





Simplified Scoring

Simplified Scoring of Performance Activities: Comparing Assessment Stories from
Complex and Simple Scoring Approaches

Introduction
The benefits of meaningful adng rubrics have been widelguded by the educational and
research communities (Adams, Wilson, & V997; National Research Council, 2001a, 2001b),
but implementing such approashin the classroom can Baunting for teachers (Herman,
Osmundson, Ayala, Schneider, & Timms, 2086we, 1997). Teachers are being asked to
embed formative assessment activities into tlegjular classroom practice, perhaps as often as
every week, to better track student progress@diagnose student neettdeally, feedback to
students should happen as soop@ssible, while students are kkdarning the concepts that
were assessed (Black & Wiliam, 1998a, 1998When these activities require complicated
scoring of constructed responses, sometimeasautiple dimensions, the time required to read
and evaluate student work may prevent teachens feaping the benefiteat could be obtained
from the additional information.

Advances in assessment theory and measutde@miques have made it possible to model
complex multidimensional trajectories of student change. We can use these new techniques to
design rich assessment tasks that elicit evidehsach change, and to construct measurement
models to draw valid and reliable inferencemsrirthat evidence. Between the delivery of these
assessment tasks to students and the calcutdtimoficiency estimates lies the process of
transforming student work into the evidence frefmch these inferences can be drawn. Quite
often, particularly with performance-basadtivities, that evaluation process cannot be
automated, nor do we want it to be. Reading) @valuating student woik not only useful for

the formative feedback it can generate for stisideachers also benefit when they reflect on
how they might improve the alignment of insttion with curriculargoals and on techniques
they might use to develop their studentstacegnitive skills (Herman, Osmundson, Ayala,
Schneider, & Timms, 2005).

This study proposes that by starting with a dethgcoring rubric describing responses that
differentiate several levels &howledge, one can align individuagins to specific levels on that
rubric, and then use a simplerdh-point scale to score studerdrk. The three scores simply
indicate whether a response meets the targeted level, misses it, or exceeds it. If this simplified
scoring approach provides nearly as much useful formative information as the more complex
approach, teachers will have a technique to expéue evaluation of student work and provide
meaningful feedback to studsnh a more timely manner.

We are mindful here of distinguishing betweenchometrically optimal assessment data and
practically useful data. Assessment data are the outcome of a complete assessment delivery
system as defined by Almond and his colleagagea four-process model (Almond, Steinberg, &
Mislevy, 2002) that includes administeringthssessment, gatherirggponses, scoring the
responses, and summarizing and analyzing sgorese scores. The concept of data-driven
decision-making is tied to the capability eathers (and students) to use assessment data to
draw inferences about what each student knolasive to curricular goal and to take action
based upon those inferences (NSSE, 1998). Practicsgiyl data provideliable inferences
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about student knowledge that can informdleeisions teachers and students make about
instructional “next steps.”

The three-level scoring rubrioasidered in this study could beplied to assessment items in
many domains. Here, it is used to evaluatens@eontent knowbtge and science inquiry skills.
The rubric is applied to both embedded assessawntinities that are, tetudents, a normal part
of day-to-day classroom activiieand to a summative end-of-unit test. Use of the rubric requires
an underlying concept of learning development taait be described in distinct categories of
responses that progress from exhibiting “less'more” knowledge. In addition, the levels must
be linked to specific instructionahits. This is necessary so tladividual items can be aligned
with targeted learning objectives along that cmnim and student work can then be interpreted
to provide feedback that has a specifid d@irect impact on learning (Kennedy, 2005). The
interpretation of students’ scores is facthté by the use of a software program, GradeMap
(Kennedy, Wilson, & Draney, 2005), that produgeaphical reports aftudent status and
progress using multidimensional item respongethod (MIRM) proficiency estimates.

This paper compares the assessment stories that can be told using a complex multi-level scoring
approach in which responses to each itenaasgned a score along thetire rubric with an

approach that evaluates resporsgsimply “on target,” “needselp,” or “advanced.” We think

of an assessment story as a description @ft\&tparticular student (or a group of students)

knows and can do at a particular point in timd ahat this implies about next steps for the

student (or students). The gualand usefulness of thatory depend upon the kinds of

inferences that can be drawn from the evidence. The learning theory, the measurement model
that operationalizes that theory, and the validity and reliability of the resulting measures all
contribute to the qualitgf the assessment story. Each @sth factors is explored for the two

scoring approaches in this study.

Data
This study is part of an NSF-funded CentersAssessment and Evaluation of Student Learning
(CAESL) project (NSF grant ESI-0119790; i¢e=dy, Brown, Draney, & Wilson, 2005)
including researchers from the University of Gaiifia at Berkeley, UCLA, Stanford University,
and WestEd. Constructs, formative and summassessment activities, and scoring guides, or
rubrics, were developed by project team meraljor use in a unit on Buoyancy from the
Foundational Approach to Science Teaching (FAST) Physical Science curriculum(Pottenger &
Young, 1992). We refer to the project as “CAESL/FAST” in this paper.

Five assessments were administered irdAESL/FAST project: a @test, three embedded
formative assessment activities, and a post Tést.embedded activities were referred to as
“Reflective Lessons” in the curriculum and arentified as “RL4,” “RL7,” and “RL10” in this
study. The pretest data were not included endirrent study because a pretest is not usually
administered with the curriculum; our intentionthe current study is tevaluate the use of
different scoring rubrics in a standard slasm implementation of the curriculum. The
embedded assessment activities were in-clasackidties; the assessment component involved
students answering open ended goestabout their experience they worked through the labs.
Each included a graph interpretation item, @dpt-observe-explain iteran essay explaining
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why objects sink or float, and a challenge predlzserve item that addressed concepts to be
taught in the next lesson.

Data were gathered from students in thirt€atifornia middle schools the 2003-04 school
year. Eight of the original thirteen teachers wadvke to provide complete data from all of the
summative and formative assessmentsafttal of 194 students for this study.

