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Dynamic Measurement Modeling: Using Nonlinear
Growth Models to Estimate Student Learning
Capacity
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Single-timepoint educational measurement practices are capable of assessing student ability at the time of testing but are
not designed to be informative of student capacity for developing in any particular academic domain, despite commonly
being used in such a manner. For this reason, such measurement practice systematically underestimates the potential of
students from nondominant socioeconomic or ethnic groups, who may not have had adequate opportunity to develop
various academic skills but can nonetheless do so in the future. One long-standing approach to the partial rectification
of this issue is dynamic assessment (DA), a technique that features multiple testing occasions integrated with learning
opportunities. However, DA is extremely resource intensive to incorporate into educational assessment practice and cannot
be applied to extant large-scale data sets. In this article, the authors describe a recently developed statistical technique,
dynamic measurement modeling (DMM), which is capable of estimating quantities associated with DA—including student
capacity for learning a particular skill—from existing large-scale longitudinal assessment data, allowing the core concepts
of DA to be scaled up for use with secondary data sets such as those collected by Statewide Longitudinal Data Systems in
the United States. The authors show that by considering several assessments over time, student capacity can be reliably
estimated, and these capacity estimates are much less affected by student race/ethnicity, gender, and socioeconomic
status than are single-timepoint assessment scores, thereby improving the consequential validity of measurement.
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Standard psychometric measures discriminate in a way that is grossly
incongruent with the basic aspirations of modern society: culturally
different individuals, including immigrants from less advantaged
countries, culturally deprived minorities, and low functioning
individuals from the mainstream culture, represent enormous
human potential. Yet, standard psychometric procedures write off
this potential as a loss or as demanding an unwanted, unprofitable
investment.
—Reuven Feuerstein, The Dynamic Assessment
of Retarded Performers (1979)

The realization of student academic potential is a critical raison
d’ être of our educational system (Alexander, 2003; Dweck,
2015). As such, students and their parents trust that educators
and educational methods—including assessment and evaluation techniques—are effective at identifying and fostering the
potential of students to develop within and across various academic domains. However, as lamented by Reuven Feuerstein in
the opening quotation, educational researchers over at least the
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past half-century have continually identified ways in which that
trust may be misplaced, especially for students from nondominant socioeconomic or ethnic groups (Ladson-Billings, 2006).
For example, psychometric assessments, as they have traditionally been applied in the educational setting, solely measure
abilities and skills that students have developed prior to the occasion of testing and consequently cannot tap a student’s capacity
for developing those abilities in the future (Sternberg et al.,
2002). Despite this recognized disconnect between developed
abilities and developing capacities, scores on single-timepoint educational or psychological measures are all too often misinterpreted
as relating to student potential. For this reason, students who may
not have had adequate opportunity to develop a given ability—and
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therefore score poorly on a performance assessment—may be officially judged as not having the capacity for developing that ability
and as such may not be given the resources and attention they
need from educators to meet their potential. This is a major issue
in educational measurement and as such will not be easily solved
(Lohman, 1999, 2006).
One methodology that has been utilized to address this
problem is dynamic assessment (DA; Feuerstein, 1979; Tzuriel,
2001). Because DA features multiple testing occasions, integrated with instruction by a clinician, it is capable of estimating
a student’s capacity for developing a particular skill or ability.
Unfortunately, because widely applying DA in any educational
system would entail substantial time investment by trained clinicians, the monetary requirements of such extensive application are beyond that currently available to most state systems,
school districts, and educational research groups. Because of the
cost associated, DA has not been widely applied in the United
States, although some countries such as Israel (Feuerstein,
Kozulin, & Falik, 2005) and the Netherlands (Peltenburg, van
den Heuvel-Panhuizen, & Doig, 2009) have worked to incorporate it into practice.
However, recent advances in nonlinear growth modeling and
statistical computing, as well as the proliferation of reliable longitudinal data pertaining to the educational achievement of U.S.
students, offer an alternative solution. Specifically, a new psychometric modeling framework, termed here dynamic measurement
modeling (DMM), is capable of accomplishing many of the goals
of DA through the modeling of longitudinal testing data without
the need for extensive one-on-one clinical work (McNeish &
Dumas, 2017). The mathematical underpinnings of DMM are
adapted and reparameterized from their original application in
biochemistry and have only recently begun to be applied to the
social sciences (Harring, Kohli, Silverman, & Speece, 2012).
Single-Timepoint Psychometrics and the
Achievement Gap
The earliest published critique of psychometric testing on the
grounds of consequential validity, of which we are aware, came
from W.E.B. Du Bois (1920/2013). In his essay, Race Intelligence,
Du Bois vehemently attacked the fundamental assumption,
popular at the time, that scores from single-timepoint knowledge tests could provide valid information about the capacity of
an individual or group to develop that knowledge. Moreover, Du
Bois especially drew attention to the fact that because current
ability was assumed to be equivalent to future capacity, students
who scored poorly on single-timepoint ability measures were
therefore never given the instruction necessary to actually
develop the ability, thus fulfilling the prediction of the test. In
this way, psychometric testing in schools during the 20th century not only documented an existing achievement gap but actually helped create and perpetuate it. Although nearly a century
has passed since Du Bois published this essay, we contend that it
remains pertinent to educational testing practice today: especially regarding U.S. public policies, adopted during the 21st
century, that explicitly connect school funding to achievement
test scores, whether that mandate comes directly from the federal
government (e.g., No Child Left Behind Act) or is passed by the

