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Economists and managers have long studied whether and how differences
in workers’ skills (human capital) generate differences in workers’ productivity.
In the standard theoretical model, with foundations in the work of Becker (1964)
and Tinbergen (1974), units of labor produce output and workers’ varying skills
make each unit of labor more (less) productive. Recently, Acemoglu and Autor
(2011, 2012), among others, have emphasized the distinction between workers’
skills and the job tasks to which those skills are applied. Competed tasks produce
output, not skills, and thus identically-skilled workers assigned different tasks can
have different output.1
In this paper I demonstrate the value of this skills-tasks distinction using
micro-data on elementary school math teachers. Specifically, I analyze a fieldexperiment in which teachers, with observed measures of math skills, were
randomly assigned to follow different instructional methods for teaching earlyelementary math. Each instructional method is a set of specific tasks which
teachers are asked to carry out in their classrooms.
Understanding how skills and job tasks translate into productivity is
especially relevant and timely in public schools. A consistent empirical literature
documents substantial between-teacher variation in job performance, especially
teacher productivity as measured by teachers’ contributions to student test score
gains. In recent years, these differences in teacher performance have become
central to political and managerial efforts to improve public schools. Yet
relatively little is known about what causes this variation. In particular, several
plausible measures of relevant skills do not consistently predict differences in
teacher productivity; this lack of evidence is, however, not for lack of research
effort. Evidence on how job tasks affect teacher productivity is, in comparison,

1

While formalized in Acemoglu and Autor (2011, 2012), this model incorporates prior work by
Autor, Levy, and Murnane (2003), Acemoglu and Zilibotti (2001), and Costinot and Vogel (2010).
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even scarcer.2 Moreover, interactions between skills and tasks have not, as far as I
am aware, been explicitly studied with empirical data.3 This lack of information
on the causes of productivity differences constrains teacher policy and
management.
I study teachers’ math skills as measured by the Mathematical Knowledge
for Teaching (MKT) test, and variation in teachers’ tasks between two different
approaches to teaching early-elementary math codified in commercially published
materials. The MKT, administered pre-experiment, is designed to test a teacher’s
knowledge of math concepts and procedures per se, as well as her knowledge of
how young students (mis)understand the math they are learning (Hill, Schilling,
and Ball 2004, Hill, Rowan, and Ball 2005). The two approaches to teaching,
randomly assigned to schools, can be characterized as “direct instruction” and
“student-led” methods. In direct instruction classrooms, the more conventional of
the two approaches, teachers explicitly describe and model math concepts and
procedures, and students practice skills frequently. In student-led classrooms the
students are expected to reason-through and articulate math concepts with each
other, while teachers “facilitate conversations” and “help students express their
thoughts” with a “focus on [students’] understanding, rather than on students
answering problems correctly” (Agodini et al. 2010, pp. xxi, 6-7).
I show, first, that students’ math test scores are positively correlated with
their teacher’s math skills, as measured by MKT score; but this correlation goes to
zero after accounting for the non-random sorting of students to teachers. Second,
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For a review of the literature on teacher performance generally, including the evidence on skills
and job tasks, see Jackson, Rockoff, and Staiger (2014). Rockoff et al. (2011) provide a thorough
review of existing evidence on the role of teacher skills. I discuss the literature in Section 1 of this
paper.
3
In the closest work that I am aware of, Stein and Kaufman (2010) study the extent to which
elementary math teachers successfully or faithfully follow the instructional methods they are asked
to use. They do not find any correlation between implementation and teachers’ knowledge,
education, or job experience.
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however, I show that this apparent zero correlation masks meaningful
heterogeneity caused by the different tasks (instructional methods) teachers are
assigned. The correlation between teacher skills and productivity is positive when
teachers use “direct instruction” methods. By contrast, the correlation is much
weaker, perhaps even negative, when teachers use a “student-led” approach to
teach math. In short, whether and how a teacher’s math skills contribute to her
productivity depends on how she is asked to teach math. Student-led and direct
instruction methods generate quite different relationships between skills and
productivity, as measured by teachers’ contributions to testable student learning.
Importantly, productivity differences between student-led and direct
instruction methods are apparently driven by high-skilled teachers not their
average- and low-skilled colleagues. Comparing only classrooms with teachers in
the top-tercile of MKT scores, students taught with the student-led methods score
0.11 standard deviations lower at the end of the year than their peers taught with
more-conventional direct instruction. By contrast, there is no significant
difference across classrooms with teachers in the bottom- or middle-tercile of
MKT rank.
These higher returns to math skills for teachers using direct instruction are
consistent with the key differences in tasks between direct instruction and studentled methods. Direct instruction methods, far more frequently than student-led
methods, rely on the teacher to demonstrate and explain math concepts and
procedures to her students. The ability to correctly demonstrate and explain—an
ability measured by the MKT test—will have more value in direct instruction
classrooms.
Causal interpretation of these estimates relies largely on the random
assignment of schools and teachers to the instructional-method treatment
conditions. Within any given treatment condition the slope of the relationship
between teacher MKT and student test scores is not causally identified, but the
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differences in slope across treatment conditions are casually identified. The slopes
may be biased by omitted variables, though I show that my estimates are robust to
several common and less-common measures of teachers.
This paper is the first, of which I am aware, to demonstrate that the job
tasks teachers’ are assigned partly determine the returns to teacher skills in
education production, and partly determine the variability in teacher productivity
more generally. The results suggest decisions about how teachers’ are asked to
teach can be as important as decisions about who is hired to teach. More
generally, these results show the value of conceptually separating workers’ skills
and job tasks when proposing empirical tests of the relationships between skills
and productivity.

1. Existing evidence on teacher productivity, skills, and job tasks
A consistent empirical literature documents substantial between-teacher
variation in job performance—variation revealed by differences in observable
student outcomes (for a review see Jackson, Rockoff, and Staiger 2014). Indeed,
economists have been studying teacher productivity, as measured by contributions
to student learning growth, for more than four decades (with original work by
Hanushek 1971 and Murnane 1975). In a typical result, students assigned to a
teacher at the 75th percentile of the job performance distribution will score
between 0.07-0.15 standard deviations higher on achievement tests than their
peers assigned to the average teacher. Newer evidence documents equally
important between-teacher variation with non-test-score outcomes, including
students’ non-cognitive skills (Jackson 2016) and students’ long-run economic
and social success as adults (Chetty, Friedman, and Rockoff 2014b). Evidence on
what causes these differences in teacher performance is much scarcer.
Differences in teachers’ skills—each teacher’s stock of current capabilities
whether innate, or acquired by training or experience, or both—are an intuitive
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explanation for differences in productivity. Indeed, a large body of research has
examined several types of relevant skills and several plausible measures,
including: (i) general cognitive ability, often measured by prior academic success;
(ii) specific knowledge of the subject the teacher is assigned to teach; (iii)
teaching-specific skills, often measured by certification exams; and (iv) noncognitive skills, interpersonal skills, and relevant personality traits. No consistent
patterns emerge from reading this research; some skill measures explain
performance differences in one setting but not in another (for reviews see Rockoff
et al. 2011 and Hanushek 1997).
There are at least two hypotheses for the lack of consistent patterns. First,
the returns to specific skills depend on the job tasks those skills are applied to;
different research results may partly reflect differences in the sampled teachers’
jobs. Second, many (most) easily-observable measures of teaching skills are
empirically poor measures (e.g., noisy, little variation). This paper is partly
motivated by the first hypothesis. The second hypothesis is a critical consideration
in selecting a measure of skills to test the first hypothesis.
Two notable results suggest the importance of hypothesis two and of
selecting skill measures. First, Rockoff and coauthors (2011) and Dobbie (2011),
each studying different data, show that composite indices composed of several
skill measures do meaningfully predict teacher performance, but that the
individual components are not predictors. In Dobbie’s data the index may explain
more than half of the variance in teacher test score effects (Jackson, Rockoff, and
Staiger 2014 p. 806). Second, several recent studies examine the highly teachingspecific skills measured in formal classroom observations; in these observations
trained raters score teachers on a dozen or more specific instructional practices.
These observed-skills measures also meaningfully predict teacher job

5

performance (for example, Kane et al. 2011, Kane et al. 2013, and Jacob et al.
2016).4
In this paper I measure teachers’ math skills using scores from the
Knowledge of Mathematics for Teaching (MKT) test developed by Heather Hill
and Deborah Ball (Hill, Schilling, and Ball 2004, Hill, Rowan, and Ball 2005). As
I describe in greater detail in Section 2, the MKT is designed to measure math
skills which are particularly relevant to teaching elementary-level math, not
simply to test knowledge of mathematics per se. Empirically, teachers’ MKT
scores have been shown to predict their students’ math test outcomes (see for
examples, Hill, Rowan, and Ball 2005, Rockoff et al. 2011, Hill et al. 2012).
Like differences in skills, differences in teachers’ assigned job tasks likely
contribute to differences in observed teacher productivity, but empirical studies
on this topic have been comparatively rare. The most common, relevant evidence
focuses on differences in job tasks vary between grade levels or course subjects,
or across schools; performance does change when a teacher’s job changes on
these dimensions (for a review see Jackson, Rockoff, and Staiger 2014).
Differences in schools’ use of instructional computer technology also affect
teacher performance, and the effects appear to vary depending on teachers’ skills
(Taylor 2015).

2. Experimental setting, treatments, and data
Data for this paper were collected during a field-experiment in first and
second grade math instruction. Schools, and thus their teachers, were randomly
assigned to follow different instructional methods for teaching math—the
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A third notable result is also highly suggestive. Several studies now provide convincing evidence
of returns to on-the-job experience in teaching (for example, Rockoff 2004, Rivkin, Hanushek,
and Kain 2005, Papay and Kraft 2015). Of course, “years of experience” is not a direct measure of
specific skills (different teachers learn different skills on-the-job), but it is likely correlated with a
number of different skills. Thus years of experience is another kind of composite skill measure.
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treatment conditions—but the math concepts teachers were asked to cover during
the school year did not vary.5 Alongside this experimental variation in teachers’
job tasks, the study team tested teachers to measure math skills at baseline, and
tested students pre- and post-experiment to measure learning growth. All data
were collected during the first year of treatment (either 2006-07 or 2007-08); for
most teachers and schools this was the first school year using the assigned
instructional methods.6
In this paper I examine whether and how teachers’ skills and assigned job
tasks interact in the production of student learning. The critical features of the
data, which I discuss in this section, are measures of teachers’ skills and student
learning, and exogenous variation in teachers’ job tasks. While the data necessary
for the current paper’s research questions were collected by the original
experiment team, the questions were not addressed in their analysis.7

