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Abstract

We assess the impact of teachers from different preparation pathways on Algebra I and Biology
learning outcomes in Texas. Data come from the state of Texas for academic years 2010-2011 and
2011-2012. We examine both novice and experienced teachers. We make three sets of comparisons,
ranging from broad pathways to specific programs. First we compare teachers from all standard university
programs to all teachers from alternative certification programs. Second, we select teachers from a
collection of leading universities and compare them with alternatively certified novice teachers for the
same subjects in the same schools. Third, we repeat this process for teachers from UTeach, a STEM-
specific university-based program with 8 sites in Texas. Students whose teachers came from a standard
pathway gain around one more Month of Schooling than those whose teachers followed an alternative
pathway. Effects are larger for mathematics than for science. For some subgroups including Economically
Disadvantaged and Gifted students, the advantage of having teachers from standard programs may be
as large as 6 to 9 Months of Schooling.

Introduction

Subject Number of Percent with no magor in

Teachers main assignment or not
certified

Mathematics 144,800 38%

Science 126,300 27%

Biology 51,900 35%

Physical Science 64,600 62%

Chemistry 24,300 66%

Earth Sciences 12,400 68%

Physics 13,300 63%

Table 1: STEM Teachers out of field in main assignment or not certified. Source: Schools and Staffing
Survey (2012)

Persistent teacher shortages (Barth et al., 2016) make it difficult to offer high-quality mathematics and
science courses to all high school students in the United States. One indication of the extent of national
teacher shortages in STEM fields appears in Table 1. Nearly 40% of mathematics teachers either lack full
teaching certification or lack a major or minor in mathematics. In the physical sciences, over 60% of teachers
lack one or the other of these qualifications. Estimating from students taking Advanced Placement Computer
Science (CS) exams (College Board, 2016), less than 20% of US high schools even offer computer science,
and CS teacher shortages are difficult to monitor from Federal statistics because the subject is lumped in
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with mathematics. The shortage of STEM teachers may become greater because the number of teachers
prepared in the highest-producing states has been falling rapidly (Figure 1).

Broadly speaking there are two main ways to address teacher shortages: retain existing teachers in the
profession or produce new ones. To produce new teachers there are again two broad approaches. The first
is to increase support to individuals entering teaching and to the traditional institutions that prepare them.
The second is to reduce barriers to entering the teaching profession, and promote new pathways to teaching,
including market-based solutions.

Why should new pathways be considered? The traditional source of newly credentialed teachers is public
colleges and universities, and the quality of programs at these institutions has come into question (Greenberg
et al., 2013). It cannot be taken for granted that increasing the number of new teachers from this pathway
is desirable. Even if it is desirable, there is no agreed way to accomplish it. The largest program at the
Federal level to increase the number of STEM teachers from universities is NSF’s Noyce Scholarship program
(National Science Foundation, 2016). Annual funding is around $56 million. The most important element
of the program is scholarships and stipends given to current or former science and mathematics majors who
commit to teach in high-needs districts. Award amounts vary, and not all the funds end up in scholarships,
but estimating $15,000 per student puts an upper bound of 3700 teachers per year; actual numbers produced
are probably below this value. According to the Schools and Staffing Survey (Table 1) around 180,000 STEM
teachers are underqualified for their positions, meaning that the nation’s largest scholarship program supports
a number of teachers per year corresponding to less than 2% of a lower bound on national need. Thus the
institutions that have traditionally supplied the United States with teachers are not succeeding in supplying
enough teachers in STEM shortage areas, while programs intended to rectify these problems are doing so on
too small a scale to solve the problem.

Such problems have persisted for decades (National Commission on Excellence in Education, 1983), which
has led to calls to provide teachers in new ways (Hess, 2001). Alternative pathways to teaching now exist
in all states, but there is great variation in the regulations that control what they are able or not able to
do. In the Every Student Succeeds Act (114th Congress, 2015), Alternative Certification is mentioned over
30 times, with funding streams aimed at strengthening it, indicating that it is likely to become increasingly
important.

Since the United States may be at the edge of pressing for a new expansion of alternative certifica-
tion pathways, including those operating for profit (Teachers of Tomorrow, 2016), it is valuable to examine
available evidence on the advantages and disadvantages of going in this direction. In contrast to reports
that paint a bleak picture of traditional teacher certification (Greenberg et al., 2013; Duncan, 2010), and
in contrast to an equally negative perception that many university faculty hold of alternative certification
providers (Kamnetz, 2014), the findings from the research literature are moderate and mixed. Overall, teach-
ers prepared through alternative certification pathways are less likely to remain in the teaching profession
in their early years than those coming through standard routes. Some studies find a moderate advantage
for students whose teachers came from traditional pathways, some find a moderate advantage for students
whose teachers came through alternative routes, and some are unable to discern a difference. We will review
these findings in the next section.

Before stating our research question, it will be helpful to provide more specific information on policy
changes in progress that will affect the supply of new STEM teachers across the nation. The US Department
of Education has directed every state to develop ratings of each Teacher Preparation Program (TPP). States
must “make meaningful differentiations in teacher preparation program performance using at least three per-
formance levels — low-performing teacher preparation program, at-risk teacher preparation program, and
effective teacher preparation program (US Department of Education, 2016a, p. 670). There is a number of
mandatory indicators to consider. The first of them is student learning outcomes. “For each year and each
teacher preparation program in the State, a State must calculate the aggregate student learning outcomes
of all students taught by novice teachers.” The definition of novice teacher is “A teacher of record in the
first three years of teaching who teaches elementary or secondary public school students” (US Department of
Education, 2016a, p. 656). In addition, the State must consider employment outcomes, including placement
and retention in high-needs schools, and employer and novice teacher satisfaction. In this paper we pri-
marily provide information on the relationship between teacher preparation pathways and student learning
outcomes, but we also provide some information concerning retention.

The rating of an individual TPP will have consequences. A program rated low-performing will lose access
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to federal funds, including TEACH grants for its students. A more serious consequence would be the loss of
authority granted by each state to recommend students for certification. Such a decision is not discussed in
the federal guidance, but is an obvious possibility.

In addition to the forthcoming ranking of every TPP, states frequently issue rules that govern the oper-
ation of teacher preparation pathways. For example, in October 2016 Louisiana adopted a rule change that
extends student teaching for university-based programs to a full year and reduces the requirements for prior
coursework (Sentell, 2016a). One possible outcome is that “the new rules will push more students into alter-
native certification programs, which already account for about half of the state’s teachers” (Sentell, 2016b).
The point here is not to take a position on residency programs, but simply to note that state regulation has
the power to steer prospective teachers to enter one type of preparation pathway or another, most obviously
but not exclusively through the way it governs alternative certification.

It is also possible for states to take supportive action towards standard teacher preparation programs.
For example, UTeach is a STEM teacher preparation program that began at The University of Texas at
Austin in 1997, and has expanded to 45 universities across the country. The expansion has been made
possible by a variety of public-private partnerships, but in Texas, Arkansas, Florida, Tennessee, California,
Massachusetts, and Georgia, it was partly due to a coordinated state effort that included state and federal
funding and regulatory assistance. We will specifically study UTeach in Texas in this paper.

Our main research question is:

e What is the effect of teachers from different pathways on high school student learning outcomes in
math and science? In particular, how do learning outcomes depend upon whether the teacher came
through an alternative certification program or a standard university-based program?

