the validity of tea.The first source of eviden@camefrom
the professional judgments of the projectOs instructioaahes. Tisiresearciproject was
intentionallydesigned to maintaia barrier between the coaching activities and the measurement
activities. This is primarily due to the desire for teachers to trust the coacheseshative
supporters of instruction. The coashwere not allowed access to the fidelity measures, and they
did not use them in their practice. One productive consequence is that the judgments made by the
coaches about each teacherOs practice can be compared to the observation data since they were
gereratedndependent ogéach other.

During the first year of the project the coaches completed Ocoaching logsO after each time
they traveled to the research site to meet with a teacher. In the logs the coaches @escribed
communication with the teacherfbee the lesson they attended, the lesson they participated in,
and the dérief conversations after the lesson. The descriptions of the lessons typically focused
heavily on the concepts the class discussed, although there was some attention to teaching
practice as welll investigate the extent to which descriptions of teacher practithese
coaching logs correspoedto the inferences made from the classroom observation data in a
randomsubsample of the observatiohéirst identifiedthe moments ithe coaching logywhere
classroom instruction was descrilshtting days in which coaches and fidelity observers were in
the class at the same timkhen, lexaminel the nature of these descriptions and thgsaa
which the descriptions wesmilar and diferent than the inferences made from the observation
data.There were many descriptions that could not be compared because they fell outside of the

scope of the measure. So, | first identified descriptions in the coaching logs that fell within the
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scope bthe measure and then compared them to the observation data. For erampleour

coaches, Lydia, described in her log about a2mihole class discussion that we obsengite

said thestudents in the class only invented methods that resembledtlee and that the

teacher Ohad her students work on the invented methods for most of the clag3 Bagadent

on to share that the class only talked in a whole class setting-idy dfinutes. Within this 10 to

15 minutes she stated that the studergsusised two invented methods similar to mode, and that
they realized Oone of the methods could not be replicated and that the other was problematic
because the data had two values with a frequency of 6 so it was impossible to determine which
they should dect.O In this description there are four claims that can be tested against the
observation data, 1) that the class only talked in a whole class discussion for the-fifal 10

minutes of class, 2) the class only discussed methods similar to mode, amdl&8¥shdiscussed

the replicability of the methods by 4) mapping between the methods and a visible data set. In this
example | looked at the observation data and found thheljlass engaged inndhole class

discussion for the final two segments (10 minut2s)he iMode variable was the only statistic

scored in these segments, 3) the iReplicability variable was scored in the final segment, and 4)
the iLinkVisDist (link to visible distribution) wascored in the final two segments. This is an
example of the observation data agreeing with the coaching log description on the testable claims
made in the log.

The second soura@amefrom measures of student learning. We have evidence from
previous resaah that the interactions described in the higher levels of the construct map support
the development of student thinking around data, statistics, chance, and modelmtydrettee
lower levels. lestimate the relationship between the classroom legeltas and posttest

measures using multilevel linear modeith students nested within teachdrsreated 7 models
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that estimated the effect of each unitOs fidelity scores on two different outcomes, a composite
student posttest score and the subsopastestscore that corresponds to the unit. For example,

unit 1 focuses on displaying data, so the subscale model uses the Data Display (DAD) subscale
as the dependent variableestimate this relationship whileontrolling for student level pretest
scoregender, ELL status, and ethnicityhd fidelity scores were the ontyassroom level
variable.These models only included data from the first year of the study because the data from

the second year student measures is still being scored.
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CHAPTER IV

RESULTS FROM MEASUREMENT MODEL AND VALIDITY ANALYSES

Desciiptive Statistics for Variables
Descriptive Statisticsor Unit General Segment Variables

In table 71 have provided the number ofrBinute segments in each unit across all
observations and the percent of those segments in which an observer scored the variable.
Between year one and year two there was significant turnover in the observation teamoln spite
the turnover, there was great consistency in the percent of segments that each variable was
observed, and also of the relationships between the variables. For example, the proportion of
segments in which a discussion question was being asked wemgay between year one
and year two. Also, the student talk variables (sConceptual and SProcedural) are very consistent
between year one and year two. As | noted earlier, this was not the case for the variable indexing
discussion of invented methods dndthe variable indexingeachers making connections
between student contributions and mathematical ideas. Because of this | have dropped them from
this analysis.

It is already apparent from these proportions that teachers asked many discussion
guestiors and students were talkinghich is encouraging since we were observing whole class
discussions. However, this doesnOt provide much information about he quality of the questions or
the student comments. These proportions have also pushed our thearteshatiave would
expect to see in aggregate numbers from a group of classes engaging in the kinds of whole class

discussion we are trying to support. It is true that proportions are not all that matters, or even the

86



Table 7 Percent of Bminute segmentdeervedor unit generaltems
sConcept. sProced. tCompare tDiscQ tPressExp. tConnectO.
Unit  Cohort

20122013
1 1 61% 70% 50% 86% 53% 17%
2 1 46% 60% 16% 68% 54% 13%
3 1 53% 63% 17% 71% 50% 7%
5 1 58% 61% 10% 78% 32% 2%
20132014
1 1 61% 51% 45% 85% 57% 20%
2 53% 53% 58% 84% 74% 13%
2 1 49% 62% 13% 75% 39% 3%
2 69% 66% 37% 85% 71% 22%
3 1 53% 62% 17% 89% 35% 1%
2 70% 69% 15% 83% 56% 9%
5 1 76% 25% 17% 91% 44% 1%
2 56% 37% 8% 79% 40% 2%

most important things in determining djtia However, it is worth considering if there are any
thresholds that are informative about quality. For some, such as the student talk and the
discussion question variable, it is clear that more is better. However, itOs not so clear for the
compare vaable. How much time should a class @are different ways of thinkingSurely
there needs to be some time for making sense of the individual ideas, but how much time? In unit
1 the classes spent roughly half the conversation time comparing. But in uthiswloopped in
year one, and it remained low for the first cohort of teachers in year two. While it is still unclear
where the threshold lies for sufficient amount of time devoted to comparing ide@selsthat
the percentages in units 2, 3, and bdohort 1 are less than desirable.

The cohort design also allows for comparison between teachers in their first year and
teachers in their second year. This comparison is somewhat problematic in this study because of
the nature of the attrition from year 1 to y&an the first cohort. Thee teachers from the same

school dropped out after the first unit in year one, and they were three of the highest scoring
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classes in the first year. Also, another teacher in the first year that had great success with the
Data Modelingesources was promaté¢o a position for district wide coaching. While she still
participated in the study as a coach, she did not teach classes in the second year. This attrition
might explain some of the differences in cohort one and cohort two teachers during year two.
Cohat two classrooms had a higher percentage of many important variables, even though they
were in their first year of using the materials and the other cohort was in their second year. This
is not what we expected. We expected to see growth from year paarttwo, which we

thought would show up as a positive difference between cohort one and two. While many of the
teachers in yeasnedid score higher in year two, the overall percentages remained lower than
the second cohort.

Descriptive Statisticfor Unit Specific Variables

The segment variable proportions tell very little about the extent to which the questions
and student talk produced conversations about the mathematical ideas Bretatiodeling
materials are designed to suppdtte unit specifiovariables show which items classes talked
about more often, and how often they engaged with the epistemic nature off tiaeen.
provided the proportion of segments each unit specific variable was scored in table 8.

In unit 1, classes talked about order filmost half of the segments, and grouping for a
large proportion of the time. They talked about scale much less often, though. This is consistent
with the fact that order and grouping are more accessible than scale, so these often dominate the
discussias. This highlights one of the shortcomings of this measure, though. | know from
anecdotes that many classes donOt get to scale, but talk about it the next day. In year two, the first
cohort talked about scale over twice as much as the second cohoriv8iooky observed one

day of the whole class discussion it is likely that we missed many of these conversations. Also
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notice that classes talked much more about what displays show than about what they hide or
influences on the shape of the data.

Table 8 Percent of Eminute segmentdeerved founit specific iems

Year Cohort

Unit 1
iOrder iScale iGrouping iShape iShow iHide
1 1 41% 25% 40% 26% 69% 37%
2 1 52% 27% 33% 14% 67% 30%
2 2 54% 11% 39% 19% 66% 20%
Unit 2
iMode  iMed. iMean iReplic. iGeneral iLinkVis iLink
Dist Imag
1 1 35% 37% 22% 11% 21% 29% 14%
2 1 32% 38% 21% 16% 40% 27% 18%
2 2 53% 44% 40% 23% 32% 38% 11%
Unit 3
iIRange iCenter iDev. iReplic. iGeneral iLinkVis iLink
Clump Dist Imag
1 1 21% 34% 21% 5% 17% 12% 5%
2 1 34% 44% 28% 5% 15% 38% 4%
2 2 41% 34% 17% 13% 18% 34% 9%
Unit 5
iTheor. IEmp. iSample iSamp. iCenter iVariab.
Prob. Prob. Size Distrib. Stats Stats
1 1 43% 52% 43% 45% 19% 13%
2 1 45% 59% 32% 52% 23% 18%
2 2 29% 51% 31% 40% 12% 7%

In unit twa classes talked about mode and mediarsimilar proportions of time,
between 35% and 53% of the time. The first cohort only talked about the mean 21% and 22
percent of the time in year one and year two respectively. Cohort two classes, though, talked
about mean much more. Their talk about mean was very similar in percent to their talk about the
other two statistics. We woulike to seemore classes talking about the other four variables at
unit 2 more often than they did. These are ideas that we hoggavould explore with each of
the three statistics, but this seems unlikely given the percent of time for each. For example,

cohort two classes only mapped between a statistic and an imagined distribution 11% in year
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two, and cohort one only 18%, thougnstis an improvement from year otagining new
distributions and considering a new statistic in the imagined scenario is one of the most powerful
ways to think about issues of generalizabilitigis is likely why cohort one classes doubled the
percentof time they discussed the generalizability of particular statistics in year two.

In unit 3classes talked about range and center clump methods for measuring variability.
The center clump variable refers to any statistic that focuses on the centestabatain. The
conventional measure is the IQR. However, students often invent unconventional approaches
that are grounded in the same ideas as the IQR. For example, sometimes students measure the
width of the middle 1/3 of the distribution. Initially skents often invent methods that donOt
make use of proportion, such as counting 10 data points on each side and then finding the
distance between them. All of these are coded as center clump statistics in this measure. Similar
to unit two, these two statiss provide the most widely accessible entry for students so they are
often talked about before deviation methods. Deviation statistics refer to any measure that
focuses on deviations from a center reference point. The most common conventional measures
arethe standard deviation and variance measures. However, we do not intend for students to
think about these in middle school. Students often invent statistics that share conceptual
similarities with these conventional measures, such as the sum of theeidt@hwveen each
data point and the median. The goal offfa@a Modelingapproach is to use these ways of
thinking to build an understanding of measures such as median absolute deviation from the
median. Just like the mean in unit two, this measure istst challenging for classes to talk
about, and this bears out in the lower percent of time this idea is discussed. Of course, the
measure has the same limitations as in unit two because we donOt know how many classes talked

about this idea during the dégllowing our observation.
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Unit five is unique in that the growth effect that we expected for the cohort one teachers
appears to be somewhat present. The proportions increasedfimsttbehort teachers in all but
one variable. The growth is small iarse cases, but there is a consistent incredlse.classes
talked about sampling distributions that they created, but rarely used variability or center
statistics to make sense of the sampling distributions.