Methods
Scoring
Four project researchers scored all of the studerit for this project. They met periodically to
establish standards for scoring responsesconaistent manner. For the current study, we
assume that raters scored consistently. A studytef-rater reliabilityis currently under way.

Two scoring guides were used for this study,fitst a six-category rubrifor scoring responses
dealing with content knowledgout buoyancy, referred to ag ttwhy Things Sink and Float”
(WTSF) progress variable, and the second a gegcay rubric for scoring the type of reasoning
students exhibited in their respessreferred to as the “Reasugii progress variable. These two
scoring guides are shown in Figures 1 and 2hEaw contains information about a level of
knowledge or skill, from less sophisticated a bHottom to more sophisticated at the top. The
left column contains the scores teachessgasto responses, the center column contains

Progress Variable: Why Things Sink and Float

Level What the Student Knows Example Responses
RD Relative Density “An object floats when its density i
Student knows that floating dependstmving less density than the medium| less than the density of the medium.”
D Density “An object floats when its density i
Student knows that floating depis on having a small density. small.”

Mass and Volume . . . .
An object floats when its mass is

Mv Student knows that floating deperashaving a small mass and a large small and its volume is large.”
volume.
Mass Volume “An object floats when its mass is
M v | Student knows that Student knows that floaty depends on having p Small-”
floating depends on large volume. “An object floats when its volume ig
having a small mass. large.”

MIS Mlsconcep'tlon . ) ) ) | "An object floats when it is small.”
Student thinks that floating depends on having a small size, being flat, fllled“An object floats when it is flat.”

with air, or having holes.

Off Target .
oT ) ) “I have no idea.”
Student does not attend to any propertfeature to explain floating.

Figure 1.Six-category scoring guide for the Why Things Sink and Float progress variable for the
CAESL/FAST curriculum.
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Progress Variable: Reasoning to formulate an explanation

Level What the Student Knows Example Responses
p Principled “An object floats when its mass is
Student uses an explicit principleatrapplies to objects in general. small.”
Relational
R Student uses a specific relationshipvnich the object, the property, and | “It floats because its mass is small.”

the magnitude of the property (e.g., more vs. less) are all clear.

Unclear Relational

u Student uses a specific relationship in which either the object, the prop
or the magnitude of the property (e.g., more vs. less) is not clear.

“It floats because of its mass.”
ar‘tM’ﬂoats because it has less.”

Experiential
L . ) ) . . “It floats because | have a bar of soap
E Student justifies their answer by apliegto prior experience, in the form | |ixe that at home and it floats.”

of a personal observation or an authoritative source.

Inadequate Explanation

IE Student either restates their answer as an explanation, or simply asser
their answer is correct.

“It floats because it floats.”
s“lih{ﬂt ; ”
tfloats because | know it does.

Off Target .
oT . . . “I have no idea.”
Student cannot or does not giveexplanation for their answer.

Figure 2.0riginal scoring rubric for the Reasoning progress variable for the CAESL/FAST
curriculum.

descriptions of the knowledge eklied at that level, and theghit column provides an example
of a response at that level. The samelgsiiwere used to evaluate all items.

The researchers evaluated each response and assigned a score from each of the two scoring
guides, one score on the WTSF progress varialle one on the Reasoning progress variable.
Each score was treated as an independent \&rekuture study will evaluate the extent to

which the WTSF and Reasoning scores on each item were conditionally dependent. Blank or
illegible responses were treated as missirtg ttathis study because they contribute no
information to our understanding of student prieficy. In classical &ing practice, these
responses are typically treatasl incorrect responses.

To generate the score data for the thraegmay model we aligned each WTSF item with a
targeted level on the WTSF six-category scorimgic, shown in the right-hand column of Table
1. The targeted level was selected by evaludtiegontent of the items. The alignment shown in
Table 1 indicates that items “20,” “21,” “23ghd “25” target respoes that would indicate
student understanding of relativendéy. Note that none of the ites directly targets responses
that indicate underlying miscondems or that are off target.
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Table 1.
Alignment of items to six-category score levels for the Why Things
Sink and Float progress variable of the CAESL/FAST curriculum.
6-category
rubric
Rel. Density 20, 21, 23, 25
Density RL4C, RL7C, RL10A, RL10B, RL10C, RL10D, 14, 16, Part4
Mass & Vol. RL7A, RL7B, RL7D, 6, 10
Mass RL4A, RL4B, RL4D, 13, Part2, Part3
Mis. N/A
Off Target N/A

Items targeting the 6-category level

We then converted the six-category scorestimtee-category scores using “x” to represent
responses at the targeted leV€lto represent responses scoteelow the targeted level, and
“+” to represent those above the targetedlle@ansforming scores in this manner is
straightforward in the GradeMap software¢oding patterns can be defined on the fly for
individual items. Since none of the items targetexoriginal “Off Targétlevel, every item had
a potential “-” score; however, some items taegehe “Relative Density” level, so some items
did not have a potential “+” score. For the Reasg variable, we designated a “Relational”
level response as the targeted level for all itethen, the “Principledlevel was scored as “+”
and all the other categories were scored as “-.”

Calibrating the Assessments

The psychometric approach we used to model the response data is a multidimensional item
response model known as the multidimensional random coefficients multinomial logit model
(MRCML; Adams, Wilson, & Wang, 1997). Botest and item multidimensionality are
accommodated in the model, and both dichotomous and polytomous scores can be used.

We applied Master’s Partial Creé#lodel (1982) to our data. TS 1Rasch-family model provides

a convenient way to develop estimates of pepoficiency and item difficulty using the same
scale. When the model provides a good fit ®dhata, the interpretation of person proficiency
estimates relative to item difficulties at eachp@nse level is a powerful formative assessment
approach. We began by calibrating the items fthenpost test and examining the psychometric
properties of that test. To represent the themakthodel of what the assessments were intended
to measure, a two-dimension partial credit model was fit to the data.