The setting for our study is Texas, which as shown in Figure 1 has been producing more teachers than any
other state. Texas is large and varied, making it possible to access a wide range of school environments —
including urban, suburban, small town, and charter schools — a wide degree of variation in student socio-
economic status, and a large and varied collection of teacher preparation programs. Indeed Texas presents
a unique opportunity to study alternative teacher certification pathways not involving universities because
as shown in Figure 1 no other state approaches Texas in the number or proportion of teachers coming from
these routes.

In formulating our approach, we were influenced by previous studies in Texas that encountered great diffi-
culty in finding significant differences in student learning outcomes they could attribute to specific programs
(Mellor et al., 2008; von Hippel et al., 2014). There is a tension between focusing upon specific programs,
in which case sample sizes can be too low to provide enough statistical power to detect effects, and creating
very broad categories, in which case essentially dissimilar programs may be grouped together. We present
three program groupings: a large scale where all university-based programs are grouped together, a medium
scale that groups together leading universities from Texas’ flagship university systems, and a smaller-scale
grouping of the teachers coming from Texas UTeach programs. We also made use of two levels of teacher
experience, looking first at novice teachers — those with less than four years of experience — and then at
experienced teachers, defined as those with up to ten years of experience. These levels of experience have
specific connections to policy considerations and the history of teacher preparation in Texas, but also allow
us to move back and forth between considering a larger group of teachers with much internal variation,
and a smaller group with less variation, but with smaller samples and more uncertainty. The groupings of
programs and years of experience let us examine student learning outcomes as if with a microscope that
focuses in and out at various levels of magnification, searching for meaningful signals from a complex and
noisy system.

Background

Value-Added Modeling

There is an extensive literature on value-added modeling of student learning, on alternative certification
pathways, and of the use of value-added models to investigate pathways. Early work on value-added modeling
is due to Hanushek (1971) and Sanders and Rivers (1996). For a more recent explanation of value-added
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Teacher preparation program completers 2010-2015 for the 12 highest-producing states.
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Figure 1: Teachers prepared by state over 6-year period (US Department of Education, 2016b, Completers
2010-2015). IHE refers to Institution of Higher Education.

procedures, see Rivkin et al. (2005), and for the economic benefits of improved teaching see Hanushek (2011).
For a recent review see Koedel et al. (2015).

Important overviews of teacher certification pathways, including careful examination of evidence from
studies of student learning, are due to Constantine et al. (2009), Grossman et al. (2008), Guarino et al.
(2006) and Wayne and Youngs (2003).

There are several different lenses through which the literature on teacher preparation can be organized.
Most studies focus on a particular geographical region, either a state or a district. Well-studied regions
include Florida (Harris and Sass, 2011a; Sass, 2011), North Carolina (Henry et al., 2014b,a), Washington
State (Goldhaber et al., 2013; Cowan and Goldhaber, 2016), Missouri (Koedel et al., 2012), New York City:
(Kane et al., 2008; Boyd et al., 2007, 2009, 2012), California (Kane and Staiger, 2008), and Texas (Mellor
et al., 2008; von Hippel et al., 2014).

Running through the literature is a collection of debates about technical points that challenge the validity
of analysis. Most have to do with various sources of potential bias that reduce confidence in studies using
administrative data as opposed to random-controlled trials. Aggregation bias may result when dissimilar
units are grouped together (Hanushek, 2011). Grouping many units together can increase statistical power
because of large sample size, but the differences may be due to unobserved factors rather than the distinctions
defining the groups. Biased associations may be revealed by looking for apparently causal associations
working backwards in time (Rothstein, 2009) (but see the reply from Goldhaber and Chaplin (2015); Koedel
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and Betts (2011) and Kinsler (2012)). Differences between preparation programs can be overstated because
of not properly computing uncertainties given that students in different classrooms sometimes share the same
teacher (Koedel et al., 2012).

Even when student score differences between regularly and alternatively certified teachers can be dis-
cerned, they are modest compared to the scale of differences set by standard deviation on the exams. The
best-studied program in the country that recruits and supports alternatively certified teachers is Teach For
America (TFA) (Decker et al., 2004; Turner et al., 2012; Clark et al., 2013). According to Clark et al. (2013),
the difference in value-added effectiveness between TFA graduates and those of comparison programs is .06
standard deviations. These effects are measured in random controlled trials, and therefore have more internal
validity than is possible from observational data. On the other hand, the schools in which the random con-
trolled trials were conducted do not span a great range of school type so the external validity is limited. And
there is also a literature challenging the effectiveness of TFA (Darling-Hammond et al., 2005; Laczko-Kerr
and Berliner, 2002).

The literature on the specific relationship between preservice teacher preparation and subsequent student
performance is not very large. Harris and Sass (2011b) review the literature up until 2011. Some studies, such
as Kane et al. (2008) and Gordon et al. (2006) conclude that factors such as preparation routes and advanced
degrees have almost no measurable effects on student outcomes, although there are large differences between
individual teachers not captured by anything one knows of them before they begin to teach. Boyd et al.
(2012), analyzing some of the same data from New York City as Kane et al. (2008), conclude that differences
in teacher background can be detected; the difference in the analysis is mainly due to the attention given
to program characteristics. The largest single effect in their base model is that a teacher have five years
of experience, which corresponds to a value-added gain of 0.1 standard deviations in student test scores
for middle school mathematics. The largest program differences, which are for Teach for America corps
members, are around 0.05 standard deviations, while for College Recommended teachers the effect is around
0.02 standard deviations.

There are two studies in Texas prior to our current work particularly worth highlighting. Mellor et al.
(2008) studied student learning outcomes in classrooms of beginning teacher graduates from University of
Texas System campuses, with data from 2003 through 2007. Their primary goal was “to determine how
student achievement in the classroom might be used as an indicator of the success of teacher preparation
programs.” At the time there was no statewide data system in place and they spent years obtaining data
from over 400 districts. They carried out a variety of comparisons with multi-level models, but almost none
of the effects they found was large enough to rule out having been caused by sampling uncertainty. They sum
up by saying, “Our most significant finding was that limitations of most state data and assessment systems,
including the one in Texas where our study was conducted, make this kind of research difficult.” Six years
later, the problem of evaluating learning gains due to Teacher Preparation Programs (TPPs) was revisited
by von Hippel et al. (2014), now with the advantage of a statewide data set. They conclude, “In Texas we
find that TPP estimates consist mostly of noise.... The potential benefits of TPP accountability may be too
small to balance the risk that noisy TPP estimates will encourage needless, disruptive, and ineffective policy
actions.” These conclusions are similar to the findings of Koedel et al. (2012) in Missouri.