Overall the consistency in the percentagessscthe cohorts and the two years provide
some evidence that the items were scored in a consistent manner. There were only two common
members between the first year observation team and the second year team, so the consistency
between the two years in tpercent of segments scored for each variable suggests that these two
observation groups were following the same criteria for the items.

Descriptive Statisticfor Item Scores

Although the proportions above are informative about the relative amounteo$piemt
on particular ideas they do not inform the ways the classes talked about thé idedten
times the ceoccurrences of particular items that are most revealing. | designed the levels of the
classroom level fidelitftems to capture this. Tab@shows the items and the percent of scores
in each categoryl'he dark cells are levels of the construct map that particular items do not
inform. Remember that the unit of analysis for the proportions is different than is #dohel8
S0 comparisons between the percentages are not very meaningfus. mahk 8jive the
percent ob-minutesegments that a variable was scofable 9uses the whole class as the unit.
These are marked if the level is scored in at least tminbite segients wvithin a class. So,
while table 7%ells us that teachers pressed students to further elaborate their thinking during
araund 50% of the segments tabléefis us that teachers pressed kids to elaborate their thinking

after asking discussion questiatssome point during the lesson 91% of the time (level 2 of the
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tDiscQ item).Table 9also pools both years and cohorts since the sample size is too small to
make the distinctions with the classroom level scores.

Table 9 Percent of classes scored at edetel

Levell Level2 Level3 Level4 Level5
sTalk 8% 91%
tDiscQ 9% 91%
RMData 95%
OPPInv 97%
InvDiv 92%
tCompare
InvSelect
SharedUnd
iScale
iGrouping
iOrder
iMode
iMedian
iMean
iRange
iCenterClump
iDeviation
VisDiffvar
iProbability
iISampDist 12% 38%
iISampleSize 53% 18% 15%

The items that index the lowewo levels of the construct map are populated by a large
majority of the classrooms that were observed (all > 80®6) the highes level, though, classes
only talked about the ideas in ways that addressed their epistemic nature between 29% and 53%
of the time.There are significant differences between units, too. In unit 1, classes rarely talked
about the display concepts without addressing their epistemic nature in some regard (level 3 of
iScale, iGrouping, and iOrder). On the other hand, classes were nadyarikinits two and
three to talk about the statistics without addressing their replicability, general use, or

correspondence to real or imagined datese are significant shortcomings since our intent was
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to support students to develop an understanofirsgatistics as measures of distributional
characteristics.

Partial Credit Model Results
Item and ClassroonT hresholds
The item level estimates generated from the Partial Credit Modetpresenteds Thurstonian
thresholdsn a Wright Map in figure 1.3f an item has k scoring categories, then there dre k
thresholds. The threshold represents the transition from one category to the next. Thelthreshol
estimates represented in the Wrighagvshow classroom estimate needed to have a 50% chance
of scorirg at or above the particular categofre WHight map places the item level estimates
and the classroom estimates on the same logit Sdakeis one way to describe the probabilistic
relations between classrooms and item levels since thadahé logarithm of the odds (pf.
On the right side of the scale the item levels are displayed. | have separated the item levels into
columns that correspond to the level on the construct map the level is intended to index. For
example, the item thatdexes the use of the student invention task is in the first column since it
differentiates between classes at the lowest level and classes that are not on the construct. It
doesnOt provide any information about the higher levels. On the other haigheselavel of
the item that indexes how classes talked about sgcplaced in the column at the far right. This
item differentiates between the highest level and the levels below. Readers can interpret the
vertical location of item level as the liketibd of that level being observed. This is sometimes
thought of as the OdifficultyO of the item level. So, the purpose of separating the item levels into
their corresponding construct levedgo see if items mapping to higher levels on the construct

are nore difficult than those at lower levels.
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Since the probability of observing a particular level is a function of the difference
between the classroom estimate andtdra level estimate the two can be related on the scale.
For exampleif an item level and classroohaveidentical logit estimateame horizontal
location on the Wright Maghen the model estimates that an observer would have a 50% chance
of seeing evidencef the level in that particular class. The higher a classroom estimate is from an
item level estimate, the higher the probability of observing the level in the class. Inversely, the
lower a classroom estimate is from an item level estimate, the lowgraibability of observing
the level.

On the itenrside of the scalgheitem scores that correspond to the first level of the
construct map were the easiest to obsertefive thresholdst level 1 ranged frorrd.03 to-

2.77 with an average ©8.37.In almost every class the studerdgsa minimumhad

opportunities to invent methods before the observers arrived (Ogpiduhey used repeated
measures data (RMDatdh addition, the widespread diversitystudentinventedmethods
(InvDiversity) suggets that teachers alpst universally structured thevention task in a way
that supported students tongenely engage with the ideasedcherslso usedliscussion
guestions (tDiscQ.l1in almost every class we observed and students talked at least patigedu
about the student inventio(sTalk.1)

Thesix thresholds foitems scored at level 2 rardjgom -2.36 to-1.87 with an average
threshold of2.07.These items were more difficult to observe than level 1 items but much easier
than the higher lev® Remember that this level represents a move from only using tasks and
materials to using them along with strategssch as pressing students to elaborate their
thinking, to engage students in talking about them. The levels of the discussion quest®n i

illustrate the rationale behind this difference. The discussion question item is scored at level 1
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when teachers only ask students questions that have the potential to support discussion. As | said
before, this was an item that was scored generoumlg & is often difficult to determine a
questionOs quality in arfinute segment. You can think of Ms. WestOs question in chapter three
as an example of the minimum an observer would need to see in order to score it at level 1.
Although the question in M WestOs class didnOt realfyport a discussion, it had the potential
to. It was open ended, and the students provided opportunitesetop important ideas around
order. However, the teacher did not notice the fruitful moments to press kids tatdaheir
thinking, which is what an observer would need to see to score it at level 2. This distinction is
why | consider the first level of scoring to be consistent with the first level of the construct map.
Using discussion questions that are suggastdte curriculum is a similar task as using
activities provided by the curriculum. On the other hand, the second level of scoring indicates a
classroom where student responses to the questions are being further elaborated. The distance
between these sdng levels, and the difference between the two levels in general, suggest that
this is not a trivial difference in classroom practice.

At level 3 theeleventhresholds rangkfrom -1.15 to .17 with an average threshold of
.75. Notice that at level thread above there are some item thresholds that are grey. These are
levels at which there was a low frequency of scores (< 8 scores). Sometimes this indicates a
score that should be collapsed with another score since it is rarely observed. Howeveregiven th
small sample size of the calibration group, and the meaningful differences in codes grounded in
the construct map, | decided to keep these codes in the measuremeithscalerall sample
size for this study is smaller than what is typical for thisllahmodeling work, and this fact is
even more true for these items than the others. This is because the items in levels 3, 4, and 5 refer

to the mathematical ideas, which are unit specific. Although | decided to keep these codes in the
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measurement systetier threshold estimates for should be considered with the low sample size
in mind. The implication is that these estimates are much noisier than the others, that is to say
that the sampléo-sample variability is so large that the location in this catibn is less
trustworthy than the other items. However, for this studsed these estimates to calculate the
averageof thelevel three thresholds because of the conceptual meaning. The items scored at this
level refer to classes where the mathematioatepts were at least talked about, even if the
conversation did not address the epistemic nature of the Kmasxample, in unit 1 the items
are scored at this level if the class at least talks about scale (iScale.1), order (iOrder.1), and
grouping (Grouping.1). Again, Ms. WestOs class is an example of a class that just meets the
minimum requirements to be scored at this level. The students never got to discuss the ideas, but
observers scored this even if just the teacher talked about them. Thesgesssiuggest that
even with this generous coding this level is very different than levels one or two. There is a big
difference between getting students to talk and talking about worthwhile mathematical ideas.
This is not a new idea, but these threshalldies provide an empirical estimate of how much
more different.

The 12 thresholds #&vel 4 ranged from.85 to .56with an average of2. The unit
specific items at this level indicate classrooms that were beginning to discuss worthwhile
mathematicaideas in ways that addressed their epistemic nature. This is operationalized
somewhat differently across units. For example, in unit 1 the grouping item would be scored at
this level (iGrouping.2) if the class discussed what grouping decisions showabdata, but
didnOt go on to discuss what it hides about the data. For units two and three the items are scored
at this level if the class discussed the replicability or generalizability of a statistic (center in unit

2 and variability in unit 3) withoubtelicitly establishingcorrespondences between the statistics
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and different distributional states. This happened when teachers would ask Odo you think anyone
could follow the rules for this statistic and get to the same number you did?0 or Odo you think
this statistic would always work well to measure variability?O Notice that the difference between
level 3 and level 4 is much smaller than the previous differences. In fact, these levels have some
overlap between them. This suggests that while the leveldifferent from each other, they are
much OcloserO to each other than to the other levels. One way to conceptualize this difference is
to think of it as the difficulty of moving a class from one level to another. So it is hard to move
from level 2 to leve3, but once you are at level three it is much easier to move to level 4.

There is one unigeneral item scored at level 4, the item that indexes when teachers
compare different invented methods (tCompare.l). The fact that this item has a simildeestima
to the level four unit specific items supports one ofdaga ModelingapproachOs most
important instructional theories, that the epistemic nature aghdthematical ideas is most
transparent when different invented methods are compared and confrastedample, this is
the strategy Mr. North used to support a discussion of grouping. The Opie graphO and the Ograph
graphO both grouped by decades, but used different representational strategies that differentially
showed or hid aspects of the data.elcan the class the students compared a display that did not
group the data to these and talked about the implications for these decisions for readers.

The twelve thresholds for level 5 ranged fra20 to 1.31 with an average of .29.€Be
scores represit the highest level of the construct map because they refer to discussions that
treated the concepts as epistemic tools. The difference between level 4 and level 5 is more a
matter of degree than difference. For example, in unit 1 the level 4 scoreserdpr
conversations about what display concepts show about the data, but at level 5 students talk about

what the concepts show and hide about the data. For units 2 anst@diets not only discuss
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the replicability or generalizability of a statistic,tlalso build correspondences between the
statistics and different distributional states. In addition, the tCompare item is scored at level 5 if
the teacher compares different invented methods, but also makes connections between different
student ideas irhe class. This was a difference illustrated by Ms. West and Mr. North. Ms. West
compared invented displays, but Mr. North compared while making reference to the differences
in studentsO ideas in the conversation and in the displays. The differences thetseestores
on the wright map suggest that it takes significant work to move from just comparing, to more
meaningful comparisons where students ideas arasdied. Also, for both levels of the items
the threshold estimates are consistent with the tblésior the items focused on indexing the
ways mathematical ideas were discussed in classes.

The top three levels also provide interesting information about the variability within each
level. This suggests that the concepts are not equally likelydsbtessed. For example, look at
the difference between the iScale item and®reuping item. Both of these are unit 1 items, but
it appears that grouping was more likely to be discussed than scale. This difference highlights the
relationship between insictional practice and context in which it plays out. During the summer
professional development meetings the leaders used grouping as a focus since students often
invent with interesting differences in how they group dateal these differences have claad
accessible implications for the shape of the .datigh this experience, and with the fact that
student inventions reliably produce opportunities to make this idea visible, it makes sense that it
would be discussed more often, and that the relatipngbiuld hold true for all three levels.