5

To be more specific, the state math curriculum (content) standards did not vary across treatment
conditions (randomization was at the school level within districts). Curriculum standards define
what math concepts teachers are expected (asked) to teach.
While the expectations did not vary, there may have been variation in the sequence of concepts
or the amount of time spent on a concept. There are no data on sequence, but some data on time
spent. In a post-treatment survey teachers were asked how many lessons they taught during the
year for 20 different topics, for example, “adding and subtracting, with whole numbers” and
“decimals.” The first two factors of the 20 items explain 83 percent of the variation in reported
time spent on different topics. Measured by these two factors, teachers in the “student-led”
condition (see Section 2.1) spent less time on the given math topics than did teachers in the “direct
instruction” condition, about one-third of a standard deviation less. However, these differences do
not covary with teachers’ MKT scores. These results are shown in Appendix Table A1.
6
The original study was funded by the Institute for Education Sciences, U.S. Department of
Education, and carried out by Mathematica Policy Research and SRI International. The discussion
in this section focuses on topics most relevant to the current study. Additional topics and details
can be found in the original experiment study report (Agodini, Harris, Thomas, Murphy, and
Gallagher 2010), including extensive descriptions of the four treatment conditions’ instructional
methods and approaches.
Original descriptions of the experiment and results refer to the four treatment conditions as four
different “curricula.” I use the term “instructional methods” or “methods” since, for many readers,
the word “curriculum” would imply treatment variation in the math concepts (or standards)
teachers were asked to teach.
7
The original reports include just one analysis using the MKT scores: Among a list of several
effect heterogeneity analyses, differences in student test scores across conditions (i.e., treatment
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Table 1 describes the study participants, including 80 schools with nearly
600 teachers and their students. By design, the sample focuses on relatively highpoverty settings: three-quarters of schools were eligible for school-wide Title I
funding, and about half of students are eligible for free or reduced price lunch.
More than half of students were Latino or African-American, and one in seven
was an English language learner. Teachers had, on average, 12 years of
experience, nearly eight years in their current school. Just under half of teachers
had a master’s degree (in any field), and half reported having taken one or more
advanced math classes in college.
2.1 Experimental treatments—variation in teachers’ job tasks
In this paper I compare teachers in two experimental conditions: those
assigned “direct instruction” tasks and those assigned “student-led” tasks.
However, schools were originally randomly assigned, within blocks, to one of
four treatment conditions.8 Each of the four conditions is an approach to teaching
elementary mathematics codified in a commercially published set of teacher
instructions and materials. As described in the following paragraphs, the firstorder differences between the four approaches are differences in the use of “direct
instruction” methods and “student-led” methods, and so for this paper’s analysis I
collapse the four original conditions into two conditions.
The four original conditions are known by the commercial names
Investigations in Number, Data, and Space; Math Expressions; Saxon Math; and
Scott Foresman-Addison Wesley Mathematics. Collectively Investigations, Saxon,

effects) were estimated separately for teachers in two groups: those in the bottom quintile of the
sample MKT distribution, and all other teachers.
8
Randomization blocks were defined by district and observable characteristics. By rule, each
block includes at least four schools and at most seven. If a district has four schools there is one
block, if eight schools then two blocks, etc; and if five schools then one block, if nine schools then
one block of four and one of five, etc.
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and SFAW are used in about one-third of K-2 classrooms; Expressions is a
relatively new product (Agodini and Harris 2010).9
The contrast between “direct instruction” and “student-led” methods
captures the first-order differences between the four original conditions. Saxon
and SFAW make extensive use of direct instruction or teacher-directed methods,
but few, if any, student-led methods. In direct instruction, teachers explicitly
describe and model math concepts and procedures, sometimes following a
provided script; and students practice skills frequently. By contrast, Investigations
is a strongly student-led or constructivist approach to teaching. Student-led
methods “focus on [students’] understanding, rather than on students answering
problems correctly” (Agodini et al. 2010, p. xxi). In student-led classrooms,
students are expected to reason-through and articulate math concepts with each
other, while teachers “spend much of their time facilitating conversations among
students, helping students express their thoughts, and guiding students to a deeper
understanding of math” (Agodini et al. 2010, p. 6-7). Expressions is designed to
combine both direct instruction and student-led methods, though written
descriptions suggest greater weight is given to direct instruction activities.
These differences between conditions can be seen empirically in Table 2
using data collected during classroom observations.10 Trained observers spent, on
average, 1.5 hours in each classroom recording the frequency of dozens of
specific teacher practices and behaviors. For example, observers tallied the
number of times the teacher “tells information [or] models procedures” and
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The four products were selected in a competitive process conducted by IES. Investigations and
SFAW are published by Pearson Scott Foresman. Expressions and Saxon are published by
Houghton Mifflin Harcourt.
10
Complete details regarding the classroom observations are provided in Agodini et al. (2010).
Among those details, first, Agodini and coauthors report evidence of strong inter-rater reliability.
Second, teachers were randomly selected for classroom observation from among all study
teachers: 82 percent of 1st grade teachers and 90 percent of 2nd were selected for observation,
with response rates of 96 and 91 percent respectively.
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“probes for [a student’s] reasoning or justification of a solution.” Using factor
analysis I reduce these detailed data to two summary measures: teacher behavior
characteristic of (i) student-led methods and (ii) direct instruction. These are the
first and second predicted factors, which together explain nearly two-thirds of the
variation in the observation data (39 and 24 percent of the variation
respectively).11 Table 2 Column 1 reports results from a simple regression of the
student-led factor (mean zero, standard deviation one) on indicators for the four
treatment conditions and fixed effects for the randomization blocks; standard
errors are clustered at the school level. Column 2 reports the same for the direct
instruction factor.
As measured in classroom observations, teachers assigned to the Saxon
and SFAW conditions used direct instruction methods much more often—over one
standard deviation more often—than teachers assigned to Investigations. In
parallel, Investigations teachers used student-led methods much more often than
Saxon or SFAW teachers, differences of 0.96 and 0.43 standard deviations
respectively. Teachers assigned to Expressions use direct instruction methods
about as often as Saxon and SFAW teachers; but are more likely to use student-led
methods, though not reaching Investigations levels.
In contrast to these differences in teachers’ use of direct instruction and
student-led methods, there are no (statistically significant) differences on a
measure of classroom management or environment also drawn from the
observation data. Observers rated classroom environment on 31 characteristics,
separate from the frequency of teacher practices data used above. Items including
“student behavior disrupts the classroom,” “class time is spent on understanding
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All the included measures and factor weights are detailed in Appendix Table A2. The original
analysis by Agodini et al. (2010) also involved a similar factor analysis; the results are comparable
to the factor loadings reported here (see their Table C.2) including a first “student-centered” factor
and second “teacher-directed” factor.
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or practicing math,” and “teacher has techniques for gaining class attention in less
than 10 sections” were each scored on a four point scale from “1 = not at all
characteristic (almost never)” to “4 = extremely characteristic (almost always
evident)”. In Column 3 the dependent variable is the first predicted factor from
these 31 items.12 In short, teachers’ assigned condition did not affect observed
classroom management.
To streamline the analysis and discussion in this paper, I collapse the four
original conditions into two conditions: (i) “direct instruction” approaches
combining Saxon and SFAW, and (ii) the “student-led” approach Investigations.
Given the intermediate nature of Expressions, I do not use the Expressions
observations in this paper’s main analysis. As shown in the appendix, however,
the pattern of results is quite robust to adding Expressions into the “direct
instruction” group.
There are two notable limitations to using these experimental treatments to
study the teacher tasks that characterize direct instruction and student-led
methods. First, Investigations is the only example of student-led methods, though
it was selected for the original study in part to represent student-led approaches
more generally. Second, the data were collected during a single school year; for
most teachers in the student-led condition this was their first year using studentled methods.13 A teacher’s use of any approach or set of materials is likely to
improve in the second year and beyond.
One important final note about the treatment conditions: there are
differences across conditions in post-experiment student math test scores. I
estimate that student test scores are highest, on average, with Saxon, followed by
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This first factor accounts for 62 percent of the variation in these environment items. The full list
of items and factor loadings are reported in Appendix Table A3. The results are quite similar using
the simple average of the 31 items, after reversing the scale of negatively framed items.
13
The experiment team collected (planned to collect) data during the second year of
implementation in some schools. Those data are not yet available.
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Expressions (0.02σ, student standard deviations, lower than Saxon), Investigations
(0.05σ lower than Saxon), and SFAW (0.10σ lower than Saxon). However the only
statistically significant differences are that Saxon and Expressions scores are
higher than SFAW scores.14 This pattern is the same basic pattern of results
reported in the original analysis of the experiment by Agodini and coauthors
(2010).15,16 These effects are meaningful. The 0.10σ difference between Saxon
and SFAW is at least as large as the difference in test scores between the
classrooms of novice teachers and teachers with five year experience (Rockoff
2004, Papay and Kraft 2015), and is half as large as the effect of reducing class
size by 30 percent in early elementary grades (Kruger 1999). However, the rank
ordering by test scores does not align with the direct instruction versus student-led
dimension. As reported later in Table 5, there is essentially no difference in
average test scores on the binary comparison of direct instruction and student-led
methods.
2.2 The MKT test—a measure of teachers’ math skills
Notably among the data collected, each teacher’s own math skills were
measured with a pre-experiment test. The Mathematical Knowledge for Teaching
(MKT) test is designed to measure both teachers’ knowledge of mathematics per
se and knowledge of pedagogy specific to teaching math (Hill, Shilling, and Ball
2004, Hill, Rowan, and Ball 2005). The latter skill includes, for example,
“providing grade-level-appropriate but precise mathematical definitions,
14

These results are detailed further in Appendix Table A4. The estimation follows the
conventional approach to estimating treatment effects as described in Section 3.
15
Agodini et al. (2010) estimate effects separately for 1st and 2nd grades (Table III.2). Averaging
the 1st and 2nd grade estimates from Table III.2, the differences from Saxon are 0σ for
Expressions, -0.08σ for Investigations, and -0.12σ for SFAW. The Agodini et al. point estimates
differ some between grades, but those differences are not statistically significant. Additionally, I
have (very nearly) replicated the results in Table III.2 of Agodini et al. (2010) following their
description of the original methods.
16
Other evaluations have examined Investigations, Saxon, and SWAF individually; they generally
find no effects, but the counterfactuals are difficult to define (see the review in Agodini and Harris
2010).
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interpreting and/or predicting student errors, and representing mathematical ideas
and procedures in ways learners can grasp” (Hill, Kapitula, and Umland 2011, p.
804).17 An example MKT item is shown in Figure 1. The test’s reliability is quite
high, for example, Hill and coauthors (2012) estimate an IRT reliability of 0.940.97.
The MKT test is a widely used measure in education research, appearing
in dozens of studies over the past decade.18 For example, and relevant to judging
the test’s validity for this study, MKT scores predict teaching skills measured in
classroom observations, both observations of general teaching skills and mathspecific skills (Hill, Kapitula, and Umland 2011, Hill et al. 2012). Use in
economics is rare, however. Rockoff et al. (2011) and Jacob et al. (2016) study
teacher hiring decisions and what information on applicants might improve those
decisions, including MKT test scores and many other measures.