federal government to individual states (e.g., Every Student
Succeeds Act). As has been repeatedly pointed out elsewhere
(e.g., Darling-Hammond, 2007; Duckworth, Quinn, &
Tsukayama, 2012; Hursh, 2007), these policies threaten to systematically fulfill the negative predictions of single-timepoint
ability measures across subpopulations of U.S. students.
Indeed, recent research makes it clear that the achievement
gap among Black and White students, Hispanic and White students, students from low- and high-income families, and students with parents who are more and less educated is a
continuing and substantial issue in the U.S. school system (e.g.,
Magnuson & Waldfogel, 2008; Quinn, 2015). Although certain of these gaps have moved in differing directions over the
past half-century (e.g., the Black-White gap has narrowed while
the income-based gap has widened substantially; Reardon,
2011), it is nonetheless apparent that race and SES far too
strongly predict U.S. student academic achievement than they
ideally would in a society that provides fully equal opportunity
across groups. While hypotheses concerning the principal contributors to the observed achievement gaps are many, most
researchers agree that low test scores early in a student’s academic career—potentially due to a lack of learning opportunities prior to kindergarten—may cause otherwise well-meaning
educators to perceive a student to have low capacity for developing particular academic skills and therefore limit their efforts to
teach those skills to that student (e.g., Fryer & Levitt, 2006).
Further, because of modern policies that tie school funding to
achievement test scores, low test scores on average in groups of
younger students may unfortunately mean that their schools
will consequently lack the resources necessary to fully develop
their academic abilities as they grow, thus tragically fulfilling the
prediction of the very achievement tests that caused the funding
decrease in the first place. Therefore, we contend that singletimepoint assessment practices, regardless of their format (e.g.,
multiple choice or constructed response) or their measurement
invariance across demographic groups, fail to tap student capacity for future learning and consequently are potentially problematic for students.
A Possible Solution: Dynamic Assessment
Soon after Du Bois (1920/2013) made his initial argument
about consequential validity, Thorndike (1921)—who was
familiar with Du Bois’s work through their mutual mentor
William James—conceded that “Some of us, I fear, claimed a
generality for our measures of status and a surety of inference
from them to capacity which it would be very hard to justify” (p.
125). In the next decade, Vygotsky (1934/1962) and Rey (1934)
published similar statements, arguing that single-timepoint
measures were not capable of identifying student capacity for
learning any given academic task. However, it was Rey’s student,
Feuerstein (1979), that eventually developed a formal methodological framework to begin to address the problem.
Immediately after the second world war, Feuerstein worked
to test the cognitive ability of child survivors of Nazi concentration camps in order to sort them into grade levels (Feuerstein,
Feuerstein, Falik, & Rand, 2002). He found that single-
timepoint ability measures underestimated young holocaust
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Figure 1. Theoretical depiction of components of potential.
The space below the line is realized ability, the space above the
line is unrealized availability, and the horizontal line at the top
is the capacity
survivors’ potential to learn in school, probably because their
deprived environment in the camps had diminished their ability
far below grade level but had not necessarily stunted their capacity for learning. Therefore, Feuerstein concluded that cognitive
abilities should be tested multiple times, with opportunities for
learning integrated with measurement. As the testing and
instruction progressed, Feuerstein plotted the growth of the
examinee, and after testing was complete, he used their rate of
growth as well as the difference between their initial and final
score as evidence of their capacity. As such, Feuerstein’s implicit
model of ability growth and capacity resembled that found in
Figure 1, in which ability grows in a nonlinear way, eventually
leveling off toward the student’s capacity. It should be noted we
have inserted a new term—availability—into the model to formally designate the difference between a student’s ability at any
given timepoint and their capacity.
Because this formulation of students’ developed ability and
developing capacity takes into account learning over time and
the difference between what students currently know and what
they may in the future (i.e., availability), it is conceptually
related to the rich extant literature on academic aptitude (e.g.,
Lohman, 1999; Snow & Lohman, 1984). However, aptitude
and capacity differ in a fundamental way. Specifically, while
aptitude is typically thought of as existing in students before a
particular instruction occurs (although it is not considered
innate or genetic; Lohman, 2006), capacity exists only in the
future from the time of instruction and measurement. This is
because capacity is defined as the maximum amount of ability a
student is predicted to be able to develop given their ability
growth trajectory, not their propensity to learn from a given
educational experience. In the DA tradition, students have been
found to vary in their predicted capacity for learning based on a
variety of biological and psychological reasons, including intellectual disabilities (Lifshitz, Weiss, Tzuriel, & Tzemach, 2011),
cognitive strategy use (Burns, Delclos, Vye, & Sloan, 1996),
motivations and goals (Tzuriel, Bengio, & Kashy-Rosenbaum,
2011), and many combinations thereof. Interestingly, some of
these same variables also appear to impact aptitude (Lohman,
286   EDUCATIONAL RESEARCHER