The left side of the scale provides the distribution of classroom logit estimates. The item
estimates are concentrated on the lower end of the classroom distribution, but it is important to

remember that if classoms and item levels have the same logit values there is a 50% chance of

99



observingat or abovehe level in the classroom. From a fidelity perspective this is not terribly
encouraging. | expect to see the higbamstructlevelsrepresenteth classrooms v high

fidelity more often than 50% of the time. | have provided cut points on the classroom side of the
map for the points at which the classrooms would have 80% chance or higher of observing each
levelto show how the distribution is partitioned witimach more conservative expectation

Under the 80% requiremenirtwally every class is above the lowest cut point. However, the

level 4 has very few classrooms in its region, and there are no classes that have an 80% chance or
above of exhibiting level Sceres.

| am not arguing for 80% as a standard,rather suggesting that the measurement model
provides opportunities to think about a classroomOs fidelity in new ways. Fidelity is typically
thought of as a static location for a class. However, thepee# variability from class to class
and from unit to unit. | argue that it is more productive to think about fidelity in probabilistic
terms. Instead of asking about what levels particular classrooms are at, we can ask about the
likelihood of observingparticular levels in a given class.

The Wright map allows for this kind of question. For example, consider again Ms. West
and Mr. North. During my description of their classes | focused on the levels that the excerpts
most clearly illustrated. Howevehis characterization alone could lead one to expect that Ms.
WestOs would not be scored on levels 3 or 4, and that Mr. NorthOs class would only be scored on
the highest level possible for each item. This is what is called Guttman scaling (Guttman, 1950).
However, the Guttman requirement, that any subject that scores on a particular level must always
me able to score at any level below, it rarely observed in practice (Kofsky,\1866n, 2004.

Mr. North and Ms. Wesdre a perfect example. Although Ms. $¥ecored on levels three and

below for most of the items, she scored on level 4 for the tCompare item. Mr. North, while
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scoring on levels 5 for iScale and iGrouping, only scored on level 3 for iOrder. If fidelity is
thought of as an exact location theisthituation is problematic. However, if fidelity is thought
of as a probabilistic relationship between the classrooms and the construct levels then these
situations are not only acceptable, but are expected.

In table 10 have provided the probabilities of observing items at each level in Ms.
WestOs and Mr. NorthOs classrooms. | used the average item threshold at each level to calculate
these probabilities. In comparing we can consider the differences in probabilitiee folevels.
There is very little difference in the likelihoods of observing items for level one. At level two,
though, the two probabilities begin to become farther apart. By level 5 Mr. NorthOs class has a
70% chance of being scored at this level,l&vMs. West only has a 39% chance.

Table 10 Probability of observing itenelels

Level 1 Level 2 Level 3 Level 4 Level 5
Ms. West 97% 86% 67% 52% 39%
Mr. North  99% 96% 87% 80% 70%

This is also helpful for characterizing the extent to whichrbatment condition
classrooms used the curriculum in ways consistent with the intentions of the design. For
example, every classrooobserved but twbave a greater thaf®® chance of being scoredaat
above level 1. In fact, 90 of the cases observeddha 60% chance of being scored at level 2.
72% of the classes had a 60% chance of being observed at level three. This suggests that as a
group, virtually all the whole class conversation made use of the materials and tasks and used
some strategies to engagids with talking abouheir invented methods. Howevéar only 21%
of theobserved classes diee have &least a 60% chana# seeing the target concepts talked

aboutat or abovdevel 3 This paints a picture of a group of teachers that universatiemse of
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the materials and engage kids in conversations, but that still have much growing to do in order to
make the conversations as fruitful as they coulttdra the perspective of the program theory

It is important to remember that the classrootmeses in this model do not account for
the nesting within each teacharwithin unit This means the percentages in the presiou
paragraph could be misleading. A closer look revealstlaty of the highest scores on the scale
were fromunit 1 observatins.Only one of the scores in the highest 20% of scores was from a
unit 3 observationThis suggests that the mathematical domain greatly influences the difficulty
of facilitating a high quality whole class conversation. This also provided evidence of the
validity of the person scores since we have known for a while that teachers haveraareich
difficult time with measures of variability than they do with data displags Wright map
provides an empirical estimate of how much more difficult iTeshift the probabilities from
Ms. West to Mr. North requires moving over 1 logit on thedescConsidering that the range of
the entire distribution is around 4 logits this is a very significant distance.
Item Statistics from Partial Credit Model

| have provided the item correlations with total score andehefit statistics in table 11
All items in the measu@epositively correlatedwith the total score (sum of all item scores)
indicating that all items move in the same direction as the total. #dboé the correlations are
statistically significant, but this is not particularlyenfative since this significance only tells us
if it is truly different than zero. Notice that the items on the lower levels of the construct map are
not as highly correlated with the total score as the items that index higher levels. This is
primarily be@use there imuch less variability in the losv level scores since observers saw
them in most of the classes. For the higher levels, though, the sconesraheghly correlated

with the total score (between .59 and .80). In addition to the overaltdemlation | examined



Table 11 Item correlations and fittatistics

Correlation  Weighted MNSQ

sTalk 0.25 1.13
tDiscQ 0.41 0.98
RMData 0.41 0.97
OPPInv 0.51 0.95
InvDiv 0.48 0.93
tCompare 0.41 1.23
InvSelect 0.32 1.01
SharedUnd 0.55 0.90
iScale 0.73 1.05
iGrouping 0.78 0.89
iOrder 0.73 0.97
iMode 0.64 1.14
iMedian 0.70 1.04
iMean 0.59 1.19
iRange 0.61 1.19
iCenterClump 0.63 1.11
iDeviation 0.57 1.06
VisDiffVar 0.47 0.94
iProbability 0.47 1.02
iISampDist 0.80 0.96
iISampleSize 0.78 0.88

the point biserial correlation between each item level and the total score. The correlations
generally increased within an item from lower scores to higher scores. There were five instances
in which this was not true, but all five cases occurred with categories that have very low sample
sizes.

All of the item fit statistics are within the conventionally acceptable range of .75 to 1.33,
suggesting that the residuals were very similar to tpecrd residual3.he reliability estimates
suggest reliability in the item estimates, with the item separation reliability beinbhi86.
indicates that the differences in item parameters can be reliably thought of as differences in the
properties of théems and item levels. The person separation reliability, which in this case refers
to the reliability of the classroom estimates, was .69. This is much lower than the item reliability.

This is due to the fact that the standard errors of the person testwere somewhat large, and
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is somewhat troubling given that this is a measurement system designed to provide information
about individual classrooms.
Classroom FidelityEstimates

Since | pooled the data across units and both years this model produced a classroom
estimate for each of the observations. This means that each classroom receives an estimated
fidelity score for every observation. For example, if a classroom was observedt$ 1, 3, and
5 in bothyears they would receive one fidelity score for each of these observations, 6 in total.
Onre advantage to this is that | can examine the relationships across the units for individual
teachers and in aggregate. One challengegtinas deciding how the multiple estimates might
becombined into a summary fidelity score for each teacher.

Tale 12 Average classroom logisémates

Year Unit 1 Unit 2 Unit 3 Unit 5

1 0.486 -0.272 -0.763 -0.244

2 0.167 0.076 0.041 0.102

Mean 0.326 -0.097 -0.360 -0.070
Difference -0.318 0.349 0.804 0.346

In table 12 have providedhe average fidelity scores for each unit in each Rath

years show similar trends with unit 1 having the highest average score, units two dnadifige
similar scores, and unit three having the lowest. In many ways this matches our expectations.
Unit 1 is on data display, and the concepts are typically familiar to teachers. On the other hand,
unit 3 focuses on measures of variability. It is oftes¢ase that teachers in our projects first

learn about measures of variabilibther than rangén our professional development. In fact,

during the first year of the project the Pl observed one class during unit three and was surprised
to hear the tedner explain to the class that the median was a good measure of variability. This

paired with the observation data from more classrooms led to a redesign of the professional
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development to better support teachers with this new idea. With these kindsrodreogmeit is
not surprising that the lowest average estimate was in the first yearOs unit 3 observations.

It is encouraging, though, that the unit 3 average increaseddyyit8between year 1
and year 2In fact, all of the averages increased in yather than the unit 1 observations.

Closer examination of the item scores revealed that the differences were due to lower scores on
the iScale and iGrouping items in unit 1. Both were talked about less frequently in the
classrooms, and the classes tdlkbout what these concepts hide about the data less often.
iOrder was talked about more often, but not enough to offset the other differences. Students
talked about what the concepts show about the data the about the same percent of time in the
second yeaas they did in the first year.

The fidelity estimates between pairs of units were positively correlated in all but one
instanceTable 13summarizes this with scatterplots of every possible pair of units. As you can
see, 5 of the 6 show a clear positieationship between estimates. This supports the inference
that teachers with higher scores in the earlier units are more likely to have higher scores in the

later one, while also allowing for variability in the degree to which this is true.
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Table 13 Pairwise correlations betweemiis for classroom stimates
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Validity Information from Relationships with External Data Sources

Overall, the coachesO judgments about individual tednhesfirst year of the project

andthe inferences supported by the measurement system were very consistent. Remember, the

coaches did ndtave access to the observation system. In fact, although they knew observations

were taking place, they did not know what the observers were recortiieig dre two pieces of

information from the coaches that | used to add to the validity evidence for the measurement

system. The first piece was the result of our coaching and PD team living in a different region of
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the country from the study. During thesti year of the project the team decided to identify a

select group of teachers that were especially successful witrataeModelingapproach to

serve as Oon the groundO coaching support for the second year teachers. They selected six
teachers based oheir observations and coaching time. | compared the fidelity scores of these

six teachers to the entire sample and found that their scores were largely in the higher end of the
distribution.The average classroom estimate for the population is approxraatel, and the

average theta score for the observations from the teachers selected to be coaches was .4, almost
half a logit higher. In fact, there were 7 observations that had greater than 80% chance of being
scored on level 4 items, and all seven oféhwere from the teacher/coach classrooms.

The coaching logs provide information about mainly the gpecific items in units 1 and
3. This is because these units we observed during the same day the coaches participated in class
for these two units irhe first year. Out of these common dates there were 27 Otestable claimsO
made in the logs across 6 different coacheglaingen different teachers. The claims were
almost exclusively about the ideas the class talked about, and sometimes about howethey we
talked about. For example, if a log claimed that a unit 1 class talked about scale, order, and
grouping | went to the observation data to see if it supported the same inference. Of the 27
claims, 6 came from Unit 1 and all were supported by the obgendsta. This left 21 claims in
unit three, and all but three were supported by the observation data.

There were many claims in the logs that could not be tested against the observation
measure, and a number of these highlighted some of the shortcahihgsystem. There were
meaningful differences in instruction that this measure did not capture. For example, in one log
the coach said the teacher used a lot of the questions, and the students talked a lot, but that the

teacher asked the questions ways that hinted at what he wanted students to say. The coach



said this produced a conversation where students were saying a lot of things about the ideas, but
were not sure what it was they were saying or why it mattered. She said that the class seemed
more like the kids trying to figure out what the teacher wanted to hear rather than genuinely
engaging in inquiry around the data. However, in a class like this the measurement system was
not able to pick up on these issues. The variables suggest tr@daslsisvas talking about the

ideas in meaningful ways, and it is likely that nuances such as this are lost in a number of
observations.