2.3 Student test scores and other data
Students were tested pre- and post-experiment using math tests developed
for the ECLS-K study.19 Both the 1st grade and 2nd grade forms include questions
in several areas—number sense, properties, and operations; measurement;
geometry and spatial sense; data analysis, statistics, and probability; and patterns,
algebra, and functions—though the weights differ by grade. Consistent with
available data from the original ECLS-K, test score reliabilities in this study’s
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While conceptually distinct, the math ability and math teaching skills sub-test scores are
correlated 0.97, at least in the sample for this study. Throughout the paper I use the univariate
overall MKT score.
18
Additional information on the MKT test, including many example items and a list of research
studies using MKT, is available from the Learning Mathematics for Teaching Project at the
University of Michigan: http://www.umich.edu/~lmtweb/.
19
Not all students in participating schools and classrooms were tested. Given cost constraints, a
sample of students was randomly selected within each class for testing. In the results presented in
the paper I weight student-level analyses by the inverse probability of selection. However, the
results are robust to equal weighting.
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sample fall between 0.88-0.93 (Rock and Pollack 2002, Agodini et al. 2010).
Beginning with the scale scores, I standardize both pre and post scores (mean
zero, standard deviation one) within grade. ECLS-K test scores are a common
outcome measure in empirical research. In economics ECLS-K scores have been
used to study, in the most common examples, race and gender gaps (Fryer and
Levitt 2004, 2010, Bond and Lang 2013) and education in early childhood
(Bedard and Dhuey 2006, Classens, Duncan, and Engel 2009, Neidell and
Waldfogel 2010).
The available data also include, as listed in Table 1, the several traditional
student demographic characteristics, as well as many details on teacher
demographics, experience, and education. There are also data from classroom
observations and teacher surveys, both designed to measure what activities
occurred in study classrooms and what math content was covered during the
school year. I describe these data as they arise in the analysis.
2.4 Baseline covariate balance and attrition
Causal interpretations of many results in this paper rely on the success of
the original randomization to treatment conditions. Using the traditional test of
random assignment, in Table 1 I compare the average pre-treatment
characteristics of students, teachers, classes, and schools across the direct
instruction and student-led conditions. The samples are well balanced. There is
some evidence of differences in teachers with a master’s degree, but these are two
of more than twenty characteristics tested.20
My measurement of teacher productivity requires student observations
with both pre- and post-experiment test scores. Thus, even if samples were
balanced at baseline, differential attrition across conditions could bias my

20

The results are very similar if I test for covariate balance across the four separate original
treatment conditions. The results for the attrition tests in the next paragraph are also very similar.
These alternative results are provided in the Appendix Tables A5 and A6.
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estimates. Since, as I describe shortly, teacher productivity is measured with
student test score growth, attrition correlated with baseline score is of particular
concern. As shown in Table 3, there is little evidence of differences in attrition
patterns: no differences in attrition rates for direct instruction and student-led
conditions (Columns 1-2), and no differences in the relationship between baseline
test scores and likelihood of attrition (Column 3). Similarly, there is little
evidence of differences in teacher attrition: no differences in response rates to the
MKT test (Column 4), and no differences in attrition before the end of the
experimental school year (Column 5).

3. Math skills, teacher productivity, and the effect of instructional methods
My first two empirical objectives are to (i) estimate the relationship
between teachers’ math skills, as measured by their MKT scores, and student test
scores; and (ii) test whether the instructional methods teachers’ are assigned to
follow affect that relationship. As stated in these objectives, I focus on one aspect
of teacher productivity: a teacher’s contribution to student academic achievement
as measured by test score growth. A large literature documents substantial
variability in this aspect of productivity (Jackson, Rockoff, and Staiger 2014
provide a review), and recent evidence suggests that variability is predictive of
teacher productivity differences measured with students’ long-run economic and
social outcomes (Chetty, Friedman, and Rockoff 2014b). In general, the data and
my analysis cannot cover all aspects of teachers’ job skills, job tasks, and job
responsibilities; but the foci in this paper are first-order aspects of each category.
3.1 Teachers’ math skills and student test scores
Teachers’ MKT scores and their students’ math test scores are positively
correlated. This is apparent in Table 4 Column 1 which reports the result of a
simple bivariate regression: student 𝑖’s post-experiment math test score regressed
on her teacher 𝑗’s MKT score (both variables are standardized, and additional

15

estimation details are described in the next section). Students assigned to a teacher
with top-quartile math skills score about 0.073σ (student standard deviations)
higher at the end of the school year than do their peers assigned to an averageskilled teacher.
However, that positive correlation may be explained by non-random
assignment of students to teachers.21 The regression reported in Table 4 Column 2
is identical to Column 1 except that I have added controls for student 𝑖’s preexperiment test score; specifically, a quadratic in baseline test score where the
parameters are allowed to differ in each grade-by-year cell. With this one control
the correlation shrinks toward zero by more than half. Column 3 adds school fixed
effects, and the point estimate is then essentially zero.22 Empirical evidence from
other settings suggests these two controls, prior test score and school fixed effects,
are critical in accounting for between-school and within-school sorting of students
to teachers (Kane and Staiger 2008, Chetty, Friedman, and Rockoff 2014a).
Adding additional student, class, and teacher characteristics as controls does not
change the result, see Column 5.
The non-random assignment of students to teachers can also be seen by
regressing student 𝑖’s pre-experiment math test score on her teacher 𝑗’s MKT
score, as shown in Table 4 Column 6 (bottom panel). The coefficient falls when
randomization block fixed effects are included in Column 8, but there is still
evidence of within-school sorting. In short, better students are assigned to better

21

While the instructional methods treatment conditions were randomly assigned, students were
not randomly assigned to teachers or classes.
22
While school fixed effects may be preferable to account for non-random sorting, most estimates
presented in the paper use randomization block fixed effects instead of school fixed effects,
primarily to permit the estimation of treatment condition main effects. In general the patterns of
results presented in the paper are robust to using school fixed effects, for example compare Table
4 Columns 3 and 4. Estimates using school fixed effects are provided in Appendix Table A7. The
robustness is likely due in part of the relatively small size of the randomization blocks. Moreover,
compared to the large urban districts common in empirical research, this study’s districts have
fewer schools on average and thus less scope for sorting across-schools within a district.
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teachers, at least better on the MKT dimension. This kind of within-school sorting
has been documented elsewhere using other observable teacher characteristics
(Clotfelter, Ladd, and Vigdor 2005, Kalogrides, Loeb, and Beteille 2013).
3.2 The effects of assigned instructional methods
The evidence presented so far offers little support for the hypothesis that
differences in teachers’ knowledge of math content and pedagogy contribute to
differences in student math learning. However, the null average relationship
described above may mask meaningful, but heterogeneous, relationships that
depend on how teachers are asked to teach. For example, as suggested in the
introduction, the day-to-day tasks of direct instruction likely rely on teachers own
math knowledge more frequently than the tasks of student-led methods.
The focus of this section is on estimating the effect of assigned
instructional methods, the treatment conditions, on the relationship between
teachers’ skills and student learning. The treatment effect estimates, reported in
Table 5, are obtained by fitting variations of the following model:
𝐴𝑖,𝑡 = 𝑓(𝑀𝐾𝑇𝑗(𝑖) ) + 𝛿𝑇𝑠(𝑖) + ℎ𝑔(𝑖),𝑦(𝑖) (𝐴𝑖,𝑡−1 ) + 𝑋𝛽 + 𝜏𝑏(𝑠) + 𝜀𝑖,𝑡 ,
(1)
where 𝐴𝑖,𝑡 is the post-experiment end-of-school-year math test score for student 𝑖.
Each student is observed in only one school year, in 1st or 2nd grade, assigned to
one teacher 𝑗 at school 𝑠. 𝑇𝑠(𝑖) is an indicator = 1 for the “student-led” treatment
condition, which was randomly assigned at the school level. The “direct
instruction” condition is the omitted group. The function ℎ is a quadratic in preexperiment beginning-of-school-year test score, 𝐴𝑖,𝑡−1 , interacted with grade-byyear indicators, allowing the quadratic parameters to vary on those dimensions.
The vector 𝑋 includes several student, class peer, teacher, and school observable
characteristics, notably among them teacher experience and an indicator for
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having experience with the assigned product previously.23 Last, 𝜏𝑏(𝑠) is a series of
fixed effects for the randomization blocks to account for the unequal probabilities
of selection into treatment conditions.
Two additional notes on methods before discussing the estimates and their
interpretation: First, throughout the paper, I report cluster-corrected standard
errors which allow for correlation of 𝜀𝑖,𝑡 within schools (the unit of random
assignment). Second, as described in Section 2, not all students in participating
schools were tested; students were randomly sampled within classrooms. In all
results presented, I weight by the inverse of the probability of selection. The
pattern of results is the same in estimates without weighting.
The current research question can be thought of as comparing different
ways to specify 𝑓(𝑀𝐾𝑇𝑗(𝑖) ) in Model 1. The results discussed in the previous
section are estimates where 𝑓(𝑀𝐾𝑇𝑗(𝑖) ) is a single constant linear term, i.e., 𝑓 =
𝛼 ∗ 𝑀𝐾𝑇𝑗(𝑖) ; recall that 𝛼̂, the relationship between teachers’ MKT scores and
their students’ test scores, was close to zero and statistically insignificant.
Contrast those null results with the results in Table 5 Column 2 which uses the
specification in Equation 1, and lets 𝛼 vary by treatment condition, i.e., 𝑓 =
𝑀𝐾𝑇𝑗(𝑖) ∗ 𝑇𝑠(𝑖) ∗ 𝛼. For teachers assigned to use direct instruction 𝛼̂ is positive,
0.024 (different from zero p-value = 0.081), but for teachers assigned to use