Concerning alternative certification the National Research Council concluded that “Because the infor-
mation about teacher preparation and its effectiveness is so limited, high-stakes policy debates about the
most effective ways to recruit, train, and retain a high-quality teacher workforce remain muddled.” (NRC,
2010) Grossman et al. (2008, p. 185) similarly conclude that “[t]he available research does not paint a
complete picture of either optimal recruiting and selection criteria nor optimal preparation opportunities.”
These studies are more than half a decade old, but conclusions have not changed much because “the field
is moving in the direction of weighting value-added analyses in assessments of teacher preparation program
quality (US Department of Education, 2016a, p. 487). For the purpose of active Federal policy, the point of
view currently holding sway is that “effectiveness of graduates is not associated with any particular type of
preparation program, [so] the only way to determine which programs are producing more effective teachers
is to link information on the performance of teachers in the classroom back to their teacher preparation
programs” (US Department of Education, 2016a, p. 566).
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Alternative Certification and UTeach in Texas
Alternative Certification

Alternative certification of teachers was first permitted in Virginia in 1982, soon followed by California,
Texas, and New Jersey (Suell and Piotrowski, 2007). Alternative certification is difficult to define precisely,
and can encompass a wide range of programs, but in broad terms it describes “pathways designed to attract a
wider range of candidates into teaching generally by reducing or eliminating pre-service education coursework
and speeding paid entry into the classroom” (Grimmett and Young, 2012).

There are many potentially positive features of alternative certification.

e Reduce time and cost for candidates: For an individual who has completed a bachelor’s degree, the
time he or she will need before beginning paid teaching is much lower than the time that would be
needed going through a university.

e Response to shortages: This raises the possibility of responding more quickly and efficiently to teacher
shortages than universities can.

e Explore best practice: Alternative certification programs may be able to employ preparation coursework
that is compressed in time and makes use of technology rather than face-to-face meetings. Successes
achieved while exploring these possibilities could inform all preparation programs about how to operate
more efficiently and effectively.

e Raise teacher quality: The introduction of alternative certification programs in a state may raise
the caliber of person who enters teaching, by stripping away unnecessary, unappealing, or expensive
coursework that previously constituted a barrier (Hess, 2001).

Yet in each of these respects alternative certification raises a concern.

e Someone who wishes to teach may have a financial interest in beginning paid teaching as soon as
possible, but their students will not necessarily benefit if the new teachers are allowed to begin working
full time before they are ready.

e The expansion of alternative certification programs could exacerbate teacher shortages by enabling
reduction in the capacity of public institutions to prepare teachers.

e Cross-pollination of different types of programs could hardly be negative, but there is no evidence it
has happened.

e The existence of alternative certification can reduce the motivation of undergraduates to obtain certi-
fication as part of their first degree, when it costs them nothing more than they would pay anyway to
attend college. To obtain certification later requires hundreds or thousands of dollars more. The net
result could be a decrease in the number or quality of individuals entering teaching.
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Figure 2: STEM teacher production in Texas from 2001 until 2015, comparing production from regular and
alternative certification pathways.
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Figure 3: STEM teacher production in Texas from 2001 until 2015, summing all pathways.

Figure 2 shows the numbers of mathematics, science, and computer science teachers prepared in Texas
since 2001 through university-based programs and non-university alternative certification. There are roughly
three separate periods. Until 2003, universities clearly dominated the preparation of teachers. In 2004,
university preparation fell by around 1/3 from a peak just two years before. At the same time, alternative
certification began a period of rapid expansion, which continued until 2008, at which point it stabilized. In
2012, the number of teachers from alternative certification dropped by around 1/3 and has only slowly been
recovering. The drop may be due to widely publicized cuts to school budgets in the spring of 2011, and to
the fact that the economy was still recovering from the Great Recession. As shown in Figure 3, the total
number of STEM teachers prepared in 2014-2015 was less than it had been in 2001-2002. The hope that
alternative certification would suffice to eliminate teacher shortages has not been realized; on the other hand,
this does not mean that Texas is worse off after the expansion of alternative certification than it would have
been otherwise.

UTeach and Leading Texas Universities

UTeach began at the University of Texas at Austin in the fall of 1997 and since then has been the only UT
Austin program certifying secondary STEM teachers. It is primarily a standard undergraduate certification
program, although postbaccalaureate candidates can be recommended for certification by taking the same
courses as the undergraduates. Features of UTeach include early field experience closely supervised by
master teachers, active recruitment of content majors, coursework using research on how people learn, close
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cooperation between colleges of Natural Sciences and Education, and compact degree plans so students can
get a degree and teaching certificate at the same time.

UTeach went through several phases. From 1998 to 2004 it grew to steady state at UT Austin. In 2007
UTeach started to be replicated across the United States, with three expansion sites in Texas. These sites
began yielding graduates in 2010. As of 2016, UTeach has spread to 7 Texas institutions. These are UT
Austin, UT Dallas, UT Arlington, UT Tyler, UT Rio Grande Valley (formerly UT Pan American and UT
Brownsville), University of North Texas, and the University of Houston. The growth in number of graduates
due to this expansion (Figure 4) has not yet reached steady state and should continue to increase.
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Figure 4: Texas STEM teachers prepared by UTeach

Despite this growth, UTeach is still a small enough program that we should expect to find little but noise
if we heed the warnings of von Hippel et al. (2014) . However, the pedagogical practices within UTeach,
including early field experience, employment of clinical faculty, and semester-long student teaching, are
generally consistent with those of many other university-based teacher preparation programs. For example
AggieTeach, the secondary preparation program at Texas A&M, which graduates more STEM teachers than
any other university-based program in Texas, is quite similar to UTeach.

Thus, anticipating the difficulty of obtaining sufficient statistical power to detect effects when restricting
attention to a small number of programs, we decided to perform some of the analysis by grouping together
a collection of leading Texas universities that share similar practices. These are all UT System universities,
all A&M System universities, Texas State University, University of Houston and University of North Texas.
Specifically, we define these leading Texas universities to be University of Texas - Austin, University of
Texas - Brownsville, University of Texas - Arlington, University of Texas - Dallas, University of Texas -
Tyler, University of Texas - San Antonio, University of Texas - Pan American, University of Texas - El
Paso Texas A&M University, Texas A&M University - Corpus Christi, Texas A&M University - Commerce,
Texas A&M University - Kingsville, Texas A&M University - Texarkana, Texas State University-San Marcos,
University of North Texas, and University of Houston

The logic behind choosing these universities is that they contain the state public research flagships, the
largest former normal school, and all universities that eventually joined the UTeach network. The programs
at these universities are not identical, nor are the populations of students, but the programs are by and large
recognized as high quality, the students at the universities are among the state’s best, and the programs
have many things in common, including attention to content knowledge, pedagogical preparation, full student
teaching, early field experience in many cases, and emphases on inquiry and equity. Thus they are similar
enough to each other to be viewed as a group, and provide a large enough sample size that we are able to
disaggregate to explore the space of variables described in Table 2.

One of the problems particularly raised by the National Research Council (NRC, 2010) is that “there is
more variation within categories such as ’traditional’ and ’alternative’ — and even within the category of
master’s degree programs — than there is between the categories.” Based on our knowledge of particular
programs, we believe this worry is less applicable to Texas than it may be to other jurisdictions. Both
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regular and alternative programs are governed by the same sets of rules: they must have 30 clock hours of
field-work or observation, 300 clock hours of coursework, and either a student teaching semester or a year-
long internship. However the traditions of the regular and alternative pathways are different. Alternative
certification emerged from the philosophy that barriers to teaching should be removed, and the candidates,
all of whom already have finished a first degree, usually have a few weeks of instruction and observation
after which they enter the classroom working full time, completing their pedagogical coursework during an
internship year. The university programs provide all the coursework, often but not necessarily as part of a
degree, as well as the fieldwork prior to a student teaching semester, and only afterwards do the candidates
begin to teach full time. To illustrate the point that alternative and standard programs differ in their
practices, we note that for alternatively certified teachers of Algebra I in 2011-2012 with up to 10 years
of experience, 97% entered teaching on a probationary certificate. This means they began teaching full
time without having had student teaching. By contrast, for the Algebra I teachers from standard university
programs, less than 1% entered on probationary certificates and the remaining 99% had a semester-long
student teaching experience.