The multilevel models relating the fidelity scale and the student assessment scale
suggested a number of positiaationships between classroom fidekind student thinking.

Table 14shows the coefficients for tlB2models. Four of the models pair the unit specific

fidelity estimates with the composite posttest student scores. The other four models pair the unit
specific fidelity scores with the post test subscale scores from corresponding subscales (Unit 1
with Data Display (DaD), Units 2 and 3 with Conceptions of Statistics (CoS), and Unit 5 with
Chance (Cha)).

The unconditional model estimated that 10% of terall variability was from between
classroom difference&lnsurprisingly, the pretest scores were the strongest predictor of the
posttest composite scores and the posttest subscaéssThe gender, ELL, and ethnicity
variables are not included in trebte. The gender variable was negatively correlated with all
outcomes suggesting that boys, on average, scored lower than girlDetahdodelingclasses.
Neither the ELL nor the Ethnicity variables were statistically significamt (" !.

The Unit 1fidelity variable had a statistically significant positive relationshih the
composite posttegp = .096)and the DaD posttest subscgle=(.068) The coefficienfor the

unit 2fidelity variablewas positive, but not statistically significapt.218). However, the
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Table 14 Regression coefficients from multilevedaels

%

Pre _ Pre _Ul_ _U2_ _U3_ _U5_ Classroom
Composite Subscale Fidelity Fidelity Fidelity Fidelity Variance
DV

Posttest 10%
Posttest .252*%* 141* 4.56%
Post DaD .156** .160* 4.26%
Postest .253** 0.078 4.61%
Post CoS .099** 174* 3.58%
Postest 244** 0 8.22%
Post Cos 110** 0.009 8.33%
Postest .240** 0.18 5.27%
Post Cha 142** .292** 2.20%

* Significant at .10 level
** Significant at .05 level

coefficient was positive and significant when predicting the CoS subgcal®66). The same is
true for the unit 5 fidelity variablep(= .123 for composite post test model g .039 in the
Cha subscale model}.is important tanote thathese models are underpoweredétect
significantrelationships at the classroom level due to the small numbers of classrooms. The
study is designed to have sufficient power for the main effect between treatment and control
groups (~ 80 classes total). However, this study only uses the treatmenticlagsiel we
conducted observations, which drastically reduces the sample. This means that although the
positivecoefficients are not all statistically significant the consistent positive direction is worth
noting for units 1, 2, and 5 addition, the percent of unexplained between classroom variance
was significantly lower in all models with units 1, 2, or 3 predictors.

Unit 3 is a different story. The unit 3 fidelity variable was not correlated with either
outcome. This is a strikg difference when compared to the other uiiitss is likely due to the
fact that the fidelity scores in unit three during the first year were some of the lowest in the study.
The average score wa321 in the first year, and rose to .042 in the segead. Since these
models only use the first year data | am not able to test this conjecture. However, as soon as the

second year student data is scored this will be an important finding to interrogate further.
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Rater Reliability

In table 19 have providedhe percent of segments in which observers agreed for each
variable. | calculated the agreement at the segment variable level because this provides the most
actionable information about the extent to which the observation system can be reliably used by
multiple raters. To calculate these percentages | used the 18 double observations from units 1, 2,
3, and 4n the second year of the studyhis data represents a random sample of 10% of the
observations conducted in these umtgear two However, they i@ not equally distributed
across the units. This is particularly problematic for unit 1 since we only conducted two double
observations in this unit. This sample consists of two double observations from unit 1, four from
unit 2, six from unit 3, and sixdm unit 5. Remember that the student and teacher variables
(those beginning with OsO @)ate common to all the units, so these percentages represent the
agreement across the full sample of double observations. The variables beginning with OiO are
unit specific, so the sample is much smaller for each of these.

Overall the observers agreed in their scoring a very large proportion of the time.
Observers agreed greater than 80% of the time for all but four of the variables. This is not
surprising for sora of the variables, such as tDiscussQ, since the observers were trained to code
them generouslyFor other variables, thouglnjs was quite an accomplishment considering the
nuanced differences the observers were trained to recordx&mple, observeegyreed almost
90% of the time when scoring iLinkimagDist. This variable records moments where students
imagined new data distributions and made correspondences to the statistics they were discussing.
This is an important aspect of the conversations, beitloat takes significant training for

observers to see.
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Table 15: Percenagreement for segmeranables

% Agreement

sinvented 94.65%
sConceptual 80.35%
sProcedural 76.97%
tinitSelect 93.86%
tCompare 90.97%
tDiscussQ 92.09%
tPressExplain 79.08%
tConnectOthers 93.71%
iOrder 100.00%
iScale 75.00%
iGrouping 91.67%
iIShape 100.00%
iIShow 83.33%
iHide 91.67%
iMode 92.12%
iMedian 93.88%
iMean 95.94%
iReplicability 86.38%
iGeneralizability 88.71%
iLinkVisDist 84.21%
iLinklmagDist 89.46%
iRange 88.22%
iCenterClump 78.76%
iDeviation 83.95%
iTheoreticalProb 86.66%
iIEmpiricalProb 85.09%
i0Odds 93.81%
iSampleSize 93.89%
iISamplingDistrib 93.11%
iCenterStats 98.61%
iVariabilityStats 96.10%
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Chapter V

DISCUSSION

Representing Program Theory

In this study | haveleveloped, implemented, and studied a measurement system for
characteriing the extent to which wi class discussions bata Modelingclassrooms are
faithful to the kinds of discissons the materials are designed to supftwt. notion of fidelity,
although widely viewed as critical to studies of lasgale use of designed learning programs,
has had very little consistency in meaning or in measurement. There has been recent work to
bring more consistency to thigld of work, but these conversations haaknost exclusively
focused on issues of data collection and data analysis and have given much less attention to
foundational questions regarding underlying theory and measurdrhare attempted to bring
these issues to light.

| am far from the first to suggest that fidelity measures should be rooted in underlying
program theoriesthis is a widely held convictioidowever, there has been little agreement on
what a program thewpiis, and what would constitute a sufficient representation ofwithout
an explicit discussion of this issue researchers have implicitly and differentially focused on three
different aspects of a prograimeory: program structure, program processeas uaiderlying
latent construst In most cases the emphasis has been on program structure and processes, with
much less attention to underlying constructs. Here | have argued thateesuffrogram theory
shouldrepresenall three, as well as the relatis among thepand that the construct map is a

particularly useful tool to represent underlying constructs in the context of fidelity



The representation of tlizata Modelingorogram theory that | sketched in chapter three
does just this. The construaiap provides a conceptual description of the target phenomenon
with two features. First, it described the phenomenon along a trajectory. This is particularly
useful in a fidelity context because it provides a theoretical rationale for what counts as Omore
faithful.O The construct map, though, is also related to the particular design strategiPsia the
Modelingapproach to realize the construct in classroom interactions. The tasks, materials, and
instructional strategies are not simply things to doabeitseen as tools to bring about the
instruction described in the construct map, and hopefully the kinds described in the higher levels.
One advantage to this kind of representation is that it makes the theoretical intent of the design
explicit to the readr. This provides the opportunity to make more meaningful comparisons
between alternative designed programs. It is possible to imagine a program that is rooted in a
very similarunderlying construct, but makes use of very different design strategie$ize rea
In this case the comparison could focus on the operational designs and the relative success at
realizing the underlying construct. On the other hand, one can imagine a very different kind of
comparison in which a designed program is fundamentadiyvated by a different underlying
theory. In this case the question Owhat works better?0 makes little sense because the two designs
are built to do different work. The question under this circumstance would be Owhich underlying
theory do we value more®@thout explicit attention to these three aspects of a program theory
attention to these details is not possible.

Representations of program theory also have implications for how one might
conceptualize program implementation. If structure is the only aspect of program theory
represented then researchers might conceptualize implementation as a straightforward task of

using the program components. On the other hand, if processes are represented then
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implementation might be thought of as component use with a particular level of quality. In
contrast, this dissertation represents program thaayway that unifies struate, process, and
underlying latent construct. Here, twbatof the program, the tasks and materials, andhtve
of the design, the teacher instructional strategies, are merely components of an overall design
intended to bring about thvehyof the progran, opportunities for students to represent, measure,
and model variability. Under this framework implementation takes on a different meaning than
the other two | just described. In our teacher professional development meetings we focus on
bringing about oportunities for students to engage with the ideas, and we describatthe
Modelingmaterials as tools to do this work. ItOs not that we present them as optional, but that the
intent of the tools is kept at the front. Implementation, then, isghef the tools to realize the
instructional theories.

1tOs worth noting, though, that representing program theory is not solely a
representational activity. It is also a meaning making activity. Duringtguigsign studies
many of therelationsbetween undeying theory and the designed learning environments
realized in actiomre worked out in fine detail, but fidelity measurement pushes on theory in new
waysbecause of new constrainkeasurement is expensive, soaquires thought about which
aspects ofite theory are most relevant and it requires designers to consider which design
elements are essentialt the same time, it requires thought about which of these elements are
feasible to measur@hese kinds of questions can bring a new understandindesign. While
underrepresented in this study, this was the case here. Many iterations of piloting produced
multiple changes in how | conceptualized and represented both the construct and the mapping

between the underlying theory and the visible instantiatin theData Modelingdesign.
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But this is not a dissertatianly about representing program theory. It is a dissertation
that claims that a measurement scale is a productive way to think about and empirically study a
program theory. There are at least two questions that must be answered to support this claim.

ResearchQuestion One
Can we validly and reliably measure the extent to which students are supported to
represent, measure, and model variability irData Modeling classrooms?

The temptation with questions about measurement validity, which researchers sometimes
succumb to, is to provide a onaadfor-all statementThis temptation makes sense. How nice it
would be to build meaningful measurement systems that can be validatédahand certain
way so future researchers can pick them off the shelf and use them without spending energy and
resources on @stions of validityHopefully it is clear at this point that IOm going to resist this
temptation. In fact, my wording of thhesearch question was my first strategy for this resistance.
| didnOt ask if thimasa valid measurement system. | asked if this constarche validly
measured.

Instead of a finayesor no, this question suggests that the answer is but a firsirsgep
much longer process. It provokesya$€) bud kind of answer. In this section | will argue that the
data | have constructed with this system validly informs many relevant questions about the kinds
of whole class discussions supported byDhéa Moddéing program.So, part of the answer to
this question point backward to what | did, and what | think it means. However, | will also argue
that a part of this systemOs validity is found in its potential use in the future. Another part of the
answer to thigjuestion is found in the things that might bamedabout the system to make it

useful for even more powerful inferences in the future. | will address both of these within the

categories suggested by the Standards for Educational and Psychologicgl (Pesgncan
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Educational Research Association, American Psychological Association, National Council for
Measurement in Education, 199&ilson, 2003.
Evidence Based On Measurement System Content

TheData Modelingprogram theory is rooted in a commitment to providing students
accessible experiences that provoke the need for new mathematical tools. However, these
experiences are not sufficient to grow foster understandings of worthwhile mathematical ideas.
The DataModeling program is designed to leverage stud@gsse making in these experiences
to support the development of more powerful ways of thinking. The ideas are leveraged in whole
class discussions as students share their thinking, compare differentf\wagking, and
engage with mathematical ideas as epistemic tools. Although there are a number of student ideas
that teachers can reliably expect to see during instruction, the realized form of the instruction is
hopefully shaped by the particular waysdsnts talk about and engage with the ideas. So,
faithfulness to the intent of the tools can look different from classroom to classroom. In fact, if a
large number of classroonmked identical during instruction it might suggest that the
instruction is oerly routinized and the materials are not being used as intended

| believe that the observable variables, observation protocols, and scoring rules described
in this dissertation formedraeasuement system that was able to identify many meaningful
differences in classroom instruction. The summary variables focused on lower levels of the
construct map by indexing the presence of critical structural pieces of the design such as
invention tasks and data context. The segment variables provided a morel ¢getaule of the
whole class discussions. Although the student talk variables made very rough distinctions, they
did represent an important difference in the ways students often talk about invented methods, the

difference between describimghatsomeone @i and describingvhythey made that choice or
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the conceptual implications of the method. The teacher practice variables provided information
about teaching strategies that we have found to be powerful in leveraging student thinking, such
as asking questienand comparing different student ideHse teacher variables also spanned a

wide range of the construct map. | interpreted the mere presence of a question as evidence that
teachers at least made use of the suggestions in the curriculum materialg.(lesaivl

guestions with teacher presses for more elaborated answers as an indication of a higher value for
student discourse (level 2). Teacher strategies that included the comparison of different strategies
and discussion of the different ideas in thesgleepresented instruction at the highest levels

(Level 4 and Level 5).