2006; Snow, 1978), so delineating the contribution of aptitude
to capacity remains a fruitful endeavor.
Since Feuerstein published his classic 1979 book, methodology associated with DA has continued to grow in sophistication.
For example, researchers have worked to refine the actual items
used on DA measures (Budoff, 1987) and the inter-measurement instructional method (Haywood & Lidz, 2007) and have
begun to develop virtual-reality means of delivering the assessment and instruction (Passig, Tzuriel, & Eshel-Kedmi, 2016).
Structural equation modeling approaches have even been developed specially for the analysis of DA data (Embretson, 1987).
Interested readers should see Tiekstra, Minnaert, and Hessels
(2016) for the most recent review of some aspects of DA methodology. Further, DA methods are widely utilized in Israel in
conjunction with military aptitude testing (Feuerstein et al.,
2002) and have been adopted in the Netherlands for schoolbased psychological testing of students with possible learning
disabilities (Peltenburg et al., 2009). However, as previously
mentioned, the time and monetary investment needed to widely
apply DA has meant that U.S. states and school districts have
not pushed for the extensive adoption of DA methods. For this
reason, methodologies capable of estimating quantities associated with DA (i.e., ability, capacity, and availability) through the
use of existing assessment practices and educational data sets
may be highly beneficial.
A New Innovation: Dynamic Measurement
Modeling
DMM was conceived and developed to accomplish the goal of
estimating student capacity with large-scale longitudinal data
sets, like those collected by the existing Statewide Longitudinal
Data Systems (Coburn & Turner, 2011), and without the need
for one-on-one clinical work (McNeish & Dumas, 2017). Unlike
single-timepoint measurement models and similar to DA methods, DMM uses information about the growth in a students’ ability over time to estimate their eventual capacity. To do so, DMM
applies a nonlinear growth model to vertically scaled longitudinal
test data, modeling students’ growth trajectory in the measured
ability as well the asymptotic behavior of the scores. This upper
capacity asymptote on student ability growth is modeled with a
subject-specific random effect so that each individual student in
the data set receives a unique estimate. Conceptually, this upper
capacity asymptote represents the maximum amount of the measured ability that a student is predicted to develop in the future
given their current and past growth trajectories.
Though nonlinear growth models have been previously utilized in educational research (e.g., Cameron, Grimm, Steele,
Castro-Schilo, & Grissmer, 2015), DMM pushes this methodology beyond its traditional implementation. For instance, building on the tradition of nonlinear mixed effects models (NLME;
Cudeck & Harring, 2007), DMMs incorporate individualized
growth trajectories for every student in a data set. However, in
contrast to most NLMEs, the focus of DMM is placed on the
subject-specific random effect for a substantively relevant upper
capacity asymptote.
Interestingly, the relation between DMM models and previous approaches to nonlinear growth modeling is analogous to