23

11 percent of teachers had used their assigned product previously.
The complete list of covariates is, for student 𝑖, indicators for female, African-American,
Latino, and English learner; and a quadratic in age. For teacher 𝑗, indicators for female, white,
master’s degree, having taken advanced math courses, having used the assigned product
previously, and novice teacher; linear terms for years since MA degree and age; and quadratics in
total experience, experience at the school, and professional development hours previous school
year. These student and teacher variables are occasionally missing; for each student and teacher
covariate replace missing values with zero and include an indicator variable = 1 for if the
covariate is missing for the observation. The results presented in the paper are robust to excluding
observations with missing values. For peers in teacher 𝑗’s class with student 𝑖, linear terms for the
mean and standard deviation of pre-experiment test score. For school 𝑠, linear terms for the
proportion of students eligible for free or reduced price lunch and title 1 eligible.
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student-led methods 𝛼̂ is negative, -0.048. The 𝛼̂ for direct instruction is relatively
less precisely estimated; I cannot reject a slope close to zero or a slope twice as
large as the estimate. The 𝛼̂ for student-led relatively more precise; it is
significantly different from the 𝛼̂ for direct instruction condition (p-value =
0.005), and significantly different from zero (p-value = 0.001).
In other words, for direct instruction there is an apparent positive
relationship: students assigned to a teacher with better math skills do score higher
on math tests at the end of the school year. But for student-led methods there is an
apparent negative relationship: students assigned to a teacher with better math
skills score lower in the end.
The estimated magnitudes of these differences are educationally and
economically meaningful. In schools using student-led methods, a one standard
deviation difference in teacher math skills (MKT scores) translates into a 0.05σ
difference in student test scores. For comparison, one standard deviation in total
teacher contribution to student test scores is typically estimated to be 0.10-0.20σ
(Jackson, Rockoff, and Staiger 2014). Thus a 0.05σ difference is one-quarter to
one-half of the total between-teacher difference student achievement. More
concretely, 0.05σ is half, or more, of the difference between a novice teacher and
a teacher with five years of experience (Rockoff 2004, Papay and Kraft 2015).
Additionally, 0.05σ is roughly one-quarter the estimated gain from doubling the
amount of class time middle and high school students spend in math (Taylor
2014, Cortes, Goodman, and Nomi 2015). In schools using direct instruction, the
slope is half as large 0.024σ, but still meaningful.
Additionally, the estimated difference in MKT-slope between direct
instruction and student-led conditions is much larger than the estimated difference
in mean student test scores between the two conditions (see Table 5 Row 1). The
estimated difference in MKT-slope is also large in comparison to the pairwise
differences in mean test scores. Recall that the largest difference was that Saxon
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students score 0.10σ higher than SFAW students, on average, and that all pairwise
differences between the four original conditions were between 0.02-0.10σ (see
Appendix Table A4). The comparison of the MKT-slope differences to the mean
differences suggests the interaction of teachers math skills and assigned teaching
tasks is a first-order consideration for school leaders choosing among different
approaches.
Should these results be interpreted as causal relationships? In short, the
slope of the relationship between MKT scores and student scores—the 𝛼̂ for each
of the two conditions—should not be given a strong causal interpretation. These
slopes are potentially biased by omitted variables. But the difference in slopes can
plausibly be interpreted casually. The difference in slopes is substantially less
threatened by omitted variables because the treatment conditions were randomly
assigned.
First consider the individual slope estimates. Causal interpretation of
either individual slope requires the assumption that 𝑀𝐾𝑇𝑗(𝑖) is uncorrelated with
the error term, 𝜀𝑖,𝑡 ; otherwise the slope estimate will be biased by omitted
variables. Teachers, and workers generally, bring a bundle of correlated skills to
their jobs, and the unobserved skills are a perennial concern in studying how one
or a few specific skills affect productivity. I have no new identification strategy to
offer in this paper. My estimates do, however, address critical sources of potential
bias. Recent empirical evidence suggests that bias arising from the non-random
sorting of students to teachers is well addressed by including controls, as I do in
Model 1, for students’ prior test score, school fixed effects, and other commonly
available covariates (Kane and Staiger 2008, Kane et al. 2013, Chetty, Friedman,
and Rockoff 2014a). Still, even if students were randomly assigned to teachers,
studying any single measure of teacher skill, like MKT scores, remains subject to
bias from other omitted measures of teacher skill. In this case I can control for a
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much richer set of teacher characteristics than is usually possible, for example,
whether the teacher has taken advanced math courses. Encouragingly, the
estimates of interest are not substantially different with and without this rich set of
teacher controls; Table 5 Column 3 without any controls is quite similar to
Column 2, and the same is true for several other permutations of included teacher
covariates not reported here.
One plausible omitted variable not available in this paper’s data is a
measure of teachers verbal or language skills. There is, however, some relevant
evidence from other settings. Rockoff and coauthors (2011) observe teachers’
SAT verbal scores, along with MKT scores and student test scores. The estimates
in Rockoff et al. (2011) suggest omitting verbal skills may negatively bias the
slope on MKT by 16 percent.24 The potential bias is relatively small in part
because MKT scores and SAT verbal scores are only moderately correlated at
0.38. Hill, Rowan, and Ball (2005) report a similar correlation of 0.39 between
MKT and a measure of teacher knowledge for teaching reading.
Now consider the difference in slopes. Interpreting this change in slope as
a causal effect of switching from direct instruction to student-led methods
requires a weaker identifying assumption: that any omitted viable bias is
independent of treatment assignment. This assumption rests primarily on the
random assignment of schools which, as discussed in Section 2, appears to have
been successful. Table 4 Column 10 provides some additional evidence of
successful random assignment. Notably, while students may be sorted to teachers,
so that baseline test scores are correlated with teacher MKT scores, that form of
sorting does not appear to be different across schools assigned to different
treatment conditions. However, random assignment does not justify the
identifying assumption necessarily. Omitted viable bias will be the product of the
24

Rockoff and coauthors (2011) estimate the slope on teacher MKT scores at 0.019 (st.err. 0.011)
which is within the confidence interval of the estimate for the direct-instruction condition.
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relationship between the omitted variable and MKT score, and the relationship
between the omitted variable and student test scores. The latter of these two
relationships may be affected by treatment assignment. This is the case, for
example, for the (potentially omitted variable) years of teaching experience, as
shown in Table 5 Column 5. When teachers are assigned to use student-led
methods, instead of direct instruction, the returns to experience fall essentially to
zero. Still, accounting for this more-subtle source of potential bias does not
change the results for MKT scores; compare Columns 3 and 6.
The results on years of teaching experience in Table 5 are also relevant
more generally.25 Experience is itself a reasonable proxy for teaching skills,
especially skills best learned on the job like how to manage student misbehavior.
Indeed, experience is the most consistent observable predictor of teacher
productivity (except prior productivity). Thus, experience should be at the top of
the list of potential omitted variables for this and any similar examination of
specific teacher skills. In this case, the results for MKT scores are quite robust to
the inclusion or exclusion of flexible functions of experience. Additionally, the
results for experience themselves suggest that teachers’ assigned tasks may affect
the role of other teaching skills beyond the skills measured by the MKT test.
To summarize the results presented thus far: First, in schools using a direct
instruction approach to math, teachers with better math skills are apparently more
productive than their lower skilled colleagues, where productivity is measured by
contributions to student math achievement. The modifier “apparently” is a
reminder that the causal relationship is uncertain, given the potential for omitted
variables bias. The productivity returns to teacher skills could plausibly be smaller
or larger than estimated here.

25

The main estimates in Columns 1 and 2 do include a quadratic in experience. Columns 4-6 use a
linear term in experience for exposition, but the results are robust to using a quadratic or lessparametric specification.
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Second, if schools switched from direct instruction to student-led methods
the benefit of employing (being taught by) a teacher with better math skills would
shrink or even be reversed. Put differently, student-led methods reduce the return
to teacher math skills in the production of student math knowledge, relative to the
return using direct instruction. The causal relationship here is much less uncertain
because identification is based primarily on the random assignment design.
I cannot econometrically rule out the possibility that, in schools using
direct instruction, teachers with better math skills are in fact less productive than
their lower skilled colleagues. There would, however, need to be substantial
omitted variables bias in my estimates to hide this kind of negative return on
skills. Even if this was the case, the loss from employing (being taught by) a
teacher with better math skills would be minimized by choosing direct instruction
over student-led methods.

3.3 Heterogeneity across the distribution of teacher skills
I next investigate whether the effects of instructional methods on teacher
productivity depend on teachers’ prior skills. To this point the analysis has
assumed linear relationships between teachers’ math skills and student learning
outcomes, and thus also assumed the treatment effect is a constant shift in the
slope. It turns out that, as I describe in this section, there is important
heterogeneity in treatment effects across the distribution of teacher skills.
To test for heterogeneity I first (i) divide teachers into three equal groups
based on their MKT score rank, and then (ii) estimate treatment effects within
those terciles. In the language of Equation 1, I replace the linear term, 𝑀𝐾𝑇𝑗(𝑖) , in
𝑓 with three indicator variables for each MKT tercile. The results, all drawn from
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a single regression, are plotted in Figure 2.26 Each point on the graph measures the
average student test score for teachers of a given MKT tercile and treatment
condition. Test scores are measured relative to the average for middle-tercile
direct instruction; the dotted lines mark 95 percent confidence intervals. Again, to
be precise, comparisons between teachers using different instructional methods
can be interpreted causally given random assignment; comparisons between
teachers of different skill levels should not be given the same strong causal
interpretation.
A few important patterns are evident in Figure 2. First, the productivity of
both low-skilled and average-skilled teachers evidently does not depend on the
instruction method they are asked to follow. There is no statistically significant
difference between direct instruction and student-led methods in those two
terciles. Moreover, low-skilled teachers appear equally as good as their averageskilled colleagues at producing student achievement growth.
In stark contrast, instructional methods do affect the productivity of highskilled teachers. High-skilled teachers generate noticeably more student math
learning using direct instruction methods then they would generate using studentled methods. Students of top-tercile teachers using direct instruction methods
score 0.11σ higher, on average, than their peers assigned to equally high-skilled
teachers using student-led methods (p-value = 0.012). That difference is
consequential; 0.11σ is half to three-quarters of the standard deviation in total
teacher productivity (Jackson, Rockoff, and Staiger 2014).

An alternative approach to analysis is to replace the linear term 𝑀𝐾𝑇𝑗(𝑖) in 𝑓 with a higher-order
polynomial. Figure 2 suggests a quadratic where the parameters are allowed to vary by treatment
condition. Results using a quadratic are provided in Appendix Table A7. Adding higher order
terms beyond a quadratic do not improve the model, at least as judged by likelihood ratio tests.
26