In addition to these domain general variables, this measurement system also coordinated
the general with the specific mathematical ideas the units were designed to support. This
provided information about the higher levels of the construct siraqe levels 3, 4, and 5
describe instruction in which the class discussed the relevant mathematical ideas. These variables
are also useful to identify different ways classes discussed the kdeascample, in unit two the
variables look for classes to discuss the median. In addition, the variables account for comments
that suggest students engaged with the median as a measure. The variables look for students to
talk about the replicability andegeralizability of this technique, and to consider
correspondences between different distributional states and the numbers the statistic would
produce in each state.

The content of these variables have the potential to support credible inferences because
they are rooted in the theories described in the construct map. | designed each variable and
scoring rule to provide information about particular regions of the construct map. As a set, |

designed them to cover the range of the construct, with informethiout each level. Because of



these commitmentshe variables in this measurement system can all be interpreted in relation to
theunderlying instructional theory.

However, there were many aspects offa¢a Modelingnstructional design that this
measuement system is not designed to capture. | have committed my efforts to use the quality of
the method reviews as a proxy for classroom instructubinch means this measurement system
can only provide valid inferences in this specific contixdannot beused to support meaningful
inferences abouwdther sections of the instructional sequerdeas is very important to remember
because the resources needed to schedule all teachers at the same moments in the sequence mak
it tempting to observe a numberrahdomly selected instructional dajis would seriously
undermine the validity of the data because the system is not designed to be sensitive to
differences in many of the classroom interactions one would observe under this scheduling
strategy.

There ae also a number of important differences in whole class discussions that this
measurement system canOt detect. Although this system accounts for kinds of student talk,
teacher strategies, and target concepts, it is not able to string them togetheeratbiomal
turns. Because of this, itOs impossible for me to determine if a question was a timely question, or
if a comparison of two studentads was a useful comparison. Instead, | have to rely on the
assumption that the presence of the target consagtgests more productiteachingstrategies,
but | canOt test this conjecture with this measurement sy8ieata Modelingdesign isnot
aimed at just supporting conversations, but at supporting a set of epistemic practices that students
are then dispged todeploy in a variety of contexts to represent, measure, and model variability
in data. With these limitations on the practicality of observational measurement the data that we

have to make inferences about these practices vastly underrepreseataphexity of them.
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Evidence Based on Observation Process

Observers used the measurement system during live observations in the vast majority of
classes. This is an important part of the observation process because raters had a full range of
vision in theclass. We trained observers to sit in the back of the class, but in an area where they
could hear and see as many students as possible.

However, tassroom observations have a troubling history. An observerOs presence in a
classroom changes the social arigation in ways that can significantly influence instruction.

This is particularly true in the day of high stakes observations. We used a number of strategies to
ward against this. First, | discussed the observations with all teachers during the summer
professional development. While | didnOt share the details of the observation system, | explained
that the measurement system is intended to help inform our efforts to support their practice. |
was clear that it was not an evaluation, and that the data Wweudldld in confidence. One of the
biggest concerns for the teachers was that we might identify poor instruction and inform school
leades. This was never our intention, and we worked to communicate this to teachers.

Even with these efforts it was clghatthe presence of an observer changed the nature of
the classrooms in consequential ways. First, it is likely that the teachers most committed to
scheduling observations times were also the teachers that would at least use the Data Modeling
materials. Tis is likely one reason why these variables were scored at such a high rate. Also,
teachers sometimes felt as if they shquédorm in a unique way during observations. This
often led teachers to ask observers questions after an observation direiogidgbfit Ohow
they did.O It was common for teachers to ask, OWhat did you think about the lesson?0 as

observers left the classroom. We trained observers to engage with these kinds of questions with



genuine, but value neutral responses such as Ol neiajee seeing your class todayO or OIOm
so thankful you allowed me to come watch your class today.O

We also made great efforts to delineate between instructional coaches and observers. This
was challenging because teachers would sometimes ask obsemwergde suggestions for
instructional strategies or next steps. We trained observers to never provide instructional
guidance for two reasons. First, if teachers began to see observers as instructional coaches it
would be very difficult to complete obsa@tionsbecause the variables required sustained
attention to reliably record. Second, the obseware knowledgeable about the measurement
system, but received no training on the ovedalla Modelingsequence. This paired with the
lack of knowledge abdweach teacherOs students meant that even under the best intentions it is
unlikely that the observers would be equipped to provide helpful advice.

The agreement during live double observations | reported in chapter four suggests that
these observation pcesses provided contexts in which observers could reliably score the fidelity
variables. However, we never viewed agreement as something that was established, but
something to continuallgnaintain. A significant portion of the weekend trainings consisted
group discussion about challenges during observations. These sometimes focused on procedural
aspects, such as where to park at particular schools. Primarily, though, observers brought
examples from their recent observations thay found challengingptscore. The entire team
would engage in a conversation about the conceptual elements of the variables as we worked out
how a patrticularly challenging example would be scored.

In spite of all of these efforts there are always threats to validity imbgervationslin
addition, some of our efforts, while supporting more valid data collection, have provoked new

questions for future research. Under fhigjectOs design the teachers nevettisawata

12C



collected in their class, and we tried to engage wbseas little as possible in the classroom
interactions. We tried to make the observers and the data as OinvisibleO as possible to the
teachersHowever, this meant that the teachers could not use the data or the measurement
framework as a tool to thinkbaut their instructional practice. In the future 10d like to consider
ways in which the teachers can become a meaningful part of the measurement process, and ways
to represent the data that would be useful to teachers as they reflect on the lessons.
Evidence Based on Internal Structure

The item threshold estimates represented in the Wright map empirically support many of
the conjectures in the construct map. It is important to note that | have explained the progress of
this work in a way that seems vergdar. However, the construct map in this dissertation is the
result of multiple iterations with a number of revisions. Since this is the first measure of its kind,
my initial theorization of the fidelity construct was challenged as | used it to measuie, arod
interpret differences in classroom instruction. This happened during the early stages of
operationalization as | noticed that there were important differences not represented in the map.
For example, the original map did not have what is now kkewvee. However, as | piloted the
early measurement instrument | recognized that there were a nahdb@sses that talked about
key ideas, such as scale or median, but did not address the epistemic nature of thieadeas.
measurement model alshallenged the theory since | initially expected teachers to outright
reject the curriculum design at lower levels, and that teachersO use of discussion questions would
be evidence that students were likely talking about important ideas. Modeling theatibaer
data made it clear that this was not the case with this saatihleugh previous studies did
include teachers that rejected the design so we expect to see this from time hisnmewhy |

revised the construct map to describe lower leveltagsrooms where curricular tools were
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being deployed, and the higher levels as classrooms where the tools were being used to produce
conversations about the intended ideas. On the other hand, | revised the variables and scoring
along the way too. Challeng¢o the construct map did not always result in changes to the
construct map. More often | was led to change the ways | operationalized the map to provide
more valid evidence. The changes to the sinvented (are students talking about invented
methods?) vaaible that | reported in chapter 3 are just one example. After the first year of data
collection I noticed that the sinvented variable, which indexes the lowest level of the construct
map, was more difficult to observe than many variables indexing higreds.|& his did not lead
to a change in theory, but a closer look at the observable evidence. Only then did | realize that
the definition of the variable required students to be talking about their own invemttaol
observers were unable to determineewlthe inventions were anonymous. Unfortunately the
change in the variable led to its exclusion from this study, but itOs refinement will provide for
more meaningful interpretations in future work.
A first glance at this might lead the reader to thhmkt this is evidence against
measurement validity since | modified the construct arapthe variableslong the way as it
was challenged by the daturely | just gamed the system! Howevers therspective, although
common, is Odiametrically opposibegood practice@\ilson, 2004 p. 161). As | described in
chapter two, measurement is fundamentally a modeling activity in which theory influences
observation, but observation often leads one to change their original theorization. The previous
paragraphs but an example of figure 4 (from chapter two) in actiontl8e jterative process is
not a threat to validity, but evidence of ongoing modeling work to maintain and improve validity.
The Wright map shows that the item scores increase in difficuttyegscorrespond to

higher levels of the construct map. The item fit statistics were all within the conventionally



acceptable range, and tibems were all positively correlated with the total scoiee item
threshold estimates at levels 3, 4, and 5 leanember of issues untain, though. Ris sample
provided very few observations in some of the lev@sthe estimates have large errBecause

of this it is difficult to say if the model supports the construct map and the item design. For
example, thee are some items in level 3 that are more difficult than level 4 items. The same is
true between levels 4 andBBowever, since the estimates have such large errors more work
needs to be done to determine if this is a problem with the underlying tHeomgrtables, or the
scoring rules.

The Wright map also revealed that items at the bottom two levels of the construct map
were very easy to observe in this p@tign. As | reported in table 8ver 90% of the teachers in
this study were scored at le\iebr 2 for these items. der some circumstances this kind of
information can be evidence that there is no need to retain the items in the instrument because
they donOt differentiate between qualitatively different groups. However, the sample that | used
to calibrate this measure consisted of teachers that participated in significant professional
development and ongoing coaching support. We would likely observe a larger proportion of
classrooms not scored on these levels in a population that was noepresld similar
resources and opportunities to learn. For example, if teachers were simply gilxatethe
Modelingmaterials without adequate professional development | expect many would not make
use of the most important taskisis important to retainhiese variables in the system to account
for these classrooms in the future.