the relation between the Rasch model and logistic regression
(e.g., Kamata, 2001). Specifically, in formulating his model,
Georg Rasch (1961) leaned heavily on the principles of logistic
regression but utilized his model specifically for the measurement of student-specific attributes (see Strauss, 1992, for an
explanation of the relation between the Rasch model and logistic
regression). In a similar way, we have built on existing nonlinear
growth modeling frameworks by retooling the model to estimate
student-specific capacities. In this way, although the mathematical core of DMM is not newly derived, DMM conceptualizes
nonlinear growth models in a novel way not considered heretofore: as a method for measuring student capacity.
Also importantly, DMM may be flexibly applied to a number
of substantive research questions that require a diversity of growth
curve shapes. This is because the DMM nonlinear function may
be specified and parameterized differently depending on the
needs of the researcher. For example, J-shaped growth trajectories
(e.g., Michaelis-Menten, von Bertalanffy) may be appropriate for
a wide variety of educational constructs (e.g., vocabulary development) because they feature rapid monotonic growth early on,
with growth slowing down as time progresses, eventually reaching
an upper asymptote. If a lower asymptote or developmental
inflection point are relevant to the growth of a given construct,
DMM can incorporate S-shaped growth trajectories, such as
those described by Schnute curves (Schnute, 1981).
Because the general framework of DMM has only recently
appeared in the statistical literature (McNeish & Dumas, 2017),
there have been no descriptions of the modeling framework targeted to educational researchers who would actually interact
with and use the model to answer substantive research questions.
Additionally, there has been limited evidence presented in the
literature to show that the quantities produced by DMM
improve on current single-timepoint assessment practice. For
example, in DA methodology, the quality of instruction that students receive from clinicians is assumed to be consistently high
(Tiekstra et al., 2016). But unfortunately, researchers who take a
big-data approach to educational research do not have control
over the quality of instruction that students in their data sets
receive. Moreover, if the quality of instruction differs systematically across groups of students, then their ability growth trajectories, and hence their DMM capacity estimates, will also differ. In
this way, DMM estimates from large-scale secondary data sets
are potentially vulnerable to one of the main issues they were
created to solve: the unduly large effect of student demographic
background variables (e.g., SES, race/ethnicity) on single-timepoint measurements.
Therefore, the effect of such demographic background variables on DMM capacity estimates must be a critical empirical
question. A major motivation for the creation of DMM is to
follow in the DA tradition of estimating student capacities from
ability growth trajectories in large-scale data sets, thereby
improving the consequential validity of measurement. However,
the efficacy of DMM to accomplish this goal has not yet been
explicitly tested, and the empirical question still remains: How
affected by demographic variables are DMM capacity estimates?
Is the consequential validity of capacity estimates better than
that of single-timepoint ability assessments?