24

3.4 Potential mechanisms
Higher returns to math skills for teachers using direct instruction, as
reported above, are consistent with the differences in teacher tasks between direct
instruction and student-led methods—in particular differences in the extent to
which teachers explicitly teach math to their students. Direct instruction relies on
the teacher, far more frequently than student-led methods, to explain and model
math concepts and procedures. Thus direct instruction should be more successful
the better the teacher understands math herself, and even more successful if she
understands the typical ways students (mis)understand math concepts and
procedures. The MKT primarily tests these two kinds of knowledge.27 Put
differently, high-MKT teachers have the ability to answer math problems
correctly using standard procedures; direct instruction gives them many
opportunities to demonstrate and explain those skills to their students, while such
opportunities are infrequent with student-led methods.
Teachers’ assigned tasks are, of course, not necessarily the tasks they
actually do from day to day. Moreover, which of their assigned tasks teachers do
may be a function of math skills. Thus to evaluate the hypothesis in the previous
paragraph it would be helpful to have evidence on the covariance of teachers’
skills, assigned tasks, and tasks carried out.
The reminder of this section describes evidence available from data
collected in this study. Data on what teachers actually did in the classroom come
from classroom observations by the research team and from teacher self-reports in
a post-experiment survey. These data include dozens of items measuring the
frequency of teacher behaviors and practices, including “tells information [or]
models procedures” and “probes for [a student’s] reasoning or justification of a
solution” from classroom observations, and “demonstrate or model math concepts
MKT scores also capture variation in teachers’ own test-taking skills for standardized math
tests, and teachers may be imparting those skills to their students as well.
27
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or procedures for students” and “invite students to use multiple strategies or
solutions to a problem” from the teacher survey.28
Analysis of these relatively-rich data shows, first, that the tasks teachers
actually do from day to day are related to their math skills; and, second, that the
relationships are quite different when teachers are asked to use student-led
methods instead of direct instruction. In the next paragraph I describe a few
concrete examples of individual observation and survey items. The main results in
Table 6, discussed after the examples, combine the dozens of individual items into
a single test.
Consider the frequency with which teachers “demonstrate or model math
concepts or procedures for students,” as an example task. In schools using direct
instruction, teachers with better math skills “demonstrate…for students” more
frequently than their lower skilled colleagues. A one standard deviation increase
in a teacher’s MKT score predicts a 0.12 standard deviation increase in the
frequency of that tactic (standard error 0.046).29 By contrast, in schools using
student-led methods, teachers with better math skills are apparently no more or
less likely to “demonstrate…for students.” The estimated slope is negative but not
statistically significant; the difference in slopes (treatment effect on the slope) is 0.18 and statistically significant.30 As a second example, this same pattern of
results holds for the number of practice problems teachers give their students
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The classroom observation data are described earlier in Section 2.1. In the survey, teachers were
asked to report how frequently they use specific teaching tactics. Teachers responded using a sixpoint ordered scale of “never”, “less than once a month,”…, “1-2 times a day”, “3 or more times a
day.” Teachers were also asked in the survey how many lessons they taught during the school year
for 20 different topics like “adding and subtracting, with whole numbers” and “money.”
29
This result comes from a regression of the frequency of “demonstrate…for students” (mean
zero, standard deviation one) on an indicator for the student-led condition, MKT score, and the
interaction of the two. The specification also includes randomization block fixed effects, and
standard errors are clustered at the school level. Detailed results are available from the author.
30
The average teacher in the student-led condition “demonstrate[s]…for students” nearly onethird of a standard deviation less frequently than the average direct instruction teacher (main effect
point estimate -0.306, standard error 0.091).
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during class, as measured in classroom observations. Teachers with better math
skills give students more practice problems when using direct instruction (point
estimate 0.14, standard error 0.064), but the relationship turns negative with
student-led methods (treatment effect on the slope -0.30, standard error 0.099). A
final example contrasts the first two. In direct-instruction schools, teachers with
better math skills are less likely to “invite students to use multiple strategies or
solutions to a problem” (point estimate -0.17, standard error 0.075). In student-led
schools the relationship is still negative, but weaker and not statistically
significant (treatment effect on the slope -0.14, standard error 0.096).
The main results for this section are shown in Table 6. While the examples
in the previous paragraph are illustrative, they are only three examples out of
dozens of observation and survey items that measured what teachers actually did
in the classroom. In Table 6 I combine these dozens of items into a single index of
teachers’ classroom practices, and then examine how that practices index vary
with teachers’ math skills and treatment condition. To construct the index I
estimate an auxiliary regression of student test scores on the dozens of different
teacher practices variables in the survey and observation data; the fitted value
from this regression is the practices index.31 This index is essentially a weighted
average of teacher practices where the weights are the extent to which the practice
predicts higher student test scores. Teachers with higher values of the index are
teachers who more often engage in practices which promote student achievement.
In direct instruction schools, the setting typical in public schools, teachers
with better math skills are more likely to use practices which promote student
31

This auxiliary regression is analogous to the regressions in the top panel of Table 4, except that
“MKT score” is replaced with the vector of teacher practices variables. The teacher practices
variables are: (a) Item level data from classroom observations. These data are described in Section
2.1 and were used to construct the dependent variables in Table 2. (b) Item level data from the
teacher survey on coverage of 20 math topics. These were used to construct the dependent variable
in Appendix Table A1. (c) Item level data from the teacher survey on classroom practices,
described in this section, and listed in Appendix Table A8.
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achievement. As reported in Table 6 Column 1, a one standard deviation increase
in a teacher’s MKT score predicts a 0.13 standard deviation increase in the
practices index.32 However, in student-led methods schools, the relationship is
reversed or at least diminished. Teachers with better math skills are less likely to
use practices which promote achievement. The MKT slope for student-led
teachers is -0.07 ( = 0.131-0.205), though not statistically significant (standard
error 0.101). Teachers’ assigned tasks change what teachers actually do in the
classroom day-to-day.
The results in Table 6 Column 1 are robust to how the practices index is
estimated. One potential concern is that estimated auxiliary-regression
coefficients used to construct the index may be biased by selection, especially the
non-random sorting of students to teachers. With this concern in mind, the index
dependent variable in Column 1 comes from an auxiliary regression which also
includes the student, class, and school controls used in Table 4 and elsewhere in
the paper. I fit the regression specification:
𝐴𝑖,𝑡 = 𝑃𝑗(𝑖) 𝜃 + ℎ𝑔(𝑖),𝑦(𝑖) (𝐴𝑖,𝑡−1 ) + 𝑋𝛽 + 𝜏𝑏(𝑠) + 𝜀𝑖,𝑡 ,
(2)
where 𝑃𝑗 is the vector of teacher practices variables drawn from observations and
surveys, and all other terms and notation are as described for Equation 1. While
the regression includes controls, the dependent variable for Column 1 is the fitted
value 𝑃𝑗 𝜃̂ which only uses variation in 𝑃𝑗 . For comparison Column 2 shows
results where ℎ(𝐴𝑖,𝑡−1 ) and 𝑋𝛽 are left out of the auxiliary regression; the pattern
of results is essentially unchanged. A second potential concern is that if treatment
condition changes the returns to practices, 𝜃, then the results in Columns 1 and 2
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The units in Table 6 are teacher standard deviations of the index measure. One teacher standard
deviation of the index is roughly equivalent to 0.15 student test score standard deviations for the
index used in Columns 1-2, and 0.19-0.20 student standard deviations for the index used in
Columns 3-4.
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could (partly) reflect misspecification of the auxiliary regression. For the results
in Columns 3 and 4 I modify the auxiliary regression to allow the teacher
practices coefficients to differ by treatment condition (in Equation 2 I interact 𝑃𝑗
with 𝑇𝑠 ). If anything, this makes the pattern of results stronger. The MKTpractices slope for direct instruction teachers remains positive and not very
different in magnitude, but the same slope for student-led methods teachers is
more steeply negative at -0.23 (= 0.131-0.362, standard error 0.111).

4. Conclusion
In this paper I show that the job tasks teachers are assigned—the
instructional methods they are asked to use in the classroom—partly determine
the returns to teacher skills in education production, and partly determine the
variability in teacher productivity more generally. These results are one example
of the value in making a distinction between workers’ skills and the job tasks to
which those skills are applied, as in Acemoglu and Autor (2011, 2012).
Using data from a field-experiment in 1st and 2nd grade classes, I examine
the relationship between teachers’ math skills, measured by the Mathematical
Knowledge for Teaching (MKT) test, and teacher productivity, measured by
teachers’ contributions to their students’ test score growth. That relationship is
positive and educationally meaningful when teachers are asked (by random
assignment) to use conventional “direct instruction” methods. But, in stark
contrast, the relationship is much weaker, perhaps even negative, when teachers
are asked to use “student-led” instructional methods. This difference in the returns
to skills is largely driven by high-skilled teachers. In the classrooms of top-tercile
MKT teachers, students’ math scores grow 0.11σ faster when the teacher uses
direct instruction instead of student-led methods. However, there is little or no
difference between instructional methods in the classrooms of bottom- or middle-
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tercile MKT teachers. In short, whether and how a teacher’s math skills contribute
to her productivity depends on how she is asked to teach math.
Two features of the empirical setting potentially limit the generalizability
of these results. First, the results for student-led methods are based on a single
example of the approach, Investigations, while the results for direct instruction
include both Saxon and SFAW. Investigations is strongly student-led and typical
of the approach generally, but Investigations may have idiosyncratic features that
make the differences estimated here larger or smaller than they would be with
other student-led products. Second, the data are from a single school year—often
the first school year teachers had used student-led methods. A teacher’s success
with student-led methods, or any specific approach and materials, is likely to
improve in the second year of use or beyond. It is less clear weather or how the
relative differences between student-led and direct instruction will evolve as
teachers’ gain experience with each approach.
Understanding how skills and job tasks translate into productivity is
especially relevant and timely in public schools. In recent years, differences in
teacher productivity have become central to political and managerial efforts to
improve public schools. This paper’s results suggest that decisions about how
teachers are asked to teach can be as important as decisions about who is hired to
teach.

30

References
Acemoglu, D. & Autor, D. (2011). Skills, Tasks and Technologies: Implications
for Employment and Earnings. Handbook of Labor Economics, 4, 1043-1171.
Acemoglu, D. & Autor, D. (2012). What Does Human Capital Do? A Review of
Goldin and Katz’s The Race between Education and Technology. Journal of
Economic Literature, 50(2), 426-463.
Acemoglu, D. & Zilibotti, F. (2001). Productivity Differences. Quarterly Journal
of Economics, 116(2), 563-606.
Agodini, A., & Harris, B. (2010). An Experimental Evaluation of Four
Elementary School Math Curricula. Journal of Research on Educational
Effectiveness, 3(3), 199-253.
Agodini, A., Harris, B., Thomas, M., Murphy, R., & Gallagher, L. (2010).
Achievement Effects of Four Early Elementary School Math Curricula:
Findings for First and Second Graders. (NCEE 2011-4001). Washington, D.C.:
Institute for Education Sciences, U.S. Department of Education.
Autor, D., Levy, F., & Murnane, R. J. (2003). The Skill Content of Recent
Technological Change: An Empirical Exploration. The Quarterly Journal of
Economics, 118(4), 1279-1333.
Bond, T. N., & Lang, K. (2013). The Evolution of the Black-White Test Score
Gap in Grades K–3: The Fragility of Results. Review of Economics and
Statistics, 95(5), 1468-1479.
Becker, G. S. (1964). Human Capital: A Theoretical and Empirical Analysis, with
Special Reference to Education. Chicago: University of Chicago Press.
Bedard, K., & Dhuey, E. (2006). The Persistence of Early Childhood Maturity:
International Evidence of Long-Run Age Effects. Quarterly Journal of
Economics, 121(4), 1437-1472.