To make valid comparisons of student profig at different points time from different
assessment tasks, it is necessary to establiskltieve difficulties of items across all of the
assessments. The post test was designed taicdwo or more items in common with each of
the other assessments. To scale these togetbheanchored the common items on the other
assessments with the item difficulties obtaifredh the post test calibration. Then, each
assessment was calibrated individually.

After calibrating, we examined each model firgtfig essentially ensuring that each met the
standard assumptions of IRT models, seconth®iquality of the information generated for
persons, and finally for interpretive consisten either of the models violated basic
assumptions of IRT measurement, then theigesfcy estimates generated from that model
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could not be deemed reliable enough to use fondtive feedback. If thquality of information
differed substantially between the two modelsntbne model might be preferred on that basis
alone. And, given that the assumptions wagt, if the three-category model provided
essentially the same instructional advice forvitlial students as thexstategory model, then
that model would be preferred as the muestsimonious and easiest to implement.

Criterion Zones

The first step we took to establish a foundafmminterpreting proficiacy estimates was to
define zones along the progress variables tdtiigenualitatively distinct levels of knowledge
that students were expected to encountereasplogressed from less sophisticated to more
sophisticated understanding. The specific rafigesach score level along a progress variable
are called “Criterion Zones” in GradeMap. Théwes can be computed from the Thurstonian
thresholds obtained during calibration of thetruments. Thurstonian thresholds, which are
computed for each step of an item, indicate tliéiggency required to achve a response at that
level or above on the item 50% of the time. A threshold of 1.25 for step 2 of an item means that a
person with a proficiency of 1.25 equally likely to provide a sponse that will be scored in
category 2 or above or asfgonse below category 2.

A criterion zone is defined for each response aategf a progress variable. As shown in Figure
3, the cut-point between twamnes is the midpoint betwe#dre means of the Thurstonian
thresholds of the two zones. Note, however, Thatrstonian thresholds are not computed for the
lowest category, so there is no mean valudtfe lowest category and a midpoint between the
first two categories cannot be identified. Bas study, we used the lower bound of a 67%
confidence interval around the second categangan to define the cut-point between the first
and second categories.
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Figure 3. Means of the Thurstonian thresholds and cut-points for the criterion zones for the
WTSF progress variable for the six-category model from the CAESL/FAST curriculum.

A second aspect of establishing a context faarpreting proficiency estimates is defining the
learning progression anticipated by the curriculAnievel of performance is selected for each
assessment and the midpoint of the criterion zonthéotargeted level is applied as the expected
proficiency for that assessment. For exampieen completing assessment activity “RL4,”
students are expected to be using the corafaptss in explaining ly objects sink or float.

The midpoint of the criterion zone for the “Mdsategory under the six-category model would
be used as the targeted proficiency leveRb#. The highest criterion zone does not have an
upper bound, so we use the mean of the Thuesidhresholds of that response category.

These zones and expected proficiencies areriot-referenced expectations, based upon the
content of assessment items relative to the adai@oals as they have been targeted by the
instructional program.
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Proficiency Estimates

The GradeMap program allows the user teceexpected a-posteriori (EAP), maximum

likelihood, or plausible value estimates of perpooficiency. We used EAP estimates for this
study. These are computed from conditional oesp probabilities to which a multivariate prior
distribution is applied. The EAP estimate is thean of the posterior distribution of proficiency

for the person, with an estimate produced for each progress variable. We did not use maximum
likelihood estimates because they do not takectivariance of the twarogress variables into
account.

A proficiency estimate is interpreted in conjunction with item difficulties. In the case of
polytomous items, we examine Thurstonianshreds for each response level. GradeMap
produced¥right Maps to graphically align proficiency estiates with item difficulties expressed
as Thurstonian thresholds. An example is showFigure 4. Person piiofencies are displayed
on the left side, while item difficulties are displayed on the right. The entry “13.MV” is
interpreted as a response scadrethe MV category on item 13.

Person Estimate Item Difficulty
13.MV

6 .MV

X

A

\

\

[

\

\

\

[

\

| 16.M
\

[

\

| 21.M
v

Figure 4. Hypothetical Wright Map for one respondent and five items.

This hypothetical example indicates that the piolity of a person with a proficiency estimate

at the X location responding at the “M” (mass) level or higher on item 4 is 0.5. The probability
of that person responding at the “M” level oglher to items 16 and 21 gseater than 0.5, and

the probability of responding at the “MV"\el to items 6 and 13 is less than 0.5.

The Six-Category Model

The underlying theory of the six-category modehist students in the curriculum progress from
bringing nuanced understandings about whygsisink or float to understanding that two
properties of matter, mass and volume, play a fidiey then develop amderstanding that it is
therelationship of mass to volume that affects floatiragnd then to an understanding of the
concept of density as a property of mattet thffects floating. The final stage is an
understanding that it is the relatibins of the density of an objetti the density of the medium it
is in that determines whether a particulareabwill sink or float (Kennedy, Brown, Draney, &
Wilson, 2005).

These qualitatively distinct levets understanding are described i@@struct Map configured
in the GradeMap software. Initially, the profingy range is simply subdivided into equal zones
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for each response level. Moreeprse criterion zones wereeidtified after the data were
calibrated, following the procedure described in@hgerion Zones section. Figures 5 and 6
show the final GradeMa@onstruct Maps for the six-category WTSF and Reasoning progress
variables, which parallel the information comizdl in the scoring guidessplayed in Figures 1
and 2, with the addition of a logit scaleindlicate the magnitude of each criterion zone.

Figure 5.Construct Map from GradeMap software for the six-category Why Things Sink and
Float progress variable of the CAESL/FAST curriculum.

Criterion zones for the Reasoningriable were somewhat problematic: the means for the
Experience, Unclear Relational, and Relationé¢garies were very close together. Note in
Figure 6 that the resultant criterion zone for the “Unclear Relational” level is extremely narrow.
Once established, these criterion zones are usadhirerous GradeMap reports of student status
and progress.
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Figure 6.Construct Map for the six-category Reasoning progress variable of the CAESL/FAST
curriculum.