Fitting a DMM1
To address this critical research question, we utilized the Early
Childhood Longitudinal Survey-Kindergarten (ECLS-K) 1999
cohort (Tourangeau, Nord, Lê, Sorongon, & Najarian, 2009).
These data were collected at seven timepoints: fall and spring of
kindergarten, fall and spring of Grade 1, spring of Grade 3, spring
of Grade 5, and spring of Grade 8. This publicly available data set
contains several thousand variables, including direct cognitive
assessments, teacher reports, parent reports, and a host of questionnaires as well as demographic and background variables. In
this analysis, we utilize mathematics assessment scale scores (not
individual items), which were vertically scaled across timepoints
(i.e., the scores across time are on a single continuous scale).
To fit a DMM, the functional form, or shape, of the growth
trajectory of the ability being modeled must be chosen. To select
the appropriate functional form for our DMM using ECLS-K
mathematics scale scores, we identified a small number of model
types that aligned well with our theoretical modeling goals (i.e.,
they featured an interpretable upper asymptote to estimate student capacity) and then tested their fit to the data empirically.
Specifically, we compared the empirical fit of three different
models with differing functional forms—including S-shaped
and J-shaped growth trajectories—and identified the MichaelisMenten model as the best fitting. The Michaelis-Menten model
posits a J-shaped growth trajectory and was first formulated in
the field of biochemistry to estimate the rate of enzyme reactions
based on the concentration of a substrate (English et al., 2006).
As such, the goals of the Michaelis-Menten model may be appropriate for educational data, in which some quantity (be it mathematics score or chemical reaction rate) grows nonlinearly and
eventually reaches an upper asymptote (either capacity or maximum reaction rate). In fact, in our view, such a description
matches the theoretical conceptualization of ability growth,
capacity, and availability, depicted in Figure 1, which is based on
the DA literature.
Notationally, the Michaelis-Menten growth trajectory of
ECLS-K mathematics scale scores for the ith student in the data
set at the tth timepoint can be written as:
Mathit = β0i +

(βUi − β0i )Time
+ d it
βRi + Time

(1)

where
β0 i = α 0 + ζ 0 i
βUi = αU + ζUi .
β Ri = α R + ζ Ri

(2)

In Equation 1, the three parameters of the Michaelis-Menten
function are: the initial value (b0i), which captures ability when
time is 0 (kindergarten fall in these data); the rate parameter
(bRi), which represents the point in time when ability is halfway
between the initial value and the asymptote; and the asymptote
(bUi), which characterizes the maximum value of the outcome as
time approaches infinity (i.e., the capacity). dit is a residual term
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•• Availability: [(aU + ζUi) - Mathit], which is the predicted
upper asymptote minus the ability at the timepoint of
interest.

Figure 2. Ability, capacity, and availability trajectory plots for
two random samples of 25 students from the Early Childhood
Longitudinal Survey-Kindergarten data set, with superimposed
sample mean trajectory (bold)
that captures the difference between model-implied and observed
values at each timepoint for each individual student. In Equation
2, it can be seen that each of the three beta parameters in
Equation 1 are composed of a population-averaged fixed effect
(a) and a student-specific random effect (ζi). These random
effects allow each person in the data (hence the i subscripts) to
have their own unique growth curve, where each ζi captures the
difference between the subject-specific growth parameter and
the population-averaged parameter estimate. Though not shown
in Equations 1 and 2, the random effects are also allowed to
covary with each other. Further, the residual variances are
uniquely estimated at each timepoint (i.e., no homoskedasticity
assumption is made).
To tie the model back to the theoretical conceptualization in
Figure 1, which is based on the DA literature, the three components map as follow:
•• Ability: [Mathit], which is the mathematics scale score for
the ith person in the data at time t.
•• Capacity: [ai + ζUi], which is the subject-specific asymptote for the ith person in the data. Random effects (ζUi)
are defined to have a mean of 0, so a ζUi value of 0 means
person i has average capacity (relative to the sample), positive scores mean above average, and negative scores mean
below average. The scale is not set to a standard normal
because random effect variances are estimated by the
model and therefore are not equal to 1.
288   EDUCATIONAL RESEARCHER