31

Chetty, R., Friedman, J. N., & Rockoff, J. E. (2014a). Measuring the Impacts of
Teachers I: Evaluating Bias in Teacher Value-Added Estimates. American
Economic Review, 104(9), 2593-2632.
Chetty, R., Friedman, J. N., & Rockoff, J. E. (2014b). Measuring the Impacts of
Teachers II: Teacher Value-Added and Outcomes in Adulthood. American
Economic Review, 104(9), 2633-2679.
Claessens, A., Duncan, G., & Engel, M. (2009). Kindergarten Skills and FifthGrade Achievement: Evidence from the ECLS-K. Economics of Education
Review, 28(4), 415-427.
Clotfelter, C. T., Ladd, H. F., & Vigdor, J. (2005). Who Teaches Whom? Race
and the Distribution of Novice Teachers. Economics of Education Review,
24(4), 377-392.
Cortes, K. E., Goodman, J. S., & Nomi, T. (2015). Intensive Math Instruction and
Educational Attainment: Long-Run Impacts of Double-Dose Algebra. Journal
of Human Resources, 50(1), 108-158.
Costinot, A. & Vogel, J. (2010). Matching and Inequality in the World Economy.
Journal of Political Economy, 118(4), 747-786.
Dobbie, W. (2011). Teacher Characteristics and Student Achievement: Evidence
from Teach for America. Harvard University Working Paper.
Fryer, R. G., & Levitt, S. D. (2004). Understanding the Black-White Test Score
Gap in the First Two Years of School. Review of Economics and Statistics,
86(2), 447-464.
Fryer, R. G., & Levitt, S. D. (2010). An Empirical Analysis of the Gender Gap in
Mathematics. American Economic Journal: Applied Economics, 2(2), 210-240.
Hanushek, E. A. (1971). Teacher Characteristics and Gains in Student
Achievement: Estimation Using Micro Data. American Economic Review,
61(2), 280–288

32

Hanushek, E. A. (1997). Assessing the Effects of School Resources on Student
Performance: An Update. Educational Evaluation and Policy Analysis, 19(2),
141-164.
Hill, H. C., Kapitula, L. R., & Umland, K. (2011). A Validity Argument
Approach to Evaluating Teacher Value-Added Scores. American Educational
Research Journal, 48(3), 794-831.
Hill, H. C., Rowan, B., & Ball, D. L. (2005). Effects of Teachers’ Mathematical
Knowledge for Teaching on Student Achievement. American Educational
Research Journal, 42(2), 371-406.
Hill, H. C., Schilling, S. G., & Ball, D. L. (2004). Developing Measures of
Teachers’ Mathematics Knowledge for Teaching. Elementary School Journal,
105(1), 11-30.
Hill, H.C., Umland, K., Litke, E., & Kapitula, L. R. (2012). Teacher Quality and
Quality Teaching: Examining the Relationship of a Teacher Assessment to
Practice. American Journal of Education, 118(4), 489-519.
Jackson, C. K. (2016). What Do Test Scores Miss? The Importance of Teacher
Effects on Non-Test Score Outcomes. National Bureau of Economic Research
22226.
Jackson, C. K., Rockoff, J. E., & Staiger, D. O. (2014). Teacher Effects and
Teacher Related Policies. Annual Review of Economics, 6, 801-825.
Jacob, B. A., Rockoff, J. E., Taylor, E. S., Lindy, B., & Rosen, R. (2016). Teacher
Applicant Hiring and Teacher Performance: Evidence from DC Public Schools.
National Bureau of Economic Research 22054.
Kalogrides, D., Loeb, S., & Beteille, T. (2013). Systematic Sorting: Teacher
Characteristics and Class Assignments. Sociology of Education, 86(2), 103-123.
Kane, T. J., McCaffrey, D. F., Miller, T., & Staiger, D. O. (2013). Have We
Identified Effective Teachers? Validating Measures of Effective Teaching Using
Random Assignment. Seattle, WA: Bill & Melinda Gates Foundation.

33

Kane, T. J. & Staiger, D. O. (2008). Estimating Teacher Impacts on Student
Achievement: An Experimental Evaluation. National Bureau of Economic
Research 14607.
Kane, T. J., Taylor, E. S., Tyler, J. H., & Wooten, A. L. (2011). Identifying
Effective Classroom Practices Using Student Achievement Aata. Journal of
Human Resources, 46(3), 587-613.
Murnane, R. J. (1975). The Impact of School Resources on the Learning of Inner
City Children. Cambridge, MA: Ballinger.
Neidell, M., & Waldfogel, J. (2010). Cognitive and Noncognitive Peer Eeffects in
Early Education. The Review of Economics and Statistics, 92(3), 562-576.
Papay, J. P. & Kraft, M. A. (2015). Productivity Returns to Experience in the
Teacher Labor Market: Methodological Challenges and New Evidence on
Long-Term Career Improvement. Journal of Public Economics, 130, 105-119.
Rivkin, S. G., Hanushek, E. A., & Kain, J. F. (2005). Teachers, Schools and
Academic Achievement. Econometrica, 73(2), 417–458.
Rock, D. A., & Pollack, J. M. (2002). Early Childhood Longitudinal Study—
Kindergarten Class of 1998-99 (ECLS-K), Psychometric Report for
Kindergarten Though First Grade. Publication No. NCES 2002-05.
Washington, DC: U.S. Department of Education, National Center for Education
Statistics.
Rockoff, J. E. (2004). The Impact of Individual Teachers on Student
Achievement: Evidence from Panel Data. American Economic Review, 94(2),
247–252.
Rockoff, J. E., Jacob, B. A., Kane, T. J., & Staiger, D. O. (2011). Can You
Recognize an Effective Teacher When You Recruit One? Education Finance
and Policy, 6(1), 43-74.

34

Stein, M. K., & Kaufman, J. H. (2010). Selecting and Supporting the Use of
Matehematics Curricula at Scale. American Educational Research Journal,
47(3), 663-693.
Taylor, E. (2014). Spending More of the School Day in Math Class: Evidence
from a Regression Discontinuity in Middle School. Journal of Public
Economics, 117, 162-181.
Taylor, E. S. (2015). New Technology and Teacher Productivity. Harvard
University Working Paper.
Tinbergen, J. (1974). Substitution of Graduate by Other Labour. Kyklos, 27(2),
217-226.

35

FIGURE 1—EXAMPLE MKT TEST ITEM
Note: Reproduced from Hill, Shilling, and Ball (2004, p. 28). This item has been publically released,
but it was not necessarily included in the MKT test form used in this experiment.
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FIGURE 2—STUDENT TEST SCORE DIFFERENCES ACROSS
TREATMENT CONDITIONS AND TEACHER MKT TEST SCORE TERCILES
NOTE: Each point on the dashed line and solid line is the estimated mean test score for students in
the given MKT-tercile-by-treatment-condition cell, relative to the mean score of students in direct
instruction condition assigned to middle-tercile teachers. The vertical dotted lines show 95 percent
confidence intervals. All points are estimated in a single regression. The dependent variable is the
student's post-experiment standardized ECLS-K math test score. The key independent variables are
a vector of indicators, one indicator for each MKT-tercile-by-condition combination. Independent
variables also include the full set of student, teacher, and peer pre-experiment controls as in Table
5, and randomization block fixed effects. Students were randomly sampled within classrooms, and
these results are weighted by the inverse probability of selection. Standard errors allow for clustering
within schools, the unit of random assignment. The estimation sample includes 5,720 students, 560
teachers, and 80 schools. Sample sizes have been rounded to nearest 10 following NCES restricted
data reporting procedures.
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TABLE 1—STUDENT, TEACHER, CLASS, AND SCHOOL CHARACTERISTICS

Student characteristics
Baseline test score, mean
Baseline test score, variance
Days between pre- and
post-experiment tests
Age
Female
Latino
African-American
English language learner
Teacher and class characteristics
MKT score, mean
MKT score, variance
Total years experience
Years experience current school
Female
White
Master's degree
Years with master's degree
Training hours previous
school year
One or more adv. math courses
Class mean baseline test score
Class st. dev. baseline test score
School characteristics
Proportion eligible for free or
reduced price lunch
Proportion Title I

Diff.
test pvalue
(3)

Obs.
(4)

0.009
(0.968)
0.934
238.0
(9.055)
7.016
(0.626)
0.498
0.294
0.262
0.100

0.821

6,600

0.863
0.494

6,600
5,990

0.923

5,840

0.518
0.498
0.940
0.066

6,420
6,060
6,060
5,670

-0.565
(0.477)
0.229
11.822
(9.468)
7.801
(7.215)
0.965
0.596
0.435
3.637
(6.117)
8.369
(20.04)
0.536
0.012
(0.417)
0.879

-0.503
(0.477)
0.214
12.930
(8.723)
7.969
(7.004)
0.948
0.611
0.492
4.544
(7.367)
9.501
(20.52)
0.491
0.003
(0.390)
0.885

0.241

560

0.583
0.137

560
570

0.594

540

0.266
0.616
0.023
0.041

580
580
560
580

0.673

550

0.326
0.807

580
590

0.799

590

0.490
(0.116)
0.739
(0.335)

0.525
(0.132)
0.756
(0.265)

0.333

80

0.825

80

Direct
instruction
(1)

Studentled
(2)

0.017
(0.965)
0.928
236.7
(6.549)
7.016
(0.626)
0.490
0.317
0.264
0.146

Joint
test pvalue
(5)
0.350

0.239

0.508

Note: Means (standard deviations) adjusted for randomization block fixed effects. Column 1 "Direct instruction"
combines the Saxon and SFAW treatment conditions. Column 2 "Student-led" is the Investigations treatment condition.
Column 5 tests the null hypothesis that means are equivalent for all pre-treatment characteristics within the category.
Sample sizes have been rounded to nearest 10 following NCES restricted data reporting procedures.
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TABLE 2—OBSERVED TEACHER BEHAVIORS AND CLASSROOM ENVIRONMENT
Observed teacher behavior
characteristic of…
student-led
methods
(1)
Curricula main effects (relative to Investigations)
Expressions
-0.779**
(0.119)
Saxon
-0.961**
(0.115)
SFAW
-0.430**
(0.119)
Adjusted R-squared

0.153

direct
instruction
(2)

Classroom
environment
(3)

0.577**
(0.122)
1.184**
(0.125)
1.070**
(0.109)

-0.173
(0.109)
-0.099
(0.109)
0.011
(0.119)

0.244

0.033

Note: Each column represents a separate regression with teacher observations. Dependent variables are listed in the
column headers. Each dependent variable is a predicted factor score derived from a factor analysis of classroom
observation micro-data (see the text for complete details), and then standardized within the sample (mean zero,
standard deviation one). In addition to the independent variables shown above, all specifications include
randomization block fixed effects. Standard errors allow for clustering within schools, the unit of random assignment.
The estimation sample includes 610 teachers and 110 schools. Sample sizes have been rounded to nearest 10 following
NCES restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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TABLE 3—STUDENT AND TEACHER ATTRITION
Student attrited
before…
pre-test
(1)
Student-led (relative to direct inst.)

post-test
(2)
(3)

MKT
(4)

post-test
(5)

-0.002
(0.008)

0.001
(0.009)

0.001
(0.009)
-0.020**
(0.004)
0.006
(0.008)

-0.013
(0.023)

-0.002
(0.026)

6,740
0.021

6,600
0.093

6,600
0.093

590
0.059

590
0.073

Baseline test score (main effect)
Baseline score * Student-led

Observations
Dependent variable sample mean

Teacher attrited
before…

Note: Each column represents a separate LPM regression with student (Columns 1-3) or teacher (Columns 4-5)
observations. Dependent variables are indicators as described in the column headers. All independent variables are as
shown above, plus fixed effects for randomization blocks. Standard errors allow for clustering within schools, the unit
of random assignment. Sample sizes have been rounded to nearest 10 following NCES restricted data reporting
procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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TABLE 4—TEACHER MATH SKILLS AND STUDENT TEST SCORES
Dep. var. = post-experiment math test score
(1)
(2)
(3)
(4)
(5)
MKT score