The expected proficiency levels for each instemt are defined by the midpoint of the criterion
zone of the level targeted by the instrumamteach progress variable. Table 2 shows the
alignment of assessment instruments witheted levels on the WTSF and Reasoning progress
variables. On the WTSF variable, RL4 targetaiaderstanding of how mass affects floating and
sinking, so the expected profioigy for that instrument is thaidpoint of the “Mass” criterion
zone. For RL7 we use the midpoint of the “Mass & Volume” zone, and for RL10 we use the
midpoint of the “Density” zoneSince a midpoint cannot be idergd for the “Relative Density”
zone, we use the mean of the Thurstonian thresholds for that category as the expected
proficiency of the post test.

Table 2.
Alignment of assessments to targeted six-category response levels on
the WTSF and Reasoning progress variable of the CAESL/FAST

curriculum.

Instrument  WTSF level Reasoning level

RL4 Mass alone -1.0 Relationships -0.2
RL7 Mass & Volume -0.1 Relationships 0.5
RL10 Density 1.1 General Principles 1.9
Post test Relative Density 1.9 General Principles 2.3

10
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The Reasoning progress variable was nevectijréargeted by the curriculum, however

students were periodically asked to predict Wwhet particular object would sink or float, and

then to explain why they made that predictfthrese activities were called POEs for predict-
observe-explain). For this study, we hypothedihow teachers target instruction about
constructing explanations based upon how studesponses actualghanged over time. We

found that most students used relationshipseir gxplanations in all of the assessments, but
some students started transitioning to using general principles at RL10. As shown in Table 2, we
theorized that RL4 and RL7 targeted the Relational level, while RL10 and the post test targeted
the Principled level. When two assessmentstadjthe same response category, we used the
midpoint of the criterion zone fahe first assessment’s targetdg and the upper limit of the

67% confidence interval of the thresholdstfoe second level as a convenient way to indicate
further progress. The values are displayet@iable 2 under the Reasng Level columns.

Figures 7 and 8 illustrate the resulting expected learning progressions on the WTSF and
Reasoning variables for the six-category model.

Figure 7. Performance Map showing progression expected by the curriculum for the WISF
variable of the CAESL/FAST curriculum for the six-category model.
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Figure 8.Performance Map showing progression expected by the curriculum for the Reasoning
variable of the CAESL/FAST curriculum for the six-category model.

Three-Category Model

The underlying theory of a developmergabgression from misconceptions through an
understanding of relative density is the sam#henthree-category model as in the six-category
model. However, the score levels on the#icategory model repeas this progression
differently. Each progress variable is repented by three levels of knowledge. For WTSF
knowledge is represented as increasing frdaeval describing students who have not grasped
the targeted concepts, to adédescribing students who aetively working to understand the
concepts (i.e., they are using the concept corratilyast 50% of the time), to a level describing
students who are actively worlg to understand a more advanced concept and have, at least
theoretically, mastered therggted concept. The WTSF criterion zones were computed
individually for each instrument. Table 3 shows the upper and lower limits of the “On Target”
zone for each instrument.

Table 3.
Upper and Lower Limits of the “On Target” category of the 3-category
WTSF progress variable for the CAESL/FAST curriculum.

Assessment Lower Limit Upper Limit Targeted Knowledge
RL4 -2.5 0.1 Mass or volume

RL7 -2.0 -0.6 Mass and volume
RL10 -0.5 0.5 Density

Post test -0.25 0.3 Density

12
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For the Reasoning variable thed¢s define a progression froneeding help, to using well-
defined relationships, to usimgneral principles. The Reasonwvayiable had a consistently
defined meaning for the “On Target” level acralisassessments (i.e., the Relationship level).
Figures 9 and 10 show the GradeMastruct Maps for the WTSF and Reasoning progress

variables for the three-category model.

Figure 9.Construct Map for the three-category WISF progress variable on the post test of the
CAESL/FAST curriculum.
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Figure 10.Construct Map for the three-category Reasoning progress variable of the
CAESL/FAST curriculum.

The expected proficiency levels for the embedded assessment instruments (RL4, RL7 and RL10)
on the WTSF variable are defined by thelpaints of the “On Target” criterion zones

established for each instrument. This straightesdhapproach could not be applied to the post

test, however, because the post test items targetadety of levels. On average, the post test

items targeted Density concepts, while therington preceding the post test targeted Relative
Density concepts. For this reason, and to mairgansistency with the &ning expectations of

the six-category model, the expected proficielevel for the post test was computed from the
means of the “Advanced” thresholds.

Similarly, the Reasoning items all targeingsRelationships, but we hypothesized that the
curriculum expects performance at the Generalcipies level at RL10 and at the post test. So,
the expected proficiency levels for RL10 and post test on the Relationships variable were
computed from the means of the “Advanced” thresholds for those instruments. The expected
proficiency levels for both variables are shawTable 4. The expected learning progressions
are illustrated in Figures 11 and 12.

14
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Table 4.
Alignment of assessments to targeted three-category response levels on
the WTSF and Reasoning progress variable of the CAESL/FAST

curriculum.

Instrument  WTSF level Reasoning level

RL4 On Target -1.2 Relationships (On Target) 0.30
RL7 On Target -1.3 Relationships (On Target) 0.05
RL10 On Target 0.0 General Principles (Adv.) 1.00

Post test Advanced 1.6 General Principles (Adv.) 1.50

Figure 11. Performance Map showing progression expected by the curriculum for the three-
category WTSF variable of the CAESL/FAST curriculum.
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Figure 12. Performance Map showing progression expected by the curriculum for the three-
category Reasoning variable of the CAESL/FAST curriculum.

The criterion zones and expected proficiensiele for each scoring approach establish an
interpretive context with which student profiegy estimates can be analyzed and compared.
Without a context such as the one defined heeertbanings of proficiency estimates are limited
to numerical comparisons. Our approach isdostruct a qualitative &ning progression, based
on a theory of knowledge development and opematized through item coent, that describes
what students know and can do at @as locations alonthat progression.