After identifying the best-fitting functional form, the DMM
was run and the results recorded. As previously mentioned, in
the DMM framework, each of the substantively relevant model
parameters have random effects, and therefore each student has
a subject-specific estimate of each model quantity (e.g., initial
value, capacity, and rate) and thus their own subject-specific
growth curve. To demonstrate this aspect of DMM, 50 students
from the ECLS-K data set were selected at random, and their
ability growth trajectories as well as their capacity asymptotes
were plotted in Figure 2. To make each subject-specific curve
easier to see, the plots in Figure 2 were split into two groups of
25 students each, and the sample mean trajectory was plotted as
a point of comparison.
It is easy to see how these empirical plots in Figure 2 resemble
the theoretical plot in Figure 1, and we contend that such a
match between existing theory and current empirical results may
provide face validity for the suitability of DMM for modeling
learning capacity. However, the functional similarity of these
plots is not strictly sufficient for ascertaining the validity of
DMM capacity estimates. Therefore, before specifically addressing our research question pertaining to the effect of demographic
background variables on capacity, we empirically tested the reliability and convergent validity of DMM estimates
Reliability and Convergent Validity of DMM
Estimates
When fitting a DMM, it is important to keep in mind that student capacities are estimated via empirical Bayes methods (e.g.,
Laird & Ware, 1982; Thissen & Steinberg, 2009) and can be
overly shrunken to the mean if the model is imprecise or too
complex for the data. Such shrinkage would effectively result in
capacity estimates being randomly drawn from a normal distribution. If this were the case, capacity estimates would be neither
reliable nor valid, and further analysis using the capacities would
be moot. Therefore, we undertook an analysis to ascertain
whether in the current DMM the subject-specific capacity estimates were meaningful and not intricately generated statistical
noise.
Specifically, to empirically ascertain the reliability and convergent validity of capacity estimates over time for the ECLS-K
data, we fit a reduced DMM to only the first six timepoints (fall
kindergarten to Grade 5 spring), leaving Grade 8 spring scores
out of the model. Grade 8 spring scores therefore served as a
distal outcome. We used this reduced model, the full DMM
(previously fit to all seven timepoints), and ECLS-K mathematics scale scores at Grade 5 and Grade 8 to (a) determine if capacity estimates are reliable over time, (b) assess whether capacity
estimates are reasonably related to single-timepoint observed
scale scores (i.e., to demonstrate convergent validity between
scale scores and capacity estimates), and (c) ensure that scale
scores and capacity estimates do not correlate too highly because
they are formulated to measure theoretically different quantities.
Such an analysis is reminiscent of but not identical to the

Table 1
Correlation Matrix of Capacity Estimates From the Full and Reduced DMM Model and ECLS-K Scale Scores

Full model capacity
Grade 5 scale score
Grade 8 scale score

Reduced Model Capacity

Full Model Capacity

Grade 5 Scale Score

.934
.799
.679

—
.712
.771

—
—
.836

Note. Full model capacity estimates are from the model fit to all seven timepoints (fall of kindergarten to spring of Grade 8), reduced model capacity estimates are from the
model fit to six timepoints (kindergarten fall to Grade 5 spring), and Grade 5 and Grade 8 observed scores are the test score data included in ECLS-K from the spring of each
respective year. DMM = dynamic measurement modeling; ECLS-K = Early Childhood Longitudinal Survey-Kindergarten; — = entries that are equal to 1 or are redundant
with other elements in the table.

classical multitrait-multimethod matrix method from Campbell
and Fiske (1959).
To accomplish this, we saved the capacity estimates from
both the full seven-timepoint model (which included Grade 8
spring scores) and the reduced six-timepoint model. We then
correlated the full model capacity estimates, reduced model
capacity estimates, Grade 5 spring mathematics scale scores, and
Grade 8 spring mathematics scale scores. These correlations are
reported in Table 1. In interpreting this table, first note that the
correlation between the capacity estimates of the full model and
the reduced model is quite high at r = .934, showing that the
capacity estimates are reliable over time. In fact, this correlation
exceeds the correlation of r = .836 found between Grade 5 and
Grade 8 mathematics scores by a comfortable margin.2 The correlations between capacity estimates and scale scores are also
moderately high (range, .679–771), which appears to provide
satisfactory convergent validity evidence, suggesting that student
capacities are positively related to single-timepoint assessments.
Importantly however, the correlations among the capacities
and mathematics scores are not so high as to lend suspicion that
capacity estimates and single-timepoint scores are synonymous.
Such an observation supports our theoretical contention that
students’ capacities are related to but far from equivalent to their
current abilities. Taken together, Table 1 provides evidence that
the subject-specific capacity estimates appear to be reasonably
related to mathematics scale scores and are quite stable over
time. Put more succinctly, based on this evidence, it is extremely
unlikely that our DMM capacity estimates are the result of a
random process.
Consequential Validity of DMM Estimates
Following our satisfactory assessment of the reliability and convergent validity of DMM capacity estimates, we saved capacity
estimates from the full model for each student in the data set. As
previously discussed, a major goal of DMM is to improve the
consequential validity of measurement by estimating student
capacities that are less affected by demographic background variables than are single-timepoint scores. To investigate whether
DMM is successful in this regard, we fit a sequence of general
linear models (GLMs) that tested the effect of demographic variables on the full model capacity estimates and single-timepoint
mathematics scores. For reasons already discussed, we were interested in the effect of socioeconomic status (SES) and race/ethnicity on these outcome variables. However, there is also evidence