There are two items, though, that might be reconsidered in light of the Wright map. For
all of the items | used the highest score observed for more than omaifiree segmentt s

possible that tlsi was too generous for the sTalkd tDiscuss@ems.The sTalk item indexes
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student talk using two levels, talking procedurally and talking both procedurally and
conceptually. The tDiscussi@m indexes teachersO questions using two levels, teachers using
discussion questions and teacher using them while pressing kids to elaborate their. therking
minutes of attention for other itegrsuch as those focused on unit specific concepts, middes
sense. For example, if a class talked for ten minutes in a high quality way about the median it is
very possible that this is sufficient. However, this is less certaithéos Talk and tDiscussQ
variables becausentightbe problematic itudentsonly talked for ten minutes of the class or if
a teacher only asked questions for ten minutelsrge part, the classes scored on these variables
had many more than the minimum of-2ntnute segments at the level in which they were
scored. However, thiscoring rule ioneaspect of the measurement system that should receive
additional attention in future iterations.
Evidence Based on Relationships with External Data

The coachdd professional judgments about classroom instruction agreed with the
measuement system in many respects. This comparison suggested that the observers and
coaches had a similar vision for the kinds of conversations we were trying to support. It is
important to remember that these two groups, coaches and observers, did noy ltavsan
during the project. The comparison also suggests that there were a number of important
distinctions the coaches made in their professional judgments that the observation system was
not able to make. It isnOt that the observation measure disafjretite coaches, but that the
measure was blind to important instructional characteristics, such as the quality of the
sequencing of questions over the course of a whole class discussion.

While there is still much uncertainty in the relationship betwiberobservation measures

and the student measures, the coefficients in tabdeiddest that there is likely a positive
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relationship between units 1, 2, and 5 observation measures with the student measure. This was
especially true for the correspondingd#nt subscale measures as the coefficients from all three
of these were significant at the .10 level. However, the unit 3 measures were not correlated with
the outcome measures. It is possible that this was because of the lack of classrooms at the higher
ends of the construct map in unit 3, but this is an area that warrants a closer look once all year
two student data is ready for analysis.
Evidence Based on Measurement Consequences

The evidence from this measurement system was already consequentahimig our
ongoing professional development for teachéos.example, in the first year of the study it was
clear that teacher were talking about grouping much more than the other ideas in unit 1, and that
many needed much more support to understanceptgicelated to measuring variabilityunit
3. These examples led to changes in the professional development to support the specific
challenges teachers were having. For the example from unit 1, the consequences show the
importance of indexing unit spéici concepts. Without attention to these it would have been
impossible to tell which ideas classes talked about more than others. In the unit 3 example the
variables focusing on a shared understanding of variability as a measurable attribute were
critical. In addition, the unit specific concepts allowed us to see classrooms where kids were
talking, and teachers were using many of the strategies we support, but these resulted in
conversations suggesting that measures of center and measures of varialtihcaptually the
same.Thismeasurement systepnovided a key source of data, along with coaching logs and
observations during professional development, to generate knowledge about the uBat the

Modelingmaterials during classroom instruction.
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At the end of two years of implementation this measurement systenviselwt the
primary took that will allow us to determine the nature of the instruction in intervention
classrooms, and the extent to which it resemtile kinds of instruction tHeataModeling
program is intended to suppo@ther researchers in our project built case studies of particular
types of teachers to develop fine grained understandings of how tessdwerextualize
teaching strategies in particular classroom contexts (Rfatf3) and how teachers and students
framing of classroom activity changes over time (Shino&atahrer, 2013). While these
studies have made significant theoretical contributions to our understandingoaftéghe
Modelingdesign, and will likely influencéuture iterations of this measure, they are unable to
inform questions about classroom instruction across the entire sample of tdashledsscuss
this issue further when | address research question two, but here | will just note that without this
measure it would be unclear what theory we are testing with the random assignment. This
measure wilcontribute to our understandinganty differences, or lack of differences, between

children in the intervention group and children in the comparison group.
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Table 16: Summary of research question 1 discussion

Support Challenges
¥ Item scores inform 1 Day Observations
Measurement construct map Unable to link particular
System ¥ Indexes students, teachers, interactional turns
Content and content
Unit specific concepts
Framed observations for Live observations change
teachers classroom contexts
Observation ¥ Observers trained to not be Teachers still viewed
Process coaches observations as performance
¥ Rater agreement Teachers not involved in
process
¥  Wright Map Noisy classroom estimates
¥ Acceptable Fit Statistics Sparsely populated
Internal ¥ |tem scores positively categories at levels 3, 4, anc
Structure correlated with total score 5
Student TallandDiscussion
Questionitems
¥ Agreement with coach Some coach distinctions are
Relationships judg_r_nents _ _ inv!sible to the measure
¥ Positive relationships Unit 3 not related to student

with External

between most unit

post test measure

Data observation scores and
student post test measures
Measurement Informed PD
Informs the nature of the
Consequences

realized intervention

Research Question Two
What do we learn about differences in classroom instruction with such a measurement
system?
As | said before, this measurement system is the primary source of evadé¢neaature
of instruction inData Modelingclasses. Anyone that has worked with teachers knows that some
teachers will make use of the instructional designs and teaching strategies in powerful ways

while others will use the tools, but in more supeafievays. With this measurement system |

have attempted to make explicit the characteristics that constitute Opowerful® and Osuperficial,O



as well as point in between. In doing so, | have provided empirical evidence of classroom
instruction that is rootechithe underlying instructional theories guiding the design.

The logitscale estimated by the measurement model suggested that the differences
between the qualitative states of the construct map are not all equal. First, the difference between
level 1 and level 5 items on the map was over four lo§dsut this into perspeive, Ms. West
would have a 97% chance of beingrgzbon antem at the first levedf the construgtbut only a
39% chance at the highest lev@ince this is a logarithmic scale the probability shifts from the
bottom to top levels are not the same at all points on the scale. Mr. North, by comparison, had a
99% change of being scored on a level 1 item, which is similar to Ms. West. Howevet, he stil
had a 70% change of being observed on an item at the highest level. Ms. WestOs score was just
below the average classroom score, so this is a shift that is representative of a number of
observations. Mr. West is representative of classroom scoreshagjtiest end of the distribution
in this sample. The lowest classroom score in this sample2ni& This classroom would have
a 77% chance of being scored on at least level one for items that include this level, but only an
8% chance of being observed mmbat the highest level for items stretching to levélthough
the changes in probabilities are much more extreme at the lower levels, it is clear that the
distance between solely implementing the tasks and materials and using them to talk about the
ideas in intended ways is a significant one.

The diffeence between the average levéhreshold and thaveragdevel 2 threshold
was 1.3 logits, and the difference between levels 2 and 3 was 1.32. This suggests that the
differences can be thought of ay similar. So the difference between a class only using
materials and a class beginning to support student discussion is similar to the difference between

starting a class discussion, and facilitating a conversation that talks about key ideas without
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addessing their epistemic underpinnings. If you thought of this as the work it takes at a teacher
to move the class to each level this shows that even at the bottom levels of the construct map it
takes significant teacher work to make these shifts.

The difference between level 3 and 4 was .55 logits, and between 4 and 5 was .49. This
might suggest that the hardest work for a teacher is in getting the ideas on the table, and once out
it is not as difficult to get kids to talk about them in productive welgsvever, we should be
very careful about this interpretation because of the number of thresholds with large standard
errors. In fact, the distance between level 3 and level 5, 1.04 logits, is very similar to the
distances at the lower levels. It is possiblat it is easier to get kids to begin to talk about the
epistemic implications, but it is still very challenging to get them to talk about the epistemic
implications in a robust way. In unit 1 this would represent the difference between talking about
anidea like scale (level 3), talking about what scale shows about the data (level 4), and talking
about what scale can show and hide about the data (level 5). In units two and three it is the
difference between talking about a statistic (level 3), begiroinglk about talking about a
statisticOs replicability or generalizability (Level 4), and building correspondences between the
statistics and different distributional states to talk about replicability and generalizability (level
5). And in unit 5 this rpresents the difference betweaftking about different sample sizes of
trials (level 3), the effect of changing sample size on the center of a sampling distribution (level
4), and the effect of the changes on both the center and variability of a sadmglifogition
(level 5).

| have been talking about the item level thresholds in terms of the average threshold for
each level, but these estimates also suggest that the distances between levels are not the same for

all items. Consider the iScale and than$pleSize items. The level three threshold for iScale is



.168 logits and forSampleSize is1.14. This suggests that it is much easier to support students

to talk about differences in sample size in unit 5 than scale in unit 1. However, once students are
talking about scale it is much easier to get them to discuss what scale shows and hides about a
distribution, which has a threshold of .684, than to move a discussion of sample size into a
conversation about the effects of sample size on the center aatoilitgrof a sampling

distribution, which has a threshold of 1.305. This is very important to consider when supporting
teadhers. Sometimes it is easy td ge idea on the table, but difficult to move beyond initial
conceptions. On the other hand, somesithe idea itself is difficult to begin a conversation

about, but once students see it they can much easily develop a more robust understanding of it.
Often times professional development talks about the development of a mathematical idea in
domain geneladerms, which ignores these important distinctions for teachers.

In addition to the differences between individual items, there were noticeable
differences from unit to unih the classroom estimates. As | reported in chapter 4, unit 1 whole
class disussions resembled our intentions much more than units 2, 3, and 5 on average. This
pattern held true for most teachers in the stitl.West, for example, had a classroom estimate
in unit 1 of-.12, but had estimates ©64,-.76, and-.39 for units 23, and 5 respectively. This
again points to the effect of content domainstclassroom instruction. Thdeas in unit 1 were
much more accessible to teachers, which made it easier to support a class discussion about them
(although still hard work!). On thether hand, statistics and probability proved to be more
difficult concepts to grasp, which made instruction more challenging.

Due to these kinds of variability it is difficult to characterize the realxatd Modeling
instruction in the interventionasses in general terms. It is clear that éxperiment can not be

called a test of thBata Modelingnstructional theorgince so few students were given
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opportunities in units 6 and 7 to model sample to sample variability and make inferences in light
of this variability. While there was great variability in the fidelity of implementation irDiiz
Modelingclasses, on averaggssons irunit 1 were more faithful to the intentions of the design
than in the lessons in the later unsen in unit 1though, classes talked alhavhat design

choices Bow about the data much nmeocoften than what the choicdsosv and hide. Instruction

in unit 3resembled the intentions of the design thet)empecially in the first yeakany

classes did not even buigdshared understanding of the concept of variability as a measurable
attribute.

The coefficents that | reported in table $dggest a consistent, if not always statistically
significant, positive relationship between the variability in classroom ingiruand the
variability in student outcomeuring the first year of the studyhis is particularly noticeable
for the models using corresponding subscales as outcome measures and pretest covariates. In
units 1, 2, and 5 a oregit change in the fidelftscale $ related to significant changethe
student outcome subscales, .16 logits in unit 1, .17 in unit 2, and .29 in unit 5.

All together, these findings shed new light on the cost of improving instructional quality
at a large scale. In this studse provided materials, software, and ongoing professional
development and coaching. All of these are extremely expensive and tequieohighly
trained professionals. Even with these resources there were many classes where observers had a
low probabilty of observing items that are higher on the construct map. These resources
successfly supported most of the teachers to make use of the materials and to begin to engage
students in conversations around the materials. However, if we think that wewanilchore
than a 50% chance of observing an average item at the higher levels then it is clear that there is

much work left to do.
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Future Work

This study leave much work to be doneh& sample in this study is less than desired, so
it will be importantin the future to collect measures on more samples to add to the model. This
will provoke additional iterations and refinement to the scoring rules in this Sthidyis
especially true in the case of unit specific items at lev@®Bthe construct maptOs likely that
additional data will give a clearer picture of how to improve measurement at these levels.

Additionally, this kind of measurement should be conducted in other mathematical
domains. Is it true that the differences in levels observednadddor, say, irrational number?
What about geometry and spad®l similar instrumentation be productive, or are there new
demands in these contexts that would require an entirely new §Gtnctlassroom work
products be more successfully incorporategd the measurement syste@@estions like these
are important to address orderto build a better understanding of the OdistanceO between
qualitatively different states of instructional quality across content domains.