0.073**
(0.024)

Baseline test score controls
Student, teacher, class, school covariates

0.030+
(0.016)

0.000
(0.011)

-0.001
(0.011)

-0.002
(0.011)

√

√

√

√
√

√

√

0.607

0.621

Rand. block fixed effects
School fixed effects
Adjusted R-squared

√
0.005

0.582

0.622

Dep. var. = pre-experiment math test score
(6)
(7)
(8)
(9)
(10)
MKT score

0.056*
(0.023)

0.055**
(0.016)

0.038*
(0.019)

0.038*
(0.019)
-0.006
(0.057)

0.022
(0.026)
-0.009
(0.056)
0.046
(0.036)

√

√

√

0.060

0.059

0.060

Student-led (relative to direct inst.)
MKT score * Student-led

Rand. block fixed effects
School fixed effects
Adjusted R-squared

√
0.003

0.102

Note: Each column within panels represents a separate regression with student observations. In the top panel, the
dependent variable is the student's post-experiment standardized ECLS-K math test score. In the bottom panel, the
dependent variable is the pre-experiment or baseline score. The independent variables are as shown above. "Baseline
test score controls" include a quadratic in pre-experiment test score, which is allowed to differ in each year-by-grade
cell. "Student covariates" include a quadratic in age, and indicators for female, Black, Hispanic, and English language
learner. "Teacher covariates" include indicators for female, white, MA degree, having taken advanced math courses,
having used the assigned curriculum previously, and novice teacher; linear terms for years since MA degree, and age;
and quadratics in total experience, experience at the school, and professional development hours previously. "Class
covariates" include the mean and standard deviation of pre-experiment test score calculated among the student's
classmates. "School covariates" include the proportion of students eligible for free or reduced price lunch, and title 1
eligible. Students were randomly sampled within classrooms, and these results are weighted by the inverse probability
of selection. Standard errors allow for clustering within schools, the unit of random assignment. The estimation sample
include 5,720 students, 560 teachers, and 80 schools. Sample sizes have been rounded to nearest 10 following NCES
restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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TABLE 5—TEACHER MATH SKILLS, ASSIGNED INSTRUCTIONAL PRACTICES,
AND STUDENT ACHIEVEMENT

(1)

Dep. var. = post-experiment math test score
(2)
(3)
(4)
(5)

Student-led (relative to direct inst.)

-0.006
(0.031)

-0.001
(0.030)

-0.017
(0.031)

-0.019
(0.031)

MKT score

-0.002
(0.011)

0.024+
(0.014)
-0.073**
(0.022)

0.027+
(0.014)
-0.076**
(0.025)

0.028*
(0.013)
-0.081**
(0.024)

MKT score * Student-led

Years of experience (standardized)

-0.024
(0.031)

(6)
-0.020
(0.030)
0.027*
(0.013)
-0.076**
(0.024)

0.038**
(0.012)

0.057**
(0.014)
-0.071**
(0.021)

0.057**
(0.014)
-0.065**
(0.021)

Years of experience * Student-led

Baseline test score controls
Quadratic in teacher years of experience
Student, teacher, class, school covariates

√
√
√

√
√
√

√

√

√

√

Rand. block fixed effects

√

√

√

√

√

√

0.621

0.622

0.608

0.610

0.609

0.610

Adjusted R-squared

Note: Each column represents a separate regression with student observations. The dependent variable is the student's
post-experiment standardized ECLS-K math test score. The independent variables are as shown above. "Baseline test
score controls" include a quadratic in pre-experiment test score, which is allowed to differ in each year-by-grade cell.
"Student covariates" include a quadratic in age, and indicators for female, Black, Hispanic, and English language
learner. "Teacher covariates" include indicators for female, white, MA degree, having taken advanced math courses,
having used the assigned curriculum previously, and novice teacher; linear terms for years since MA degree, and age;
and quadratics in total experience, experience at the school, and professional development hours previously. "Class
covariates" include the mean and standard deviation of pre-experiment test score calculated among the student's
classmates. "School covariates" include the proportion of students eligible for free or reduced price lunch, and title 1
eligible. Students were randomly sampled within classrooms, and these results are weighted by the inverse probability
of selection. Standard errors allow for clustering within schools, the unit of random assignment. The estimation sample
include 5,720 students, 560 teachers, and 80 schools. Sample sizes have been rounded to nearest 10 following NCES
restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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TABLE 6—TEACHER MATH SKILLS AND CLASSROOM PRACTICES

(1)

Dep. var. = practices index
(2)
(3)
(4)

Student-led (relative to direct inst.)

-0.094
(0.135)

-0.071
(0.132)

-0.063
(0.123)

-0.086
(0.133)

MKT score

0.131*
(0.060)

0.114+
(0.060)

0.131*
(0.054)

0.124*
(0.052)

MKT score * Student-led

-0.205+
(0.118)

-0.190
(0.125)

-0.362**
(0.127)

-0.351*
(0.134)

√
√

√

0.097

0.099

Auxiliary regression to construct practices index
Baseline test score, student, class, school controls
Interact practices vector with treatment condition
Adjusted R-squared

√

0.084

0.073

Note: Each column represents a separate regression with teacher observations. The dependent variable is an index of
teacher practices. The index is the fitted value after an auxiliary regression of student test scores on a vector of teacher
classroom practices variables from classroom observations and teacher survey data (see text for details of these data).
The index is then standardized (mean zero, standard deviation one) at the teacher level. For Columns 1 and 4 the
auxiliary regression also includes additional controls listed above and described in the note for Tables 4 and 5. The
auxiliary regression always includes randomization block fixed effects. However, in all cases the fitted value index
(dependent variable) is equal to the practices vector * the estimated practices coefficients. For Columns 3 and 4 the
auxiliary regression includes interactions between the practices vector and student-led (treatment condition) indicator.
For the regressions reported in this table, all independent variables and coefficients are shown above. All specifications
also include randomization block fixed effects. Standard errors allow for clustering within schools, the unit of random
assignment. The estimation sample includes 5,720 students, 560 teachers, and 80 schools. Sample sizes have been
rounded to nearest 10 following NCES restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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APPENDIX TABLE A1—COVERAGE OF MATH TOPICS
Dep. var. = Teacher reported number of lessons
taught in 20 math topic areas
First factor
(1)
(2)
Student-led (relative to direct inst.)

-0.301+
(0.171)

MKT score

-0.343**
(0.109)

0.001
(0.060)
0.070
(0.111)

MKT score * Student-led

Adjusted R-squared

-0.309+
(0.171)

Second factor
(3)
(4)

0.018

0.015

-0.320**
(0.111)
-0.092
(0.068)
-0.072
(0.094)

0.106

0.113

Note: Each column represents a separate regression with teacher observations. Dependent variables are listed in the
column headers. Each dependent variable is a predicted factor score derived from a factor analysis of items from a
teacher survey; teachers were asked to report the number of lessons they taught over the school year for 20 math
topics. The dependent variables are standardized (mean zero, standard deviation one). In addition to the independent
variables shown above, all specifications include randomization block fixed effects. Standard errors allow for
clustering within schools, the unit of random assignment. The estimation sample includes 470 teachers and 80 schools.
Sample sizes have been rounded to nearest 10 following NCES restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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APPENDIX TABLE A2—FACTOR LOADINGS FOR TEACHER BEHAVIOR
ITEMS FROM CLASSROOM OBSERVATIONS
Factor 1

Factor 2

Observed teacher behavior
characteristic of…
studentdirect
led
instruction
(1)
(2)
A. Teacher initiated instructional behaviors (frequency observed)
Asks closed-ended questions
Poses open-ended questions
Tells information, models procedures, or shows students how to represent concepts
Guides practice on problems
Elicits multiple strategies/solutions
Uses representations

0.15
0.58
0.20
0.22
0.48
0.19

0.79
-0.21
0.33
0.38
-0.20
0.26

B. Teacher response to student answers (frequency observed)
States if correct or not without elaborating or repeats what child said with
indication of right or wrong
Calls on other students until the "correct" answer is given
Provides correct answer right away
Asks class if they agree or disagree with student's response
takes student through step-by-step procedure
Tells student strategy to use
Elicits other student' questions about the student's response
Labels math strategy, problem, or concept
Repeats student answer in a neutral way

0.16
0.15
0.06
0.14
0.26
0.30
0.30
0.32
0.46

0.66
0.18
0.11
0.14
0.11
-0.01
-0.09
0.02
-0.24

C. Teacher guidance and follow up questions (frequency observed)
Probes for reasoning or justification of solution
Provides hint to students
Clarifies what student says or does
Extends what student says of does

0.65
0.49
0.60
0.41

-0.16
0.05
-0.15
-0.06

D. Teacher praise (frequency observed)
Uses praise or makes positive comments focused on content
Highlights student work of solution to class
Praises effort or behavior

0.32
0.39
0.28

0.09
-0.15
0.10

E. Evidence of instructional behaviors (binary yes, no)
States lesson objective at the beginning of class
Connects lesson to prior knowledge/instruction
Demonstrates how to play game
Guides children in acting out a problem
Leads children in a rap, song, or finger play to illustrate math concept or practice
Uses children's book to make connections to math concept
Connects math to real life problems of situations
Directs or encourages students to help one another with math
Prompts child to guide practice or lead class in a routine
Leads summary of what was learned or asks student to lead/share summary
Administered a written assessment

0.07
0.19
0.17
0.15
0.01
0.12
0.13
0.27
0.01
0.07
0.01

0.09
0.15
-0.16
0.07
0.12
0.07
0.13
-0.08
0.07
0.22
0.03

Note: Factor loadings obtained from a principal factor analysis of the items listed. Bold loading values represent the
ten largest loadings, in absolute value, for the factor. The estimation sample includes 610 teachers. Sample sizes have
been rounded to nearest 10 following NCES restricted data reporting procedures.
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APPENDIX TABLE A3—FACTOR LOADINGS FOR CLASS ENVIRONMENT ITEMS
FROM CLASSROOM OBSERVATIONS

Factor 1
(1)
Students are cooperative and attentive to the lesson
Student behavior disrupts the classroom
Teacher spends a lot of time managing behavior
Class runs without disruption from student behavior
Students are perfectly behaved
Teacher has techniques for gaining class attention in less than 10 seconds
Class time is spent on understanding or practicing math
Students are off-task
Students spend little time waiting or transitioning
Students are actively engaged
Transitions are smooth and students get to work quickly
Teacher is fluid in presentation
Students appear excited by the lesson
Teacher and students have a warm, positive relationship
Teacher used nonverbal methods to manage misbehaviors
Teacher spends a lot of time giving directions
Students appear familiar with the materials and procedures used
In monitoring student work, teacher followed through to ensure understanding
Students are given the opportunity to think and respond
Students attended to the lesson in a passive way
Teacher has materials prepared and ready for students
During independent work time the teacher monitored student work
Students had easy access and permission to use manipulative when working
Teacher used praise or rewards to maintain positive behavior
Peer to peer interaction about math occurs
Teacher encourages students to help one another understand the math
Students help one another to understand math concepts or procedures
Students need to wait for the teacher to begin or for other students to finish
working before they work on next problem or activity
Teacher differentiated curriculum for children who were English language learners
Teacher differentiated curriculum for children who were above level
Teacher differentiated curriculum for children who were below level