Causal Framework, Variables, and Sample

Causal Framework

Our view of how to draw causal inferences from data has been influenced by Pearl (2009) and Morgan and
Winship (2015). One way to explain the approach is to say that we want to know how some intervention,
such as a policy decision, might work out in the future. To estimate its effect, we look in the past for
similar cases where such an intervention has operated and use those as a guide. The more similar we make
the environment from the past to one we want to examine in the future, the greater the risk of drawing
conclusions from small and noisy samples. Thus there has to be balance between grouping together such
dissimilar things that they predict the future badly, and having such small samples that estimates end up
swamped by uncertainty.

An idea due to Pearl (2009) is use of Directed Acyclic Graphs to describe causal relationships. These
graphs display quantities that are correlated with each other, and indicate with arrows the direction that
causality operates. We present such a diagram in Figure 5.

OGN0
GENGE

Symbol Meaning
Student test score in year ¢.
1 Student test score in year ¢ — 1.
Demographic and other descriptive variables for student in year ¢.
Teacher assigned to student’s class in year ¢.
Campus in year t.
Educator preparation pathway.

TANTR®

Figure 5: Causal diagram for effect of educator preparation pathway on student test scores.

For the most part, arguments about the direction of arrows in Figure 5 will have no obvious impact on
the models we will write down in the end. However thinking about causality does influence the way model
calculations are performed. For example, we do not control for teacher years of experience in our models, but
we do look at two subsets of teachers: those with less than 4 years of experience, and those with less than
10 years of experience. The reason is that we are interested in the effect on student test scores of different
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teacher preparation pathways. Teachers coming from different pathways remain in teaching for different
amounts of time (Figure 6). In particular, teachers from standard university programs stay at about a
10% higher rate than those from alternative certification programs. The population of novice teachers from
universities is less heavily weighted with first-year teachers than novice teachers from alternative certification
programs. Therefore, on the formal grounds that one should never control for the causal descendants of an
intervention (Morgan and Winship (2015)) we do not control for years of teaching.

100%

UTeach
90%

STEM, Standard Program
80%

70%

Percent Still Teaching

60%

50%

STEM, Alternative Program

40%
| 2 3 4 5 6 7 8 9 10

Teacher Years in Classroom

Figure 6: Retention of Texas STEM teachers in teaching by preparation pathway, averaged over cohorts
entering from 2004 until 2013.

This argument makes it seem that we should never consider years of experience at all, but that is not
right, either. States are required by US Department of Education (2016a) to hold TPPs accountable for their
novice teachers, those with less than four years of experience. Programs will be rated effective or ineffective,
and potentially stopped from preparing teachers, based on outcomes from this subgroup, so it has to be
considered separately. Obviously it is also interesting to know how more experienced teachers perform.
However, as shown in Figure 2, the Texas STEM teacher preparation landscape, with a balance of standard
and alternative programs, has only had its current form since around 2002. Therefore, when looking beyond
novice teachers to include those with more experience, we decided to restrict attention to those with up to
10 years of experience, so that the conditions under which they were prepared would reasonably resemble
what we expect in the future.

Variables

We now provide a more detailed discussion of the symbols appearing in Figure 5. Each of the symbols
expands into additional measured characteristics, which are not indicated in the diagram. Possible values of
each variable appear in Table 2. They are Campus= C, Demographics= D, Test Scores=S and teacher=T'.
In each instance we have made choices about how to group variable values together.
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Variable Name Category Values

C School Campus School Identifier and
[Urban, Suburban, Small Town, Charter School]® School
Poverty, Continuous € [0, 1] or Binned in four equal quartiles

D Demographics Flags for LEP, Free/Reduced Lunch, Gifted, Special Ed, and
Race/Ethnicity
T Teacher Teacher Identifier and Years of Experience€ [Novice=<4 years
experience, or < 10 years experience]
Sy Student raw test score in  Continuous € [0,1] or binned in (0 — 4], (.4 — .5]...(.9 — 1]
year t
P Educator Preparation [Alt, Post-Bacc, Standard, Out of State,
Pathway Otheror [Post-Bacc/Standard, Alternative] and

Texas UTeach, Leading Texas Universities, All]

Table 2: Variables used to stratify schools, classrooms, and teachers.

In the case of Campus C' we characterize each campus by its type (Urban, Suburban, Small Town,
Charter) and the school poverty concentration. The district types are described in Table 3. In most models
we also include a varying intercept for each campus.

Texas Education Agency Category Group

Major Urban Urban
Other Central City Urban
Major Suburban Suburban
Independent Town Small Town
Other Central City Suburban Small Town
Non-Metropolitan Stable Small Town
Rural Small Town
Non-Metropolitan Fast Growing Small Town
Charter School Districts Charter

Table 3: Regrouping of Texas Education District types into the four categories used here.

For Demographics D we use student flags for race and ethnicity, special education, gifted, and limited
English proficiency.

For Teacher T' we use years of experience, sometimes restricted to novice teachers (defined as less than 4
years of experience), other times restricted to less than 10 years of experience.

For Test Scores S;_1 and Sy we used STAAR Algebra I in 2012 or STAAR Biology in 2012 for S; and
averages of the prior year 8th grade TAKS mathematics or 8th grade TAKS science for the same students to
obtain Sy_1. 2011-2012 was the first year that student-teacher links became available in Texas on a statewide
basis. The reason we use Algebra I and Biology is that they are the only high school exams in science and
mathematics that remained after a substantial reduction of mandatory standardized testing from the Texas
legislative session of 2013.

Finally, Figure 5 includes the effect of Educator Preparation Program P. As we have discussed, this
appears as a fixed effect for program type (Alternative, Standard, or Postbacc with Standard Certificate)
and then we restrict the Standard teachers to three program groupings: all university-based programs,
programs at leading Texas universities, and Texas UTeach programs.

Sample Construction and Sample Size

We provide some information on the size of our sample in various categories. In Table 4 we show the numbers
of teachers. We illustrate sample construction for the case of UTeach Algebra I teachers with less than 4 years
of experience. We begin by finding all UTeach graduates with less than four years of experience teaching
Algebra I. There are 48 of them. We find all the campuses in which they teach, and in those campuses
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we find all the alternatively certified teachers with less than 4 years of experience teaching Algebra I. That
is the comparison group, labeled Alt in Table 4. There are 53 of them. The other comparison groups are
constructed similarly.

Program Group Subject Years Standard Alt  Total

UTeach Algebral <4 48 53 101
UTeach Biology <4 26 22 48
Leading Algebral <4 268 192 460
Leading Biology <4 165 134 299
All Algebral <4 694 802 1496
All Biology <4 503 887 1390
UTeach Algebral <10 62 83 145
UTeach Biology <10 36 44 80
Leading Algebral <10 432 460 892
Leading Biology <10 292 365 657
All Algebral <10 1231 1348 2579
All Biology <10 959 1562 2521

Table 4: Numbers of teachers in study for all combinations of program group, pathway, years of experience,
and discipline. The “Standard” column counts teachers from standard programs, while the “Alt” column
counts the comparison group of alternatively certified teachers in the same schools.