More work should also be donetty and quantify the resources needed to move along
particular levels of the fiddlr construct map. Clearly you laiast need to produce the materials
to move intahe first level, which ig nontrivial costin itself. The resources we deployed in this
study were successful to move the center of the distribution of class estimates to the same area of
the scale as the level three items, but itOs not cleardditibnal resources are needed for
additional movement. Timis likely one additional resource, and one that should be studied
more in the future.

Last, future work is needed to identify ways to make the measurement system and the
data it can produce to support teachers to think about their own practice. | ameabiagc

representations of the construct map at each level with video examples of instruction at the



different levels. | am also coordinating these representations with the tools designed to support
teacher practice, such as Erin PfaffOs discourse rfiRiaés2013) In the future | plan on

studying the ways this kind of representation can support teachers as they collaborate with one
another, coaches, and researchers. Many current representations of teaching practice are at the
extreme ends of a scalethar exemplary practice or poor practice. | see this as a productive
framework for representing practice along a trajectory in order to support teachers to think about
moving incrementally towards an ideal goal, but also being able to track progresthealoray.

This study shows that it is possible to use a measurement framework to study classroom
practice from a fidelity perspective. By explicitly representing program theory, mapping this
theory onto an observable measurement system, and modelingémeeabdata to estimate a
measurement scale, | believe that this study is an example of how a construct modeling approach

to fidelity measurement would move this field of work forward.
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Appendix B
Unit Specific Construct Maps of Instructional Practice

Unit 1
Level | Practice Example
5 Teacher selects and juxtaposes contrasting | The teacher could ask many of the questions from uf

examples based on the DaD and MRC constri
that span the levels£ of DaDand levels 13 of
MRC. Teacher questions and strategies, such
tracing data cases between displays, help
students notice the relations between the big
ideas of the unit.

1) Discuss how the data is ordered in display

2) Discuss the scale of the displays

3) Discuss how the data is grouped in displa

4) Discuss what displays show

5) Discuss what displays hide

6) Discuss the effect of design choices on th
shape of data

1, but in addition leads the class to constuaw these
principles are related to changes in the shape of the
and to what the displays show and hide about the da
They might use questions similar to the ones below t
help students make these connections.

1) OWhat is misleading about thispiay? Why?0

2) OWhat does this display show that the other one
hide? What choices help to show this?0

3) OWhere is this data point on the other graph?0

4 Teacher selects displays to be shared based { Teacher might ask questions such as the following
the DaD construct that span leveld.ZThe without any coordination between the implications of
class talks about these design principled different display features:
begins to address the epistemic implications. | 1) 0JayOs group put their data in order, but some (

not. Do you think this is an important difference?
1) Discuss how the data is ordered in display 2) Of no one measured 145, do we need to have it
2) Discuss the scale of the displays our graph?0
3) Discuss how the data is grouped in displa| 3) OSome grouped their data by tens, while others
4) Discuss how design choices determine th by fives. Which do you like better?0
shape of the data. 4) ODoes anyone see a trend in this graph?0

3 Student invented methods are seen as an Teacher might asguestions such as the following:
instructionalresource to promote key
concepts such as: 1) Which d these displays ordered thelmta?

2) How did this display group the data?
1) Discuss how the data is ordered in display 3) Does this one have scale?
2) Discuss the scale of the displays
3) Discuss how the data is grouped in displa

2 Student invented displays are seen as an| Teachers ask questions and press students to elabo
instructional resource to support student their thinking while studentalk about the invented
discourse. displays. However, the conversation does not addreg

ideas about scale, order, grouping, or what the displd
show and hide.

1 Student inventedisplaysare seen as an Teachers make use of the following tasks:

instructional resource.

1) Collecting repeated measures data
2) Inventing data displays
3) Display review
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Unit 2

Level | Practice Example
5 Teacher selects and juxtaposes contrasting | Teacher uses any of the questions given in the level 4
studentinvented methods and leads a whole | examples, but imddition might ask questions similar to
classdiscussion that gives students the the following:
opportunity to think about the concepts from
level 3 on the Conceptions of Statistics constr| 1) OWe have seen that the mode and the median use
map, but also works to establish the relationsh different parts of the data. Modo these different
among the different measures. approaches affect our Obest guess®?0
(1) What is important to consider in measurin| 2) OThe mean, median, and mode all use different par
the Obest guessO of a group of repeated the data to measure precision. What are the
measurements. advantages and disadvantages of each approach?
(2) The type of thinking behind each measure 3) OWhat happens to the mean is the largesturezasnt
There should be examples of agreement is much larger than the rest of the data? The medis
(mode), center (median), and fair share The mode?0
(mean). 4) OWhen we look at the different ways to measure Oh
(3) The clarity of each measure guessO, which seems to give the best indication of
(4) The generalizability of each measure actual length? Why do you think so?0
(5) How eachmeasure corresponds to change
in distribution
4 Teacher selects studentzented methods to be| The teacher might ask any of the questions the followir|
shared and leads a whole class discussion to| but in a manner that does not establish the relationship
guide students to consider one or more of the| between the measures.
principles of measuring centdrhe class begins| 1) OWould this statistic be a good indication of our Obg
to discuss the epistemic implications of the guessO of the actual length?0
ideas. 2) OWAhat does the mode focus on about the data? Is th
(1) What is importanto consider in measuring| good or bad? Why?0
the Obest guessO of a group of repeated | 3) OIf everyone in the class followed these directions
measurements. would we all get the same answer? Why is this so
(2) The type of thinking behind each measurg important?O
There should be examples of agreement | 4) Ols there a scenario when this method might give ug
(mode), center (median), and fair share | misleading Ots¢ guessO measure?0
(mean). 5) OWhere in the data would this statistic be?0
(3) Thereplicability of each measure
(4) The generalizaility of each measure
3 Student invented methods are seen as an Teacher might asfuestions such as the following:
instructional resource to promote key . ]
concepts such as: 1) Glow did john calculate his meth8® )
2) OCan everyone understand this method?0
4) Mean 3) ODid Jane do the median right?0 )
5) Median 4) OWhat are the steps to calculating the mean?0O
6) Mode
2 Student invented statistics are seen as an Teachers ask questions and press students to elaboraf
instructional resource to support student | their thinking while students talk about the invented
discourse. statistics However, the conversation does notradd
ideas aboutnedian, mean, mode, generalizability,
replicability, or correspondence to distribution.
1 Student invented statistics are seen as an

instructional resource.
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Unit 3

Level | Practice Example
5 Teacher selects and juxtaposestrasting | Teacher uses any of the questions given in the level
studentinvented methods and leads a whq examples, but in addition might ask questions similar
class discussion that gives students the | the following:
opportunity to think about the concepts fr¢ . .
level 4, but also works to establish the 1) OThe range, IQR, and average deviation all use
Iatior%shi s amond the different measure different parts of the d.ata to measure precision. Wha|
re P 9 the advantages and disadvantages of each approach
o o 2) OWhat does a measure of zero tell you about the
(1) What is important to consider if you are using the range? The IQR? The average
measuring precision of a group of deviation?0
repeated measurements. 3) OWhen we look at the difent ways to measure
(2) The type of thinking behind each precision, which seems to give the best indication of
measure. There should be examples ¢ how’much our data tends to agree? Why do you thin
range, center clump (IQR), and $0?0
deviation from a measure of center.
(3) The scale of each measure.
(4) The clarity and generalizabijitof each
measure
(5) How each measure corresponds to chang
in distribution
4 Teacher selects studentzented methods to be| Or the teacher might ask any of the questions the
shared and leads a whole class discussion to| following, but in a manner that deeot connect the
guide students to considem@®or more of the student inventions to the mathematical concepts beh
principles of measuringariability. The class each type of measure and does not establish the
begins to discuss the epistemic implications o] relationships between the measures.
the ideas.
(1) What is important to consider in 1) OWould this statistic be a good indication of how
measuring precision of a group of much our measurements tend to agree?0
repeated measurements. 2) OWhat part of the data does this statistic use?
(2) The type of thinking behind each 3) What does it mean if Fhis statistic is zero?
measureThere should be examples of 4) OWhat happens to this measure as the data gets
spread out?0
range, center clump (IQR), and
deviation from a measure of center.
(3) The scale of each measure.
(4) The clarity and generalizability of each
measure
3 Student invented methods are seen as an Teacher might asguestions such as the following:
instructional resource to promdtey . )
concepts such as: 1) Gow did john calculate his meth@d )
2) OCan everyone understand this method?0
7) Range 3) ODid Jane do th@R right?0 _ )
8) Center clump measures (i.e. IQR) 4) OWhat are the steps to calculating#mgeO
9) Deviation Measures
2 Student invented statistics are seen as an Teachers ask questions and press students to elabol
instructional resource to support student their thinking while students talk about the invented
discourse. statistics. However, the conversation does not addre
ideas aboutange, center clump, deviation
generalizability, replicability, or correspondmnto
distribution.
1 Student invented statistics are seen as an

instructional resource.




Appendix C
Data Modeling Observable Segment Variables
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Was the relationship between sample size and variability in estimates
talked about?

Did students create or talk about a sampling distributions?

Is the center statistic interpreted as an estimate of the probability of
the generating device?

Is the variability statistic interpreted exolicitly as an estimate of the
sample to sample variability?

Did the teacher help students make sense of the models meaning,
and of the relationship between model and output?

Did the class explicitly discuss model fit?

Did the class talk about a distribution of generated data?

Did the class explicitly talk about the sources of variability reflected in
the random components?

Did the class explicity discuss the meaning of the non-random
component?

Is a center statistic used to create a sampling distribution?

Is a variability statistic used to create a sampling distribution?

Did the teacher help students make sense of the models meaning,
and of the relationship between model and output?

Did the class talk about the model generated sampling distribution of
the median?

Did the class talk about the model generated sampling distribution of
the IQR?

Did the class compare the median of the new data to the sampling
distribution of the medians?

Did the class compare the IQR of the new data to the sampling
distribution of the IQR?

Did the class use regions of the sampling distrubution to guide
inference?

Did the class quantify regions of the sampling distribution to guide
inference?
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Appendix D
Classroom level variables

Variable Question Units | Options
Did the class use tinkerplots? 1,2,3,|Y N N/A
4,5, 6,
7
Did this class have a right/wrong orientation to mathematicg 1, 2, 3, | Y N N/A
4,5, 6,
7
Did the teacher primarily lecture? 1,2,3,|Y N N/A
4,5, 6,
7
How would you characterize this class on the construct mag 1, 2,3, |1, 2,3,4,5
4,5, 6,
7
Did the students use repeated measures data? 1,2,3|Y N N/A
Did the teacher give students the opportunity to invent befol 1,2,3 | Y N N/A
the whole class discussion?
Was there diversity in studemvented methods? 1,2,3 |Y N N/A
Did the teacher give students an opportunity to try out the | 2 Y N N/A
statistics before discussing them?
Did the class have a shared understanding of a measure of| 2 Y N N/A
center as the "best guess" of the true length of the attribute
measured?
Wasa "fair share" interpretation of the mean discussed? 2,4 Y N N/A
Was a "balance" interpretation of the mean discussed? 2,4 Y N N/A
Did the teacher provide distributions with visibly different 3 Y N N/A
variability for the students to use the statisticedmpare?
Did the classhave a shared understanding of precision as "{ 3 Y N N/A
extent to which the measurements agree?"
Was a count of a data point in the center clump discussed?| 3 Y N N/A
Was the percent of data in a center clump discussed? 3 Y N N/A
Was a quantification of center clump other than middle 50% 3 Y N N/A
discussed?
Did the students use statistics of center on repeated measu 4 Y N N/A
data?
Did the students use statistics of center on production proce 4 Y N N/A
data?
Did the students use statistics of center on natural variation| 4 Y N N/A
data?
How did the class interpret statistics of center when used ot 4 Field
repeated measures data?
How did the class interpret statistics of center when used ot 4 Field
production procesgata?
How did the class interpret statistics of center when used ot 4 Field
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natural variation data?