that student gender may influence both the learning opportunities that students receive in school (Eccles, 1986) and the effect
of race and SES on relevant academic outcomes (Riegle-Crumb
& King, 2010). Therefore, gender was also included in this
GLM analysis.
Because the capacity estimates were first saved in the data set
and then the effects of the demographic variables were tested,
this investigation can be described as “two-step” (Bakk, Tekle, &
Vermunt, 2013; Lu & Thomas, 2008; Vermunt, 2010).
Importantly, a “one-step” approach was also a methodological
option, in which the demographic variables could have been
included directly in the DMM as covariates. However, we
declined to test for demographic differences in this manner for a
few reasons. First, because the sample size in ECLS-K is quite
large, the model is highly powered to detect even trivial differences through significance testing (i.e., p values). Therefore, calculating and reporting effect sizes rather than p values is likely
more informative (e.g., Sullivan & Feinn, 2012). However, random effects models like DMMs do not currently have a standard
method to compute effect sizes for covariates. Effect size calculation difficulties are due to the variance partition (McNeish,
Stapleton, & Silverman, 2017; Recchia, 2010), which renders it
questionable whether the within, between, or total variance
should be substituted into effect size formulas. Second, in a onestep approach, we would also not have been able to compare the
effects of demographic variables on the mathematics scale scores
because the ECLS-K data contain scores after calibration (i.e.,
covariates would only predict capacities).
Third and most importantly, including covariates in the
DMM would change the scoring into a conditional process,
meaning scoring procedures would depend on students’ demographic backgrounds (e.g., De Boeck & Wilson, 2004). For
instance, if race/ethnicity was included as a covariate within a
DMM, students with identical assessment scores across all measured timepoints but who have differing ethnic backgrounds
would have different estimated capacities. Though this is desirable in some areas of psychology where conditional scoring has
been shown to produce more accurate subject-specific estimates
(e.g., depression inventories; Cole & Bauer, 2016; P. J. Curran,
Cole, Bauer, Hussong, & Gottfredson, 2016), this is not typically considered to be an appropriate procedure within educational assessment because educationally related constructs (i.e.,
math ability) are typically hypothesized to exist similarly across
demographic groups (Reardon, 2011). As such, investigations of
demographic differences on educational assessments are typically
August/September 2017   289

Figure 3. Plot of omnibus R2 values showing the amount of
total variation explained in scale scores and full model capacity
estimates by gender, race/ethnicity, socioeconomic status, and all
two- and three-way interactions
performed on unconditional scores (e.g., Rogers & Swaminathan,
1993; Swaminathan & Rogers, 1990). Therefore, we performed
a two-step analysis consistent with best practice in the educational assessment literature.
Also following established practice (F. C. Curran & Kellogg,
2016), we used principal component analysis (PCA) to create a
single continuous variable for student SES. The following
ECLS-K variables were utilized in the PCA: family income, free/
reduced lunch status, mother’s highest level of education, father’s
highest level of education, number of books the child has,
whether there is a computer in the home, and whether the parent has volunteered in the child’s school. Importantly, some of
these variables represent monetary income or wealth, while others (e.g., volunteer status) represent a parental investment of
time. In this way, a fuller picture of SES is captured by this component than would be by any single one of the variables. As
expected, there were significant differences in the SES component among race/ethnicity groups, with White students having
the highest average SES component score and Black/African
American students having the lowest average component score.
Specifically, we ran a sequence of GLMs with each ECLS-K
mathematics scale score and the full-model subject-specific
capacities as the outcomes (eight models total) with gender, race/
ethnicity, and the SES component as predictors. Each model
included all two-way interactions and the three-way interaction
between predictors. The reported effects are therefore conditional estimates that attempt to represent the effect of each of the
predictors in the real world, where these variables do not operate
independently. What follows is a discussion of the effect of these
variables on single-timepoint assessment scores as well as DMM
estimated capacities.