Findings

Analysis of Post Test Instruments for Violations of IRT Assumptions

In this part of the study, we examine the fgyoetric properties of th@ost test instrument
under both models. In particular, we are tryiagletermine if both models uphold the basic
assumptions of IRT modeling: each subscaleidimensional, higher scores on an item are
associated with higher overall ability estites, and the items within each subscale are
conditionally independent.

Dimensionality - We asked three questions about our tized dimensionality of the model: Do

we need additional dimensions to model the data? Could we use fewer dimensions to model the
data? and Is there an advantagenodeling the dimensions togettrather than separately? To
answer the first question, we examined the nseprare fit statistics (Wright and Masters, 1981)

of the items within each dimension. This statiia ratio of the observed variance in the data to
the variance expected by the model; when the valoear 1, the observations are measuring as
intended. When they are significantly larger tAathen something other than the intended latent

16
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variable may be captured in the observations. \Wingmificantly smaller than 1, the observations
are exhibiting less stochastic variabilihan we expect for good measurement.

We found that the items within @asubscale operated in a cistsnt manner for both the six-
and three-category models. None of the item nsepare fit statistics for WTSF or Reasoning
fell outside the range of 0.75 and 1.33 for thecsitegory model, and only one item fell outside
that range for the three-category model. Thatiteme, on the WTSF variable, had an infit mean
square value of 0.70, indicating that responsdisisatem exhibited less variance than we would
expect. The overfit of this singieem should not have a partiemly deleterious affect on the
proficiency estimates producég the instrument overall.

To answer the second question, we construgtecidimensional comparative model that treated
all of the responses as indicatofsa single latent variable amdmpared the overall fit of that
model with our theorized model using atest; the unidimensionaladel is a constrained, or
nested, version of the two-dimensional model.

The two-dimensional models provided a better fit to the data than the unidimensional models for
both the six-category and three-category appresdn both cases, the two-dimensional models
produced smaller -2 log likelihood statistics thile unidimensional models. The difference in

the statistics was statistically significant, icating that the two-dimensional models provided
significant improvement over the unidimensionaldals in fitting the data (a difference of 459

was obtained for the six-category model andffeidince of 43 for the three-category model,

both with 2 degrees of freedom whefe= 5.991 at the: = .05 level).

To answer the third question, we construcdditional unidimensional models that ignored
responses on the Reasoning variable, calibratgdribdel, and computed proficiency estimates
from the posterior distribution based on the WTiteks only. These estimates were compared to
proficiency estimates from the two-dimensiomaldels in which the covariance of the two
dimensions was part of the equation. Stan@aradrs, person fit stistics, and IRT person

reliability indices were compared to determine which estimates were more reliable
representations of person pradiccy. The two-dimensional models provided more reliable EAP
estimates of WTSF proficiency than the models comprised of only WTSF items, for both the six-
category and three-category approaches. Wheealilerated the two-dimensional models, we
found high correlations between the variables4D fr the six-category model and 0.924 for the
three-category model), indicag that knowledge about WTSF and the ability to explain WTSF
using general principleare highly correlated. Charts of thedationship of standard errors of
measurement to proficiency estimates are shavAigure 13. The figure illustrates that the two-
dimensional models produced lessor in the estimates than the unidimensional models. In the
figure, “Complex” refers to the two-dimensal model, while “Simple” refers to the
unidimensional model.
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Figure 13Standard errors compared to EAP estimates for the six- and three-category scoring
approaches.

Paired-sample t-tests were also conducted taiat@the significance dfie differences in the

EAP estimates and associated standard esforeasurement. The mean differences in the
proficiency estimates and in the sland errors were significant at the< .0005 level; the two-
dimensional proficiency estimates were lartiem the estimatasider the unidimensional

models, while the standard errors of measurement for the two-dimensional models were smaller
than the errors for the unidimensional models.

A final comparison was conducted of reliabilfty the two models using IRT-based person
separation indices. Persorpaeation is an index of the consistency of the person measures (i.e.,
if the instrument were administered again) cated as a ratio of the variance in “true” person
abilities over the variance in the observed &bdi Both the six-categpiand three-category two-
dimensional models produced higher reliapiindices for the EAP estimates of WTSF
proficiency (.82 compared to .77 for six-categscpring, and .77 compared to .72 for three-
category scoring).

Our conclusion from these analyses is thatlie purpose of obtainingliable estimates of
WTSF proficiency for formative assessment pugsoshe theorized two-dimensional models
provided a better fit to the data than therdative unidimensional models we tested.

Monotonicity - To examine the assumptiof monotonicity, we analed the mean proficiency
estimates for each category of an item. This amaigsimilar to evaluation of point biserials in
classical test theory (CTT), except that we IBSE proficiency estimates rather than raw scores.
When the assumption holds, higher proficiency esti® are associated with higher scores on
individual items. Although we found quite arMfétems (16 out of 24) in which the mean
proficiency estimates of adjaderategories were mis-ordered in the six-category model, only
one of those differences wasatsstically significant at the. = .05 level (e.g., the 95% confidence
intervals for the estimates in adjacent scogatggories overlapped significantly), and that
appears to be due to a single respondentavitiyh proficiency who obtaed a score of 0 on the
item. We did not observe this problentiwthe three-category scoring model.

The left panel of Figure 14 shows an exangdlthe mis-ordering @it was common among the

six-category items; 11 cases invedl only the two lowest scotevels and five involved only
one respondent in the mis-ordered categorg. fight panel shows ¢hitem for the three-
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category model. The vertical bars show the rasfgle proficiency condence intervals for each
category, with the mean of the intervals desited by the short horizontal marks. The x-axis
displays the response values along with the peaferespondents whose responses were scored
at those values.

95% confidence intervals of proficiencies by 95% confidence intervals of proficiencies by
response category response category
Post test item 10 "w10p" (WTSF) Post test item 10 "w10p" (WTSF)
2 1
0.5 1
z 157 > ol
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Figure 14.95% confidence intervals of average EAP estimates for each scoring category for
item “wl0p” (item 10, post test, WISF score) for the six-category and three-category scoring
approaches..