Did the students use statistics of variability on repeated Y N/A
measures data?

Did the students use statistics of variability on production Y N/A
process data?

Did the students use statistics of center on natural variation Y N/A
data?

How did the class interpret statistics of variability when useg Field

repeated measures data?

How did the class interpret statisticsvairiability when used or Field

production process data?

How did the class interpret statistics of variability when useg Field

natural variation data?

Did students work independently or in small groups to run tk Y N/A
simulations?

Did theteacher run the simulations on a computer in front ot Y N/A
whole class?

Did the class have a shared understanding of probability as Y N/A
ratio of target outcomes to all outcomes?

Did the teacher support students to coordinate thedreitita Y N/A
empirical probability?

Did the class create sampling distributions of the proportion Y N/A
desired outcome?

Did the class discuss the inteligibility of a model? Y N/A
Did the teacher run the models on a computer in frotiteof Y N/A
whole class?

Did the class discuss the difference between the constant a Y N/A
randodm components of a model?

Did the class create sampling distributions of a measure of Y N/A
center?

Did the class create sampling distributiafis measure of Y N/A
variability?

Did the class create a "bad model"? Y N/A
Did students compare a measure of center from a new sam Y N/A
a sampling distribution of a measure of center?

Did students compare a measure of variabitityn a new Y N/A
sample to a sampling distribution of a measure of variability|

Did students quantify a region of the sampling distribution tk Y N/A

defines the difference between chance fluxuations and real

difference?
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Appendix E
Each itemgets one score for an observation. Items scored at the segment level will use the
highest score observed more than once.
Unit GeneraPolytomous Items:

Iltems About Student Participation:

Iltem 1 How did students talk about their inventions?

sProcedurat sConceptual*2

¥ 0 = Students did naalk conceptually or procedurally

¥ 1= Students talkednly procedurally about their inventiofsID 2)

¥ 2= Students talked conceptually about their invent{&tb 3)

¥ 3= Students talked both procedurally and concefgtahout their invention$FID 3)
(Codes 2 and 3 are combined)
Items about Teacher Strategies

Item 2 How did the teacher use discussion questions to promote a conversation about invented
methods?

(Discussion Questions) + (Discussion Questions*Press)
¥ 0=Teacher did not use DQ
¥ 1 =Teacher useQ to talk about invention&ID 1)
¥ 2 =Teacher useldQ and pressed kids to explain their think{#dD 2)

ltem3; How did the teacher make use of the invented methods?

Initial select
¥ 0 = Teacher did not seledisplays to be discussed
¥ 1 = Teacher selected displays to be discu@skal 2)

Item 4 Did the teacher compare different methods for displaying data?

Compare + (Compare*Connect to others)
¥ 0 = Did not compare
¥ 1 = Teacher compared different wayslisplay datgFID 4)
¥ 2= Used comparison twonnect differenstudenideas(FID 5)



Unit 1 Polytomous Items:

Item 5 How were student inventions used to support scale?

iScale +(ScaleiShow) + (ScaletHide*2)

¥

K K K K

0 = Scale not talked about

1 = Inventions were used to talk about scale (Fid 3)

2 = Inventions were used to support a discussion about what scale shows (Fid 4a)

3 = Inventions were used to support a discusalmput what scale hides (Fidl 5

4 = Inventions were used to support a dsgion about what scale shows and hides (Fid
5)

(Codes 3 and 4 combined into same level)
Item 8 How were student inventions used to support Grouping (Class)?

Grouping+ (iGroupingiShow) + (GroupingiHide*2)

K K K K K

0 = Grouping not talked about

1 = Inventionswere used to talk about Groupi(fgiD 3)

2 = Inventions were used to support a discussion about what Grouping ($hDwka)

3 = Inventions were used to support a discussion about what GroupingFi0es)

4 = Inventions were used to support a discussion about what Grouping shows and hides
(FID 5)

(Codes 3 and 4 combined into same level)
Item 7 How were student inventions used to support Order?

iOrder + {OrdertiShow) + {Order*iHide*2)

K K K K K

0 = Order not talkedbout

1 = Inventions were used to talk about Or(fdD 3)

2 = Inventions were used to support a discussion about what Order @Hbwta)

3 = Inventions were used to support a discussion about what Orde(fiDeb)

4 = Inventions were used to support a discussion about what Order shows ar{éiBides
5)

(Codes 3 and 4 combined into same level)
Iltems From Summary Variables:

Iltem8: What was the context of the data?

Summary variable asking about data context

¥
¥

0 = Not Repeated Measure
1 = Repeated Measu(EID 1)
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Unit 2 Polytomous Items:

Item 9 How were student inventions used to support mode?
Mode + (*Mode*ReplicabilityORGeneralizability) + (*Mode*Link to imagined or visible
Dist*2)
¥ 0= Mode not talked about (NL)
¥ 1= Inventions were used to talk about calculating mode (Fid 3)
¥ 2= Inventions were used to support a discussion about the replicability or
generalizability of Mode (Fid 4a)
¥ 3= Inventions were used to support a discussion about how Mode corresponds to
distribution (Fid 5)
¥ 4= Inventions were used to support a discussion about how Mode corresponds to
distribution in order to interrogate the measureOs replicability or generalizability (Fid 5)
(Codes 3 and 4 combined into same level)
Item10: How were studentventions used to support Median?
Median + (* Median *ReplicabilityORGeneralizability) + (* Median *Link to imagined or
visible Dist*2)
¥ 0 = Median not talked about (NL)
¥ 1= Inventions were used to talk about calculating mode (Fid 3)
¥ 2= Inventions were sed to support a discussion about the replicability or
generalizability of Median (Fid 4a)
¥ 3= Inventions were used to support a discussion about how Medi@sponds to
distribution (Fid 5
¥ 4= Inventions were used to support a discussion about howakledrresponds to
distribution in order to interrogate the measureOs replicability or generalizability (Fid 5)
(Codes 3 and 4 combined into same level)
Item 11 How were student inventions used tpgort Mear?
Mean+ (* Mean*ReplicabilityORGeneralizabity) + (* Mean*Link to imagined or visible
Dist*2)
¥ 0 =Meannot talked about (NL)
¥ 1= Inventions were used to talk about calculatean(Fid 3)
¥ 2= Inventions were used to support a discussion about the replicability or
generalizability oMean(Fid 4a)
¥ 3= Inventions were used to support a discussion aboutMeancomrresponds to
distribution (Fid 5
¥ 4= Inventions were used to support a discussion aboutMeamcorresponds to
distribution in order to interrogate the measureOs replicability or gealeifajiz Fid 5)
(Codes 3 and 4 combined into same level)
Items From Summary Variables:

Item 12 What was the context of the data?
Summary variable asking about data context

¥ 0 = Not Repeated Measure
¥ 1 = Repeated Measu(elD 2)
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Unit 3 Polytomous Items:

Item 13: How were studerinventions used to support rarye
Mode + (irangé€ReplicabilityORGeneralizability) + {fangeLink to imagined or visible
Dist*2)
¥ 0 =Rangenot talked about (NL)
¥ 1= Inventions were used to talk about calculaiRange(Fid 3)
¥ 2=Inventions were used to support a discussion about the replicability or
generalizability oRange (Fid 4a)
¥ 3= Inventions were used to support a discussion abouRangecomresponds to
distribution (Fid 5
¥ 4= Inventions were used to support a disaussibout howRangecorresponds to
distribution in order to interrogate the measureOs replicability or generalizability (Fid 5)
(Codes 3 and 4 combined into same level)
Item 14 How were studentniventions used to support center clump measures (i.e?IQR)
Median + (*icenterclump*ReplicabilityORGeneralizability) + (fcenterclumpLink to
imagined or visible Dist*2)
¥ 0 =Center Clumpmot talked about (NL)
¥ 1= Inventions were used to talk about calculattenter ClumgFid 3)
¥ 2= Inventions were used to support a discussion about the replicability or
generalizability ofCenter ClumgFid 4a)
¥ 3= Inventions were used to support a discussion abouCenter Clumgonresponds to
distribution (Fid 5
¥ 4= Inventions were used to qugat a discussion about hd@enter Clumpgorresponds to
distribution in order to interrogate the measureOs replicability or generalizability (Fid 5)
(Codes 3 and 4 combined into same level)
Item 15 How were student inventions used tpgort deviatiordbased measures
Mean+ (* ideviation*ReplicabilityORGeneralizability) + (fdeviation*Link to imagined or
visible Dist*2)
¥ 0 =Deviationnot talked about (NL)
¥ 1= Inventions were used to talk about calculabayiation(Fid 3)
¥ 2= Inventions were used tomoort a discussion about the replicability or
generalizability oDeviation(Fid 4a)
¥ 3= Inventions were used to support a discussion abouCewationcoresponds to
distribution (Fid 5
¥ 4= Inventions were used to support a discussion aboutewationcorresponds to
distribution in order to interrogate the measureOs replicability or generalizability (Fid 5)
(Codes 3 and 4 combined into same level)
Items From Summary Variables:

Item16: What was the context of the data?
Summary variable askgnabout data context

¥ 0 = Not Repeated Measure
¥ 1 = Repeated Measu(elD 1)
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Unit 5 Polytomous Items:
Item 17: Were Theoretical and Empirical probability discussed?

Theoretical probability*empirical probability
¥ 0 = Theoretical and Empirical probabilitptrelated
¥ 2 = Theoretical and empirical probability related (FID 3)

Item 18: How did the students use sampling distributions of the outcomes of experiments?

Sampling distributions + (sampling disctributions*center stats) + (sampling distributions *
variability stats*2

¥ 0 = Did not create sampling distributions

¥ 1 = Sample distributions created, but not statistics used to interpret them (FID 2)

¥ 2 = Center stats used to interpret sampling distributions (FID 4)

¥ 3 = Variability stats used to interprmpling distribution (FID 5)

¥ 4 = Both center and variability stats used to interpret sampling distribution (FID 5)
(Codes 3 and 4 combined)
Item 19: Did the class discuss the relationship between sample size and the sampling
distributions?

Sample Size tSample Size¢enter stats) + (sample sizariability stats*2)

¥ 0 = Did not talk about sample size

¥ 1 =talked about sample size

¥ 2 =talked about relationship between sample size and center stats

¥ 3 =talked about relationship between sample size and vdyiabits

¥ 4 = talked about relationship between sample size and both variability and center stats
(levels 3 and 4 combined)
Items From Summary Variables:

Item 20:Did the class have a shared understanding of probability as the ratio of target outcomes
to all outcomes?

Item 21: Did the teacher support students to coordinate theoretical with empirical probability?
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