0.777
-0.750
-0.749
0.736
0.721
0.713
0.692
-0.678
0.651
0.642
0.637
0.625
0.593
0.591
0.529
-0.468
0.446
0.435
0.433
-0.371
0.352
0.318
0.283
0.276
0.239
0.233
0.224
-0.165
0.094
0.085
0.080

Note: Factor loadings obtained from a principal factor analysis of the items listed. Items listed in order from largest to
smallest loading, in absolute value. The estimation sample includes 610 teachers. Sample sizes have been rounded to
nearest 10 following NCES restricted data reporting procedures.
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APPENDIX TABLE A4—MEAN TREATMENT EFFECTS
BY ORIGINAL TREATMENT CONDITION

Dep. var. = post-experiment
math test score
(1)
(2)
(3)
Curricula main effects (relative to Saxon)
Investigations
Expressions
SFAW

-0.080
(0.050)
-0.080
(0.054)
-0.129*
(0.052)

-0.048
(0.034)
-0.024
(0.032)
-0.102**
(0.034)

MKT score

-0.050
(0.033)
-0.024
(0.032)
-0.104**
(0.034)
0.011
(0.010)

√
√
√

√
√
√

√

√

√

0.087

0.619

0.619

Baseline test score controls
Quadratic in teacher years of experience
Student, teacher, class, school covariates
Rand. block fixed effects
Adjusted R-squared

Note: Each column represents a separate regression with student observations. The dependent variable is the student's
post-experiment standardized ECLS-K math test score. The independent variables are as shown above. "Baseline test
score controls" include a quadratic in pre-experiment test score, which is allowed to differ in each year-by-grade cell.
"Student covariates" include a quadratic in age, and indicators for female, Black, Hispanic, and English language
learner. "Teacher covariates" include indicators for female, white, MA degree, having taken advanced math courses,
having used the assigned curriculum previously, and novice teacher; linear terms for years since MA degree, and age;
and quadratics in total experience, experience at the school, and professional development hours previously. "Class
covariates" include the mean and standard deviation of pre-experiment test score calculated among the student's
classmates. "School covariates" include the proportion of students eligible for free or reduced price lunch, and title 1
eligible. Students were randomly sampled within classrooms, and these results are weighted by the inverse probability
of selection. Standard errors allow for clustering within schools, the unit of random assignment. The estimation sample
include 7,650 students, 750 teachers, and 110 schools. Sample sizes have been rounded to nearest 10 following NCES
restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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Appendix TABLE A5—STUDENT, TEACHER, CLASS, AND SCHOOL CHARACTERISTICS
Assigned curricula
(experimental condition)
Invest. Express. Saxon
SFAW
(1)
(2)
(3)
(4)
Student characteristics
Baseline test score, mean
Baseline test score, variance
Days between pre- and
post-experiment tests
Age
Female
Latino
African-American
English language learner
Teacher and class characteristics
MKT score, mean
MKT score, variance
Total years experience
Years experience current school
Female
White
Master's degree
Years with master's degree
Training hours previous
school year
One or more adv. math courses
Class mean baseline test score
Class st. dev. baseline test score
School characteristics
Proportion eligible for free or
reduced price lunch
Proportion Title I

Joint test
p-value
(5)

Obs.
(6)

Category
joint test
p-value
(7)
0.704

0.009
(0.968)
0.943
238.0
(9.055)
7.016
(0.626)
0.498
0.294
0.262
0.100

-0.045
(0.967)
0.941
236.6
(8.385)
7.012
(0.654)
0.479
0.280
0.338
0.132

0.012
(0.972)
0.943
236.5
(6.480)
7.022
(0.622)
0.486
0.311
0.278
0.140

0.021
(0.959)
0.907
236.9
(6.609)
7.009
(0.631)
0.493
0.324
0.250
0.151

0.587

8,850

0.760
0.868

8,850
8,010

0.957

7,690

0.587
0.632
0.161
0.196

8,600
8,110
8,110
7,510

-0.503
(0.477)
0.224
12.930
(8.723)
7.969
(7.004)
0.948
0.611
0.492
4.544
(7.367)
9.501
(20.52)
0.491
0.003
(0.390)
0.885

-0.602
(0.483)
0.231
12.278
(9.872)
7.606
(7.679)
0.971
0.616
0.423
3.821
(7.312)
9.826
(21.00)
0.514
-0.057
(0.402)
0.891

-0.604
(0.462)
0.212
12.078
(9.628)
7.442
(6.719)
0.969
0.602
0.474
3.935
(6.051)
8.000
(20.90)
0.516
0.010
(0.447)
0.878

-0.524
(0.490)
0.243
11.548
(9.313)
8.171
(7.694)
0.961
0.588
0.393
3.314
(6.189)
8.753
(19.16)
0.558
0.015
(0.384)
0.879

0.148

750

0.746
0.456

750
760

0.816

720

0.685
0.880
0.028
0.312

770
770
740
770

0.866

730

0.654
0.503

770
790

0.929

790

0.525
(0.132)
0.756
(0.265)

0.471
(0.102)
0.756
(0.232)

0.466
(0.109)
0.749
(0.315)

0.513
(0.120)
0.730
(0.358)

0.222

110

0.992

110

0.171

0.255

Note: Means (standard deviations) adjusted for randomization block fixed effects. Column 5 tests the null hypothesis
that the four curriculum condition means are equivalent for the given pre-treatment characteristic. Column 7 tests the
null hypothesis that each set of four means is equivalent for all pre-treatment characteristics within the category.
Sample sizes have been rounded to nearest 10 following NCES restricted data reporting procedures.
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APPENDIX TABLE A6—STUDENT AND TEACHER ATTRITION
Student attrited
before…
pre-test
(1)
Curricula (relative to SFAW)
Investigations
Math Expressions
Saxon

Teacher attrited
before…

post-test
(2)
(3)

-0.001
(0.010)
-0.003
(0.007)
0.004
(0.010)

0.005
(0.012)
0.006
(0.013)
0.008
(0.011)

0.004
(0.012)
0.004
(0.013)
0.008
(0.011)

Baseline test score (main effect)

-0.021**
(0.006)

Baseline score * Investigations

0.007
(0.009)
0.005
(0.008)
0.001
(0.009)

Baseline score * Expressions
Baseline score * Saxon

Observations
Dependent variable sample mean

8,990
0.019

8,820
0.092

8,820
0.092

MKT
(4)

post-test
(5)

0.000
(0.026)
0.004
(0.024)
0.031
(0.025)

-0.019
(0.015)
0.028
(0.022)
0.005
(0.017)

790
0.056

790
0.028

Note: Each column represents a separate LPM regression with student (Columns 1-3) or teacher (Columns 4-5)
observations. Dependent variables are indicators as described in the column headers. All independent variables are as
shown above, plus fixed effects for randomization blocks. Standard errors in parentheses. Sample sizes have been
rounded to nearest 10 following NCES restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01

49

APPENDIX TABLE A7—ALTERNATIVE SPECIFICATIONS FOR MAIN ESTIMATES IN TABLE 5
Quadratic
in MKT
(1)
Student-led (relative to direct inst.)
MKT score
MKT score ^ 2
MKT score * Student-led
MKT score ^ 2 * Student-led

School fixed effects instead
of block fixed effects
(2)
(3)
(4)
(5)

0.016
(0.034)
0.024+
(0.013)
0.022*
(0.008)
-0.077**
(0.022)
-0.014
(0.014)

Rand. block fixed effects
School fixed effects

√

Adjusted R-squared

0.622

-0.016
(0.032)

-0.021
(0.033)

-0.017
(0.031)

0.016
(0.015)

0.016
(0.014)

0.028*
(0.012)

0.028*
(0.012)

0.029*
(0.012)

-0.045*
(0.021)

-0.046*
(0.022)

-0.045*
(0.021)

-0.073**
(0.021)

-0.081**
(0.026)

-0.081**
(0.025)

Years of experience * Student-led
√
√
√
√

0.001
(0.029)
0.014
(0.015)

Years of experience (standardized)

Baseline test score controls
Quadratic in teacher years of experience
Student, teacher, class covariates
School covariates

Expressions added to the omitted
"Direct instruction" condition
(6)
(7)
(8)
(9)

√
√
√

√

0.049**
(0.016)
-0.060*
(0.024)

0.049**
(0.017)
-0.057*
(0.024)

√

√

√

√

√

√

0.634

0.622

0.623

0.624

0.045**
(0.012)
-0.063**
(0.020)

0.046**
(0.013)
-0.057**
(0.020)

√
√
√
√

√

√

√

√

√

√

√

0.619

0.604

0.604

0.605

Note: The details of estimation are identical to those described in the note for Table 5. The estimation sample for Columns 1-5 includes 5,720 students, 560
teachers, and 80 schools; and for Columns 6-9 includes 7,650 students, 750 teachers, and 110 schools. Sample sizes have been rounded to nearest 10 following
NCES restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.0
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APPENDIX TABLE A8—TEACHER TACTICS AND TEACHER MATH SKILLS
Student-led
(relative to
direct inst.)
(1)

MKT score
(2)

MKT score *
Student-led
(3)

-0.306**
(0.091)

0.122**
(0.046)

-0.180+
(0.100)

Ask students to demonstrate a procedure or
concept to other students

0.320**
(0.108)

-0.136+
(0.070)

0.031
(0.088)

Invite students to use multiple strategies or
solutions to a problem

0.408**
(0.110)

-0.174*
(0.075)

0.140
(0.096)

Ask students to explore a concept or
procedure before it is modeled

-0.004
(0.117)

-0.113+
(0.060)

0.248*
(0.095)

Prompt students to explain their answers

-0.015
(0.091)

-0.123
(0.076)

0.149
(0.098)

Differentiate math instruction for students
at different ability levels

0.287**
(0.087)

-0.206**
(0.074)

0.047
(0.103)

Number of practice problems during lesson

-0.371**
(0.110)

0.139*
(0.064)

-0.296**
(0.099)

Dep. var. (standardized)
Frequency of teacher behaviors…
Demonstrate or model math concepts or
procedures for students

Note: Each row represents a separate regression with teacher observations. The dependent variable is described in the
row label (see text for additional details). Each dependent variable is standardized (mean zero, standard deviation
one). Independent variables, and estimated coefficients, are shown in the columns. All specifications also include
randomization block fixed effects. Standard errors allow for clustering within schools, the unit of random assignment.
The estimation sample includes 80 schools and 500 teachers, except the bottom row which includes 470 teachers.
Sample sizes have been rounded to nearest 10 following NCES restricted data reporting procedures.
+ indicates p<0.10, * p<0.05, and ** p<0.01
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