Local Independence - Violations of local independence typically occur when the response to one
item depends upon the response to another item. This is common in assessments where one
stimulus is associated with multiple responses that are scored on the same latent variable. For
example, selecting an equation, computingréseilt, and answering the original question may
each generate a dichotomous score on a mathentetnt variable. However, either selecting

the incorrect equation or making angoutational mistake is likely to cause the final answer to be
incorrect. In this case, we walsay that the third responsedespendent upon the quality of the

first and second responses.

Violations of local independence within a subscadge not considered likely in the post test.
Each prompt elicited a single response, Whi@s scored on each variable. Although conditional
dependencies are likely between scores osdhee item, this association between latent
variables is already modeled in the covariance matrix. No causal relationships between items
within a dimension appeared likely in the post teecause none of the item responses depended
upon responses from other items.

From these analyses, we conclude that balsikrcategory and thremtegory two-dimensional
models provide a sufficiently good fit to the datathat interpretain of the proficiency
estimates produced by the models will be reasonable. At this point, we turn from the
psychometric properties of thedwnodels to using the assessitngata produced by each model
to construct assessment stories about students.



Simplified Scoring

Assessment stories about groups of students

When a teacher is interested in seeing Bawdents are responding to assessment items
relative to the goals of the ciaulum, he or she may reviewraequency Map, which
displays the distribution of proficiency asttes for all students on each of the progress
variables. Figure 15 show&equency Maps of the proficiency estimates of the WTSF
progress variable for 39 students from one<la the study at four time points: at RL4,
at RL7, at RL10, and at the post tasing the six-category scoring model.

The upper left chart shows performance at tiet fime point, the upper right is at the second
time point, the lower left is the third time poj and the lower right chart shows estimated
proficiencies at the enaf the unit. The headings across tbp 0f each chart, and the associated
vertical shading, indicate the criterion zerfer the six-category WTSF progress variable;
starting from less sophisticated understanding otefhédenoted as “OT” for Off Target) to the
highest expected level on the right (denotetRi¥’ for Relative Density). The percentages of
scores are shown along the y-axis, while tladigiency levels are shown along the x-axis.

Teachers can also obtain a repdrthe names of students wiphoficiency estimates in each
category and the exact perceggan each category from théilities by Level report. For
example, at the post test, 4% (1 student) wéthe Mass or Volume level, 82% (23 students)
were at the Mass and Volume level, 14% (4 sttg)emere at the Density level, and no students
were performing at the Relative Density levidie class chosen to illustrate overall student
performance is not representativesaidents in the pilot study, bigtparticularly useful as an
example of identifying students who are ged of additional support. The progression
illustrated in these charts shows that most sttedeid progress over time, but not to the extent
anticipated by the curriculum.

The assessment story told from this sequence of charts is that at RL4, most students were at least
using mass to explain floating and sinkinggdaome students were starting to use the
relationship of mass to volume irefh explanations. At that point in time, students seemed to be
performing about as expected. At RL7, when stislgvere expected to be using the relationship
of mass to volume in their explanations, fewvem half of the students were doing so. Some
students appear to have become confaselwere giving responses that exhibited
misunderstandings of the basic propertiesiaés and volume and their influence on buoyancy.
At RL10, those misunderstandings appear to lieen resolved and students were using the
relationship of mass to volume to explain buwgya However, few students were using the
concept of density to explain buoyancy, despist completing lessons that focused on that
concept. At the end of the unit, most studentsevedill using the relabnship of mass to volume

to explain buoyancy.
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Time Point 1 (RL4) Time Point 2 (RL7)

Time Point 3 (RL10) Time Point 4 (Post)

Figure 15. Frequency charts for the Why Things Sink and Float variable at four time-points in
the CAESL/FAST curriculum for one class (N=28), six-category model.

A teacher would normally view these chartsnediately after scoring student work for one
assessment to determine next steps in instruftiicthe class as a whole. He or she might feel
that at RL4 students were doing pretty well anchdbneed review before proceeding to the next
lesson. At RL7, he or she may want to woikwthe whole class to uncover the nature of the
misunderstandings students are exhibiting inrttesponses. The problem may simply be the
way students are explaining their answers, rdtieem their actual level of knowledge. At RL10,
the teacher may want to revidie concept of density and itseaning, since students seem to
understand the concept of the relatiopstfi mass to volume fairly well.
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On Target = Mass or Volume alone On Target = Mass and Volume together

On Target = Density On Target = Density

Figure 16. Frequency charts for the three-category Why Things Sink and Float variable at four
time-points in the CAESL/FAST curriculum for one class (N=28).

Figure 16shows frequencies of the WTSF proficier@stimates at the same four time points
using the three-category scoring model. Interpratatif these reports is not as straightforward as
we found with the six-category model, becausediitegories have different interpretations for
each instrument and time point. Note that theetsd level of each instrument is noted in the
instrument name, located in the heading of eduat. For the first time point, “On Target”

means that the students in that category argydabout as expecteéd understanding how mass

or volume alone affect floating and sinking. A thecond time point it means that students are
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understanding how mass and volume work togeatherfluence floating and sinking, and at
RL10 and the post test it means students ang ukensity to explain floating and sinking.

In these reports, aggregated student perémice is more stringently aligned with the
expectations of the curriculum than iretkix-category model. Nuanced and productive
understandings of targeted contsegre simply relegated to ttmvest score level, and highly
advanced understanding falls into the samegmal as slightly advanced understanding.

Using only the data displayed in thesequency Maps, we would say that students in the class
were struggling with the conceptrgeted by the curriculum. At RL7 the majority of students
were not yet using the relationship of masgdlume to explain buoyancy, and at RL10 very few
were using density even 50% of the timehair explanations. If we also review tHgilities by
Level report, we would find that 4% (1 student)r&enore advanced than the level targeted by
the post test (the Density level}% (4 students) performed aettargeted level, and the vast
majority, 82% (23 students), were performing below the targeted level at the post test.