Tables 5 and 6 provide descriptions of the numbers of students appearing in our sample in various
categories. These are the numbers of students left after the exclusions described below under Weights and
Exclusions. The categories Small Town, Suburban, and Urban, described in Table 3, have roughly equal
numbers of students overall. The charter schools have many fewer, but as the Texas Education Agency breaks
them out separately, and as they are of considerable policy interest, we keep them separate. Although around
300,000 students took the math and science exams, by the time we focus down on classrooms with a novice
UTeach teacher, the numbers of students remaining may be only in the thousands, or in the case of charters
schools in the dozens. Particularly for the charter schools, the numbers are not completely accurate because
they were created by summing up smaller categories that sometimes had to be set to zero for masking.

Teacher assignments to Algebra I and Biology

Since we consider populations of teachers from different pathways teaching in different types of schools, it is
interesting to know how they are associated. We provide some descriptive statistics addressing this matter
in Figures 7 and 8. The numbers of teachers in the subcategories were sometimes less than five and subject
to masking, so we report the numbers of students.

In mathematics, we note that the novice UTeach graduates are less likely than novice teachers from other
program groups to have students in small towns, particularly high-poverty small towns, but are substantially
more likely to have students in urban classrooms, particularly high-poverty urban classrooms. In science,
this pattern is not repeated. Instead, the UTeach graduates are most likely to have students in wealthy
suburban schools. It is not obvious why this is true since mathematics and science students in UTeach
have an identical pedagogical preparation, with field experiences in low-income urban schools. Perhaps it
is because the shortages described in Table 1 mean that the science teachers more than the mathematics
teachers are recruited even as novices into schools with the greatest financial resources.

Methods

Overview and Restrictions

We present multilevel models where students are nested within a classroom, classrooms are nested within
teacher, teachers are nested within campus, and we control for each student’s prescore, an array of demo-
graphic information about both student and campus, and estimate the effect of teacher pathway.
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Discipline/Program Group/Pathway: <4 years experience

Algebra I
All Leading UTeach
g E g T F
= < = < = <
= 3 2 = & F
District < n < n <t n
Charter 1766 770 29 317 10 106

Small Town 10664 10211 2115 3346 289 336
Suburban 15501 15672 3949 5537 1231 908

Urban 18561 13357 5375 6499 1442 1379
Total 46492 40010 11468 15699 2972 2729
Biology
All Leading UTeach
o o o
T % % %
g g =l
- g ET 8 3
= = = 3 = s
District < n < ) < )
Charter 2355 716 191 342 . 31

Small Town 14675 8802 1646 2438 89 85

Suburban 21645 12766 4788 4205 1043 1101
Urban 21352 11014 3347 3809 336 1431
Total 60027 33298 9972 10794 1468 1431

Table 5: Numbers of students in study for combinations of discipline, program group, pathway, and district
type. Teachers with < 4 years experience. The “Standard” column counts students with teachers from
standard programs, while the “Alt” column counts the comparison group of students with alternatively
certified teachers in the same schools.

We restrict the analysis in several ways. We used only data from the 2011-2012 academic year, with
prescores from 2010-2011. The 2011-2012 year was the first year that student-teacher links are available in
the Texas statewide dataset. In the present publication we have not considered additional years mainly as a
practical matter. It took more than a year of work to clean the 2011-2012 dataset well enough that the results
were useful. Policy changes in Texas concerning both high school testing and graduation requirements mean
that results from different years are not necessarily easy to compare with each other even if the cleaning
process is complete. Thus, we leave analysis of later years for later work.

“Months of Schooling” Units, (MOS)

It is common to define an effect size by dividing exam scores by the standard deviation. For ninth graders
who took Algebra I in 2012-2013, the standard deviation was .17, while for these same students the standard
deviation of their mathematics scores the year before in 8th grade was .15. Therefore we take 0.16 as the
standard deviation. We define “Months of Schooling” units where 9 Months of Schooling (MOS) corresponds
to one quarter of a standard deviation (Gates Foundation, 2012). In these units, gaining 0.04 in raw score on
an exam is reported as 9 Months of Schooling. Note that in these units, for both Algebra and Biology, the
difference in expectations between the lowest and highest poverty concentration classrooms is on the order
of nine months of schooling. Also note that one month of schooling corresponds to .028 or 2.8% in standard
deviation units. Thus, the effects found in previous studies in New York City or for Teach for America are on
the order of 1 to 2 in these Months of Schooling units. To convert from percentage of a standard deviation to
Months of Schooling, multiply by 0.36. To convert from raw score to Months of Schooling, multiply by 225.
Although one added Month of Schooling sounds like a large difference, it is a small effect. There are around
50 problems on the Texas exams, and it corresponds to one chance in five of getting one more problem right.
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Discipline/Program Group/Pathway: <10 years experience

Algebra I
All Leading UTeach

[« <) [

= > >

sz £ ¥ £ ¥

g 9 = 9 s <

= g = g e g
District < n < n < n
Charter 2527 969 115 330 : 106

Small Town 17946 18722 5160 5798 377 364
Suburban 24570 25777 10241 8915 1773 1359

Urban 28949 23990 10975 9522 2144 1601
Total 73992 69458 26491 24565 4294 3430
Biology
All Leading UTeach

) o <]

:E = £ 7 £ ¥

= S = S = s

g E 5 E SR

= 3 = = = 3
District < n < n << »n
Charter 3598 949 207 442 . 31

Small Town 24305 18159 4864 4948 224 285
Suburban 39264 22105 11927 7007 2150 1645
Urban 36125 20909 9293 7045 608 406
Total 103292 62122 26291 19442 2982 2367

Table 6: Numbers of students in study for various combinations of discipline, program group, pathway, and
district type. Teachers with < 10 years experience. The “Standard” column counts students with teachers
from standard programs, while the “Alt” column counts the comparison group of students with alternatively
certified teachers in the same schools.

Groups

We found during preliminary investigations that there is a strongly nonlinear interaction between poverty
concentration and district type, and pretest scores. For this reason we defined a variable G that creates

comparison groups with

G

District € {Urban, Suburban, Small Town,Charter]} (1)
® Prescore=S;_1 €0 — .4](.4 — .5],(.5—.6]...(.9—1]
® School Poverty Concentration € {[0 — 25%)], (25% — 50%)], (50% — 75%)], (75% — 100]}

The use of this variable in models enables us to control for the interactions of district type, prescore, and
poverty concentration in a non-parametric fashion. We also explored a wide range of parametric represen-
tations of these and other factors.

Weights and Exclusions

Any given student test score result could end up in our data set from one to six times. The test scores
appeared multiple times when the student took classes with separate identification numbers in separate
semesters, and when more than one teacher was associated in the data with the class section. We weighted
every student record inversely with the number of times the student appeared, so if a student was taught by
several teachers during the year, each of them shared equally, and that student did not contribute more to
the final results than a student who appeared only once.
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Figure 7: How the sample for Algebra I students taught by teachers with less than 4 years experience is
distributed in different types of school environments. In every row the percentage of students adds to 100%.