Omnibus R2
Figure 3 shows a plot of the GLM omnibus R2 values, which
represent the total proportion of variance in ECLS-K scale scores
and DMM capacities explained by all predictors and interactions
in the GLM. Because the model R2 captures the combined variance explained across each of the predictors in the models, it is a
critical measure of the effect of demographic background
290   EDUCATIONAL RESEARCHER

Figure 4. The effect size (Cohen’s f ) of socioeconomic status on
Early Childhood Longitudinal Survey-Kindergarten scale scores
and full model capacity estimates. The dashed horizontal line at
.10 represents the cutoff for a small effect, and the dashed line at
.25 represents the cutoff for a “medium” effect
variables on single-timepoint assessment scores as well as DMM
capacities.
In Figure 3, note that for the ECLS-K mathematics scores,
the omnibus R2 values fall between 15.8% and 22.8%. On the
other hand, the R2 value for capacity is 9.9%: approximately half
that of the ECLS-K score GLMs. So although a non-negligible
portion of the variation in capacity estimates is explained by
demographic variables, the percentage is noticeably reduced
compared to the single-timepoint scores.

Socioeconomic Status
With each of the predictors as well as their two- and three-way
interactions in the GLMs, the only demographic predictor that
had a consistently non-negligible effect on ECLS-K mathematics scale scores was SES. Therefore, we present the effect sizes
related to SES in Figure 4. Effect sizes depicted in Figure 4 are
Cohen’s f, which fall on the following scale: .10, .25, and .40 for
small, medium, and large effects, respectively (Cohen, 1992).
Effect sizes below .10 are considered to be negligible.
As can be seen in Figure 4, the effect of SES on ECLS-K
mathematics scale scores would be classified on the high side of
a small effect, at times approaching a medium effect. However,
the effect size for SES on capacity is noticeably smaller than each
of the scale scores and is short of the small effect cutoff (i.e., it is
negligible) by a reasonable margin. Specifically, the Cohen’s f
value for the effect of SES on capacity is less than half (a 50%
reduction) of the lowest effect of SES on a single-timepoint score
at Grade 1 spring and less than one-third (a 66% reduction) of
the largest effect at kindergarten fall.
In our view, this finding implies that impoverished students,
despite having developed less ability on average than their more
privileged peers by eighth grade, nonetheless retain a practically
equal capacity for learning in the future. This type of conclusion
is not readily attainable with most other available types of psychometric methods. Therefore, we argue that DMMs hold substantial promise for informing measurement practice and
educational research merely by changing the way that existing
assessment data are viewed and interpreted.

The Promise of Dynamic Measurement Models
In this article, we have demonstrated that, following the predictions of Feuerstein (1979) and others who have argued for a
dynamic approach to assessment (e.g., Sternberg et al., 2002),
when the focus of measurement was shifted from ability or
achievement scores to estimates of student capacity, the combined effect of race, gender, and SES drastically decreased in the
ECLS-K 1999 data set. Such a finding is closely in line with
W.E.B. Du Bois’s (1920/2013) original critique of psychometric
practice, in which he argued that differences among students on
their developed ability levels do not imply differences in those
students’ future capacity for learning.
Although single-timepoint educational assessment methods
focus on students’ past or presently developed academic ability,
we believe that a concomitant focus on students’ developing
capacity would be highly beneficial. DMMs shift the focus of
assessment from how much students currently know to how
much they can grow. As has been demonstrated, such a shift may
be highly desirable for improving the consequential validity of
inferences made about students from testing data—especially
when those students have low socioeconomic status.
Notes
1
While this section provides a general overview of the modeling framework utilized in this study, full information regarding our
methodology—including annotated SAS code used to run the model—
is included with this article as a supplementary appendix (available on
the journal website). Moreover, specific information about the sample
used, properties of the measured variables, and model output are also
included in this appendix.
2
Note that the correlation between Grade 5 and Grade 8 mathematics scale scores should not be interpreted as reliability. These assessments measure different constructs, and it would be expected that some
students may change relative position over time. In contrast, capacity
has the same meaning regardless of whether the terminal timepoint is
Grade 5 or Grade 8, so the theoretical definition of the construct is
unaltered between the reduced and full models.
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