Assessment stories about individual students

The expected proficiency levels targetedelgh assessment time point provide a useful
criterion-referenced progress benchmark for evalgastudent performance #iat point in time.

In addition, we can examine student progress ¢ime to help ensure that students are
progressing even when they do not meet $igamuirricular expedtions. Figure 17 shows

overall progress through the curriculum for atedent using thessicategory WTSF scoring
guide. We remind the reader that the piieficy estimates reported by GradeMap are not
competency measures, but rather an indicatiomhait a respondent is about to understand more
fully. When a proficiency estimate for a studemtds in a particular d¢erion zone, it means the
student is actively using themcepts associated with thaine about half of the time.

Each point shows the level of understandingstioéent is exhibiting (about 50% of the time)
after completing one instrument. Thus, these pa@itsis about concepts students are currently
in the process of assimilating into their mental model, rather than concepts that have been
mastered. Somergeted support at this time could be highly beficial to the student firming up
his or her understanty of the concept.

Student 129, displayed in Figure 17, was mosvely engaged in learning the concept of the
relationship of mass to volume at RL4. This li@p that he had mastered the concept of mass
influencing floating and sinking by & time. At RL7, he appears to have mastered the concept
of the relationship of nss to volume and is using the concefpdensity to explain why things
sink or float. At RL10, he has developed mordigbbut is still learnng the concept of density.
At the post test, he is in the process ofr@ay the concept of relative density and probably
understands the role of densitybuoyancy more completely.

The three-category model, shown in Figure 18yjles a similar story about the student. At
RL4 he is performing at or above the mass leateRL7 he is at or above the mass and volume
level, at RL10 he is at or abotlee density level,rad at the post test he is performing at the
relative density level. Note that this chart doessimw shaded criterion zones. This is because
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the zones differ for each instrument. The laloelshe right edge of the chart are a general
guideline, but do not have specific limits.

Figure 17.Map of progress for Student 129 on the six-category WTSF variable for the
CAESL/FAST curriculum.

Figure 18 Map of progress for Student 129 on the three-category WTSF variable for the
CAESL/FAST curriculum.
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Student 822 has a different experience withctleiculum, as shown in Figures 19 and 20. She
begins with a general understamglof how mass affects an ebj’s capacity for floating or

Figure 19 Map of progress for Student 822 on the six-category WTSF variable for the
CAESL/FAST curriculum.

Figure 20. Map of progress for Student 822 on the three-category WTSF variable for the
CAESL/FAST curriculum.
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sinking, and is exhibiting some understandinghef relationship of mass to volume at RL4 and
at RL7. However, by RL10, she is still at tteme level of understamdj, and by the post test,
her responses indicate that she has not tullyerstood how mass or volume alone influence
floating and sinking. The three-category mipdkistrated in Figure 20 provides similar
information to the six-category model illustrdte Figure 19, although without the interpretive
detail found in the criterion zone labels.

Of course, teachers would not normally wait un@ thnit is completed before looking at student
progress. Normally, when the student stops showing progress, at RL10 in this example, the
teacher would think about providing some kindsopport to the student. The teacher may find it
useful to know how the student performedeach item to gain a bettenderstanding of the
problem she seems to be having. A Gradelagnostic Map can provide more detailed
information.

The Diagnostic Map from the six-category model for Student 822 for the RL10 assessment
activity is shown in Figure 21. Threport provides a wealth offormation to a teacher. The
data are arranged in three columns. Thecleitmn shows the response levels that student
achieved on each item of the assessment actiMity.items are ordered from the least difficult
item at the bottom, in this case item “RL10d,” to the most difficult item at the top, item
“RL10b.” The score the student ead is displayed after the “rext to the item name. Student
822 responded at the “Misconceptions” (Mis)deon item RL10d, and at the “Density” (D)
level on item RL10b. The center column displéyes location of thetudent’s proficiency
estimate after completing the assment with the “XXX” indicatarSince proficiency estimates
include an error of measurentgetine horizontal dashed lines above and below the proficiency
location indicate the most likely ra@@f proficiency that the studeistexhibiting, plus or minus
one standard error from the computed estimate.

All of the items displayed in this range, inding those at the bordexre the responses the
student is expected to makieoait 50% of the time. In this armple, we expect Student 822 to
respond to item “RL10b” at the ‘@hsity” level about 50% of the tenIn fact, we know that the
student did respond at that level on this assedsbesause the item is listed in the left column.
On the other hand, we also expected theestutb respond to item “RL10c” at the “Mass and
Volume” level and to item “RL10dat the “Mass” level about 50%f the time, but she did not.
Items that appear in the rightlaon indicate a response leveleocategory higher than what the
student actually achieved (i.e.score at the “Mass” level 6RL10b” and a score at the
“Misconceptions” level on “RL10d"). We are nstirprised by this result, because we only
expected the student to achieve thesores about 50% of the time.

Item responses that appear below the rangxécted proficiency for the student (below the
lower dashed line) are those that we expecsthéent to achieve because they are less difficult
than the student’s proficiency implies that he or she can perform. In this example, we expected
the student to achieve a score at the “Massvaridme” level on item “RL10at” and scores at

the “Mass” level on items “RL10c” and “RL10aeltem responses that appear above the range
are those that we would not expect the studeathoeve because they are more difficult than we
expect the student to be able to perfornthia example, we did not expect the student to

achieve a score at the “Density” level on itBinl0at (in the right column) or a score at the
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“Relative Density” level on item RL10b because these responses are more difficult than what the
student is expected to handle.

6-Category CAESL/FAST
Diagnostic Map (EAP)

Student : 822
Variable : WTSF
Instrument : RL10
Ability : -0.271
Infit ms :1.114 t stat : 0.392
Outfit ms : 1.186 t stat : 0.49
——————— Level Responded-----------------Next Level---------
| |
| |
| |RL10b.RD
| |
| |RL10at.D
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
RL10b.D| |
| |
| XXX |
| |RL10c.MV
——————————————————————————————————————— RL10d.M-=====—————
RL10at.MV| |
| |
| |
| |
| |
RL10c.M| |RL10ae .MV
RL10ae.M| |
| |
| |
| |
| |
| |
RL10d.Mis| |
| |
| |

Figure 21 .Diagnostic Map of Student 822's performance on the six-category WISF
items from the RL10 assessment activity.