We excluded many records. We kept only cases where the student had a valid ninth-grade score in 2012
and a valid eighth-grade score in 2011. There were thousands of students who took Algebra I in eighth
grade in 2012; this is quite a different population than the ninth-graders and we do not report the results
here. There were several accommodations available to students both in 2011 and 2012, including provisions
for English-language learners, vision-impaired students, and a modified exam for students with learning
disabilities. In most of our analyses, we exclude all students who received any of these accommodations in
either 2011 or 2012. However, in our report on student-level models, we do at one point include results from
students who received an accommodation in 2011 and also received one in 2012; most of them were taking
the alternate exam, so they cannot be compared easily with the other students.

We also limited the groups of teachers we examined. The state has many different categories, including
those who were prepared out of state. We limited ourselves to teachers from standard programs entering
teaching with a standard certificate, teachers from university postbaccalaureate programs receiving a stan-
dard certificate (these two sets of university-prepared teachers were combined in the final analysis), and we
compared them with teachers from alternative certification programs who began teaching with a provisional
certificate. We excluded postbaccalaureate candidates from universities who entered teaching with provi-
sional certificates, since by not entering with a standard certificate we deduce they did not have a student
teaching semester and thus their preparation pathway differs substantially from the standard one.
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Figure 8: How sample for Biology students taught by teachers with less than 4 years experience is distributed
in different types of school environments. In every row the percentage of students adds to 100%.

Multilevel Models

We explored a number of different multilevel models using Imer in R (Bolker et al., 2016). The one we view
in the end as our baseline model has the form

3
Sie~ N APy + Tyjay + Chpy + Classy iy + Certy sy + > Xpij; 05) (2)
B=1 X

at the top level, where S; ; is the score of student ¢ in year ¢t and S;;_1 is the student’s score on the exam
in the same subject the previous year in a cubic polynomial. The cubic polynomial is needed because the
relationship between current and prior year score is very nonlinear; studies such as Cowan and Goldhaber
(2016) and Boyd et al. (2009) also model prior score up to the cubic level. The coefficients for demographic
factors X range over Gifted, racial and ethnic groups, Limited English Proficiency (LEP), Free/Reduced
Lunch Eligibility, and Special Education; here g[i] is the value of group membership for student i. Certi-
fication pathway Cert,, enters as a fixed effect. By modeling the teacher in this way, each teacher should
contribute equally to the estimate of the effect of their pathway to teaching. The second level of the model
has random intercepts for teacher T', campus C, and class section Class,

Tj ~ N(pr;o%) Cp~ N(uc;oz) Classy ~ N(ug;o7).

A second variant of the model is
3
Sit ~ N AgSP1 + Tyjiy + Cpip + Classy iy + Certyn sy + > Xofij; 0%) (3)

B=1 X
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T; ~ N(pr;07) Class, ~ N(up;o7).

This is the same, except that campus is treated as a fixed effect at the top level, rather than being
modeled as a random effect at the second level. While this model more accurately captures the effect of each
campus, it is less appropriate for finding the contribution of teacher pathway because, for example, in cases
where a campus has teachers from only a single pathway, the campus fixed effect subtracts off any effect
these teachers have rather than comparing them with teachers in similar campuses as the campus random
effect model does.

A third variant of the model is

Sie ~ N(Gypip + Ty + Crpi) + Classy i) + Certy, iy + Z Xo;0%) (4)
X

In this case, rather than a polynomial function of prescore, we use the groups described by Eq. 1, composed
from all combinations of campus poverty quartiles and prescore deciles, modeling teacher, campus, and class
section with random intercepts at the second level.

T; ~ N(ur;07) Ck ~ N(pc;og) Class, ~ N(up;o3).
We had one more variant, which we applied to subpopulations.
3
Sip ~ N(Z )\/355,571 + Tj[i] + Ok[i] + Classn[j[i]] + Certm[j[i” ; Cr?g) (5)
B=1

This equation was limited, for example to the subpopulation of economically disadvantaged students, or to
gifted students.

Results
Random Effects Fixed Effects

Group Standard Deviation (MOS)  Group Effect (MOS)
Campus 11 Econ Dis —2.240.1
Teacher 7.4 Black —-3.0+0.2
Class 2.5 Hispanic —3.7+£0.2

Asian 5.6 +0.4
Fixed Effects for Pretest Score (MOS)  Gifted 9.0+0.3
A1 48.4+12.6 Special Ed —2.84+0.5
Ao —9.59+19.5 LEP —25+0.2
A3 79.7+9.8 Standard Cert 1.15+0.4

Table 7: Coefficients for random and fixed effects for Algebra I teachers with less than 10 years of experience,
model from Eq. 2.

We present results from our multi-level models. We select one to examine in detail and explain the relative
size of various effects. Consider the model in Eq. 2 for all teachers with less than 10 years of experience.
The random and fixed effects are given in Table 7 for Algebra I and Table 8 for Biology. The coefficients for
the models of Algebra I and Biology are quite similar to each other.

Among the random effects, the largest is the difference between campuses, with a standard deviation of
11 Months of Schooling for Algebra I and 10 in Biology. The standard deviation of the difference between
teachers is around 7 Months of Schooling in both subjects. Thus we find larger differences between campuses
than within them. The standard deviation of classes taught by the same teacher is around 3 Months of
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Random Effects Fixed Effects

Group Standard Deviation (MOS)  Group Effect (MOS)
Campus 9.8 Econ Dis —2.5+0.1
Teacher 7.7 Black —-1.2+£0.2
Class 3.2 Hispanic —4.5£0.2

Asian 6.1 +0.3
Fixed Effects for Pretest Score (MOS)  Gifted 11.5+0.2
A1 193.2 £9.1 Special Ed —-3.7+£0.5
Ao —349.5+14.1 LEP —4.2+0.2
A3 281.0 £ 7.0 Standard Cert 0.7+0.4

Table 8: Coefficients for random and fixed effects for Biology teachers with less than 10 years of experience,
model 2.

Schooling in both subjects. Each of these effects is larger than the effect due to teacher pathway, which is
around 1 Month of Schooling.

Figure 9 provides a graphical overview of our results for each combination of teacher pathway, subject,
years of experience, and a variety of student subgroups, using the model in Eq. 2. Almost all of the
estimates, overall or by subgroup, indicate that students of teachers with standard certification score higher
by around one Month of Schooling than students in the same schools and subjects whose teachers were
alternatively certified. The largest difference appears to be for students flagged as Gifted, but the results
from Economically Disadvantaged students and those of Limited English Proficiency are also noteworthy.

In Table 9 we provide overall estimates for each combination of pathway, subject, and years of experience
for the three models in Eqgs. 2-4. While every single one of these estimates is positive, the only ones to
meet simple tests of statistical significance are for Leading Universities and All Universities in Algebra I.
From the perspective of providing guidance for the future, estimating the effect of All Universities this way
makes more sense than estimating the effects of Leading Universities or UTeach. The reason is that the
comparisons are limited to the schools where the teachers in our sample are teaching. One sees in Figures
7 and 8 that the Leading University and UTeach teachers concentrate in school environments that are not
representative of Texas as a whole. Following the prescription of Pearl (2009), Eq. 3.13, one should construct
an overall estimate by summing over sub-populations weighted according to their expected presence in future
interventions. This is not possible, because the future interventions are not known. However we make two
comments. First, we observe that a reweighting procedure is probably not called for in the case of the All
Universities sample for teachers with up to 10 years of experience, since this already includes the bulk of
the teachers in almost every high school in the state. Second, we computed the effect of teacher pathway on
students belonging to a variety of subpopulations. Thus, for example, if there is to be an intervention that
directs new teachers to work in schools with a majority of low-income students, as Noyce Scholarships and
TEACH grants do, one can try to assess the impact on populations policy is aiming to affect.

In Tables 10 and 11 we report model estimates for subpopulations of students using Eq. 5. For Algebra
I, 37 of the 42 estimates are positive, favoring teachers with standard certification, 10 of the estimates are
statistically significant, and all favor teachers with standard certification. For Biology, 34 of the 42 estimates
are positive, 7 of the estimates are statistically significant, and all of these favor teachers with standard
certification. For the Students column labeled “Mod” we look at results from Special Education students
who took an alternative, modified, exam in both 2011 and 2012. In all other cases, we examine results from
the regular exam restricted to a subpopulation.

As emphasized by von Hippel et al. (2014), the estimates are quite noisy. We provide a simple expression
to estimate the uncertainty. Focusing on the results of Eq. 2, the uncertainty is fit quite accurately by

17
\% NTeachers ’

where Nreachers 1S the sum of the number of standard and alternatively certified teachers being compared;
fitting this expression to the uncertainty produced by the multilevel model gives R? of 0.98. What this
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implies is that to detect a difference of 1 month of schooling between two groups of teachers, there needs to
be a sample of around 1000 teachers. The UTeach sample is roughly three times smaller than the Leading
University sample, which in turn is four times smaller than the sample from All Universities. The scale
for the uncertainty in Figure 9 grows accordingly as one moves from the largest program grouping to the
smallest. It is a little surprising that the models produce any statistically significant estimates for UTeach at
all; these are for Gifted students in mathematics, and for Gifted, Economically Disadvantaged, and Hispanic
students in science.

We recall that in previous studies such as (Boyd et al., 2012) a change of 0.05 standard deviations was
the largest typically ascribed to a group of teachers; in current units that corresponds to 1.8 Months of
Schooling. Thus, although the effects we find in Tables 9 — 11 are small compared to the standard deviation
of teachers or schools, they are consistent with teacher pathway effects found previously.
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Figure 9: Estimates of added Months of Schooling for ninth-grade Algebra I and Biology students of novice
and experienced teachers from all standard Texas university programs, leading Texas universities, and UTeach
universities, using the model in Eq. 2. Columns provide separate estimates for a variety of student subgroups.
Students receiving accommodations are excluded. Note that vertical scales are not the same for all rows.
Error bars indicate one standard uncertainty.
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Pathway, Subject

UTeach Algebra I

Effect (MOS) 0.25+1.87 0.90+1.84 0.32+1.97 |0.344+1.67 1.07£1.71  1.234+1.74
Years 4 10

Pretest Control |C N C C N C
Campus Intercept|R R F R R F
Pathway, Subject | UTeach Biology

Effect (MOS) 1.2842.08 2.48+ 2.29 1.07+2.13 |3.014+1.94  4.31£1.99 * 3.614+2.02
Years 4 10

Pretest Control |C N C C N C
Campus Intercept|R R F R R F

Pathway, Subject

Leading Texas Universities, Algebra I

Effect (MOS) 0.73+0.83 0.88+0.94 0.86+0.93 |1.24+0.65 1.5440.67 * 1.3£0.68
Years 4 10

Pretest Control |C N C C N C
Campus Intercept|R R F R R F
Pathway, Subject |Leading Texas Universities, Biology

Effect (MOS) 0.23£0.90 0.56+0.94 0.57£0.94 |0.64+0.69 0.65+0.72 1.18+0.72
Years 4 10

Pretest Control |C N C C N C
Campus Intercept|R R F R R F

Pathway, Subject
Effect (MOS)

All Texas Universities, Algebra I
1.06+0.53 * 0.95+0.54 0.7440.61

1.15+0.41 ** 1.00£0.42 * 0.784+0.45

Years 4 10

Pretest Control |C N C C N C
Campus Intercept|R R F R R F
Pathway, Subject | All Texas Universities, Biology

Effect (MOS) 0.974+0.55 0.71+£0.56 0.35+0.66 |0.7240.4 0.454+0.42 0.68+0.45
Years 4 10

Pretest Control |C N C C N C
Campus Intercept|R R F R R F

Table 9: Overall estimates for effects of teachers with standard certificates. We report estimates for all
combinations of teacher pathway, subject, and cutoff on teacher years of experience. In each case we report
on three models. The first is Eq. 2, which controls for pretest score with a cubic polynomial C, and models
each campus as a random factor R. The second uses Eq. 4 and substitutes the non-parametric control for
prescore and campus type N described in Eq. 1. The particular values reported here come from using
prescore deciles, but using prescore quartiles only affects the second decimal place. The third model, Eq. 3,
returns to polynomial control for prescore but includes each campus as a fixed effect. We estimate statistical
significance by using * for |¢| >1.96, ** for |t| >2.58, where t is the ratio of effect to uncertainty.
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All <4 Mod —-0.44+1.23 All <4 White 0.6240.80
All <10 Mod 1.39+£0.89 All <10 White  0.5140.59
Leading <4 Mod —2.46£2.35 Leading <4 White 0.33£1.02
Leading <10 Mod —0.30 £ 1.62 Leading <10 White 1.03£0.97
UTeach <4 Mod 3.80+6.50 UTeach <4 White  3.90 £ 3.50
UTeach <10 Mod  6.75+5.75 UTeach <10 White  2.42+2.54
All <4 LEP 1.40+0.91 All <4 Black 1.56 + 0.82
All <10 LEP 1.56+0.69 * All <10 Black 1.05 £ 0.64
Leading <4 LEP 1.42+1.49 Leading <4 Black 1.93£1.32
Leading <10 LEP 2.23+1.03 * Leading <10 Black 0.99 £ 0.98
UTeach <4 LEP  3.60 4 2.60 UTeach <4 Black 2.00 4+ 2.20
UTeach <10 LEP  2.97+2.51 UTeach <10 Black 0.87 £2.23

All <4 Gifted 3.81+1.39 ** All <4 Hispanic 1.31+0.60 *

All <10 Gifted 2.41+1.12 * All <10 Hispanic 1.45+ 0.46 **
Leading <4 Gifted 4.23 +2.38 Leading <4 Hispanic 0.33 £1.02

Leading <10 Gifted 3.90+1.76 * Leading <10 Hispanic 1.25+0.74
UTeach <4 Gifted 11.8+5.60 * UTeach <4 Hispanic —0.42 £+ 2.30
UTeach <10 Gifted 9.28 4+4.63 UTeach <10 Hispanic —0.11 4+ 1.98
Al <4 Eco  1.84+0.59 **
All <10 Eco  1.7140.46 **
Leading <4 Eco 1.75+1.04
Leading <10 Eco  2.11+0.75 **
UTeach <4 Eco 0.50% 2.10
UTeach <10 Eco 1.39£1.69