Note that most items appear twice in the repbhis can help teachers understand how near a
student is to achieving the nesdore level on each item. We st®,example, that the student
used some kind of misconception in respondangem “RL10d,” but that responding at the
“Mass” level should have been possible. Simylatthe student useddttoncept of mass to
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explain floating and sinking for item “RL10djut was capable of responding at the “Mass and
Volume” level on that item. The most suging item on this report is item “RL10ae.” The
student gave a response that was scored at thes'Mevel (in the left column), but should have
been capable of responding at the “Mass andmie” level (in the right column) since that
response appears to be within thedsnt’s capacity of understanding.

By going over these particular items with thedsint, and clarifying remaining misconceptions
about the concept of mass and the relationship of mass to volume, the teacher has an opportunity
to target learning toward concepts the studeatiisently grappling withVygotsky describes the
difference between what a student can do on hisavd what he can do with assistance as the
Zone of Proximal Development (ZPD)—the most b place to target instruction. By using
data from théiagnostic Map in this way, teachers can takdvantage of optimal moments in
individual students’ leaing progressions. Note that it is gh@ximity of a response at the next
higher level to the student’s currgmbficiency level that is the most important feedback to the
teacher. When the two are distant, as icts® for responses “RL10at.D” and “RL10b.RD,”

then the more advanced concept may be beyond the student’s zone of proximal development.
When they are near, then a catliéearning opportunity is at hand.

3-Category CAESL/FAST
Diagnostic Map (EAP)

Student : 822

Variable : WISF

Instrument : RL10 (D)

Ability : -1.223

Infit ms : 0.236 t stat : -0.935

Outfit ms : 0.176 t stat : -0.394

————————————————— Level Responded-----------------Next Level--——-----———--—--——-—

|RL10at.x
|RL10b.+
|

|
|RL10ae.x

|
|
|
|
|
|
|
|
| |
| |[RL10c.x
|
|
|
|
|
|
|

Figure 22. Diagnostic Map of Student 822's performance on the three-category WTSF items
from the RL10 assessment activity.

Figure 22 shows the three-categ®iignostic Map for Student 822 after completing RL10. In
this report we find only one response displayethéleft column; a scerof “x” (on target) on
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item “RL10b". The implication is that the studestitained the lowest score, “-* (needs help) on
all the other items. Since the general levetradwledge targeted by RL10 is “Density,” the
teacher would know from this report that the studs having difficulty with that concept. The
placement of item “RL10d” with an “x” respoaén the right column, below the range of
expected student proficiency denoted by the dabhedsuggests that the student should have
been able to respond with an answer involvingsitg. Review of this item with the student may
help uncover a nagging misperception the studesialing with. Items “RL10c,” “RL10ae,”

and “RL10at” at the “x” level, which all appeabove the student’s proficiency range, suggest
that the student is still working to undesd the concept of how mass and volume work
together, and is not readyftacus on the concept of density.

Although the diagnostic information is not asadked with the three-¢agory model as it was
with the six-category model, botkagnostic Maps for Student 822 suggest that focusing on the
concept of how mass and volume together rétatan object floating osinking would be most
useful for this student at this point in time.

Once the criterion zones for each model werengéfi the assessment stories emanating from the
three-category scoring approach were similahtse from the six-category approach when they
dealt with groups of students. For individsaldents, the assessment stories from the six-
category approach were much more specific thase from the three-category approach in
identifying instructional nexsteps. Ongoing research focusesmproving the diagnostic value

of a three-category approach.

Conclusions
Curriculum developers, assessment desigaedspsychometricians are discovering new and
better ways of evaluating compgleperformance-based activitiaad drawing useful inferences
about student knowledge, abilities and skills freuch evidence. If we want teachers to embrace
these developments in assessment capabilities, then we need to attend to the real constraints
teachers experience: constraints of both time and energy to learn something new.

This paper reported some of the detailed infatian that can by obtained by applying complex
scoring rubrics to the evaluation of classroonivés, but the demand on teachers’ time to
score and interpret results usiihgse rubrics is considerable.erfindings of this study suggest
that scoring student work using a simpler gentiniee-category rubric with score levels of
“advanced,” “on target,” and “needs help” canably reproduce some of that information with
less effort required on the part of the teachbe three-category model we implemented was
particularly useful for identifying students who ne@enot performing at the targeted level and in
providing information regarding the concepiisse students would benefit from focusing on
right away. The approach was less usefupfowiding the diagnostic detail teachers might like
to have about all students in a class.

The calibration and alignment of a simplified sogrmodel that can be used to evaluate student
progress over time, as opposed to evaluatingvleaige at a single point in time, involves a
number of steps to establishterion zones that define qualitagly distinct levels of student
knowledge. We were able to identify indivalicriterion zones for each instrument that
categorized students in a manner consistentthéltategorizations obtained with the six-
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category scoring approach. A logicadxt step in this research is to explore transformation
processes to align the instrumespecific three-category criten zones with the six-category
rubrics. This type of alignment would potentggbrovide as much information from the three-
category scoring as is currently obtained frecoring with the six-category rubrics.

Of course, such an approach is most appagfor curricula that have well-defined
developmental perspectives of learning, wheezgig levels of performance can be articulated
and in which student progress means traversing thrimuggr levels to arrivat higher levels. In
addition, the use of software to transform scamés visual representians of student knowledge
is particularly helpful when the observed data are complex.

Once the psychometric details have been workedleitapproach will be tested with several
curricular units in claseoms to obtain feedback from teachabout the viability of the three-
category scoring approach. Research will focus on the usefulness of the formative feedback
provided by the GradeMap software and the usglmfithe software as a formative assessment
tool.
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