Table 10: Algebra I: Multilevel model estimates for effect of teacher pathway on subgroups of students. The
effects come from Eq. 5 applied to a restricted population of students.
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All <10 Mod 0.17+£0.74 All <10 White  0.54 4+0.58
Leading <4 Mod —0.38£1.82 Leading <4 White —1.62+1.43
Leading <10 Mod —-0.63 £+ 1.33 Leading <10 White —-0.63£1.11
UTeach <4 Mod —6.30=+4.15 UTeach <4 White —1.744+3.27
UTeach <10 Mod —6.40 4 3.30 UTeach <10 White  3.09 £ 2.67
All <4 LEP 1.64+£1.00 Al <4 Black 1.70 £ 0.87
All <10 LEP 0.93+0.73 All <10 Black 0.74 +0.64
Leading <4 LEP  0.09+1.40 Leading <4 Black 0.88+1.41
Leading <10 LEP 0.12+1.11 Leading <10 Black 0.88 £1.09
UTeach <4 LEP  3.7243.03 UTeach <4 Black 0.66 4 2.04
UTeach <10 LEP  0.00 4+ 3.07 UTeach <10 Black 1.52 +£1.86
Al <4 Gifted 1.77£1.10 All <4 Hispanic 1.40+0.62 *
All <10 Gifted 2.14 £0.78 ** All <10 Hispanic 0.93+0.47 *
Leading <4 Gifted 0.84 +2.08 Leading <4 Hispanic 0.77 £ 1.05
Leading <10 Gifted 2.79 £1.47 Leading <10 Hispanic 1.18 £ 0.80
UTeach <4 Gifted 15.96 +5.98 **  UTeach <4 Hispanic 2.59 £ 2.25
UTeach <10 Gifted 9.794+£4.87 *  UTeach <10 Hispanic 4.87 +2.45 *
All <4 Eco 1.17+0.61
All <10 Eco 0.86+0.46
Leading <4 Eco 0.754+1.00
Leading <10 Eco 1.23+£0.79
UTeach <4 Eco  4.00+2.51
UTeach <10 Eco  5.37+225 *

Table 11: Biology: Multilevel model estimates for effect of teacher pathway on subgroups of students. The
effects come from Eq. 5 applied to a restricted population of students.

Conclusions

Students of teachers from standard pathways in Texas have better high school math and science learning
outcomes than students of teachers from alternative pathways. In Algebra I students of standard teachers
gain 1 Month of Schooling overall. In Biology the effect appears to be around 0.7 Months of Schooling,
although statistical uncertainty is too great for us to make conclusive statements about the Biology students
overall.

We can speak more confidently about the student outcomes when we focus on specific populations. For
Algebra I, teachers with standard certificates obtain significantly better results for students with Limited
English Proficiency, Gifted students, Economically Disadvantaged students, and Hispanic students. In Biol-
ogy, teachers with standard certificates obtain significantly better results with Gifted students, Economically
Disadvantaged students, and Hispanic students. The size of the effect varies according to the preparation
program group and years of experience, but the estimates are of differences as high as 5 to 9 Months of
Schooling. The only subgroup for which alternatively certified teachers may have an edge is for Special
Education students taking modified exams. Most of the estimates favor alternatively certified teachers for
this population, although the effects are a bit below conventional thresholds for statistical significance.

Some prior studies have concluded that characteristics of teacher education are too small to detect or too
small to matter in student achievement (Gordon et al., 2006; Rivkin et al., 2005; Staiger and Rockoff, 2010;
Aaronson et al., 2007; Harris and Sass, 2011b). We find that teachers with standard certification get better
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results, particularly in mathematics, and this is true both for novice and experienced teachers. However it
takes a large number of teachers and students to obtain results. One reason, seen in Tables 7 and 8 is that
for a single teacher teaching multiple sections of the same class at the same time, the typical variation from
one section of the class to another is around 3 Months of Schooling. To estimate the effect of any particular
type of teacher preparation pathway with uncertainty less than 1 Month of Schooling, one must average
the results of around 1000 teachers. We accomplished this by aggregating together preparation programs
in groups with similar practices rather than trying to find effects at the level of a single program. Such
grouping also is a feature of the finding of positive associations between National Board certification and
student achievement in Cowan and Goldhaber (2016), and of pathways in New York City by Boyd et al.
(2009).

It has frequently been stated that that variance between classrooms in schools is larger than variance
between schools (Nye et al., 2004). Staiger and Rockoff (2010) conclude that “School leaders have very little
ability to select effective teachers during the initial hiring process” and present as evidence “the fact that
most of the variation in teacher effects occurs among teachers hired into the same school.” We did not
find this. In Table 7, variation between schools is the largest random effect, followed by variation between
teachers in schools, then followed by different classrooms of the same teacher. Thus the question of whether
some school leaders are able to select effective teachers should remain open.

We recover a result, often found before, that there is more variation of student outcomes within teacher
preparation pathways than between preparation pathways. This finding has been used in support of policies
that reduce barriers for new people to enter teaching, but make it difficult for them to continue unless they
can demonstrate favorable student outcomes (Gordon et al., 2006). While such policies might make sense in
cases where there are more people wishing to become teachers than there are positions available, they are
harder to justify for shortage areas such as secondary STEM. It is hard to imagine that either young people
or career changers will be attracted to secondary teaching by the prospect of high-stakes evaluations coming
from multi-level models operating on their students’ test scores; newspaper accounts such as those of Bonner
(2016) conclude that these evaluations have been exacerbating teacher shortages. Teacher shortages may
not directly impact high-stakes subjects such as Algebra I and Biology; schools have to staff them or face
severe penalties. Shortages show up more naturally for subjects such as Computer Science where there are
no high-stakes assessments, and where only a small fraction of high schools even offers a course (Guzdial,
2012). It is tempting to consider policies that make it difficult for teachers with low value-added scores to
continue teaching, in hopes of capturing some of the 7 Months of Schooling advantage for the best teachers
in Table 7. However, reducing the stability of teaching careers will impact the individuals who decide to
enter teaching, and there is no assurance that secondary students will benefit in the end.

Our results do not justify an abrupt policy change impacting alternative certification programs in Texas.
We found differences between standard and alternative programs, but they are not extremely large. In
mathematics there are many subgroups of students for whom the advantages of having a teacher from a
standard university program are significant; in science the cases where we found significance are fewer. Once
again, one must keep in mind because of the shortage of STEM teachers that it is difficult to justify reducing
teachers from any pathway. Slightly increasing the scores of low-income students on Biology exams but
reducing the number able to take Physics or Chemistry at all would almost certainly be a very poor trade.
On the other hand, our results do not provide strong incentive for other states to follow Texas’s lead in
establishing a large for-profit alternative certification sector. As shown in Figures 2 and 3, the growth of
alternative certification in Texas since the early 2000s has not led in the end to an increase in the production
of STEM teachers.

Overall, we found that teachers prepared by standard programs stay in teaching longer than those from
alternative certification and their students learn more. The learning gains due to teachers from standard
programs are most pronounced for groups such as Hispanic, Economically Disadvantaged, and Gifted stu-
dents. Around 700,000 undergraduates obtain STEM degrees from US universities each year. This is an
enormous pool; persuading just 1% more to obtain a teaching certificate along with their degree each year
would add 7000 new STEM teachers. Thus, we encourage support for the preparation of STEM teachers
through standard university pathways as an efficient, scalable, high-quality way to address the critical need
for improved STEM education and to address the shortage of STEM teachers.
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