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Abstract

Teacher effectiveness is generally characterized by a single effect that is common across stu-
dents. However, educators are multi-task agents that choose how to allocate their efforts among
pupils. Some teachers may target their courses towards the top students in the class while
others to the bottom, leading to different complementarity effects. Moreover, the introduction
of accountability programs, such as No Child Left Behind (NCLB), could induce a reallocation
of teacher’s efforts, affecting the dynamics of student-teacher interactions. This study shows
that the role of complementarities is key from a policy perspective. In this regard, an analytical
framework and a novel iterative algorithm are implemented in order to characterize and quantify
these effects. Results indicate that interaction effects played a crucial role in shaping the distri-
bution of student achievement, especially after the implementation of NCLB. While more than
half of the total gains in test scores experienced by the bottom third of the student achievement
distribution post NCLB are due to adjustments in teacher-student complementarities, those

with the very highest abilities have seen decreases in their performance.
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1 Introduction

During the last decade the federal government and many states have taken a series of steps
to hold schools accountable for the performance of their students. Namely, these policies rely on
student testing to measure success and failureﬂ For instance, in 2001, the No Child Left Behind
(NCLB) program established that schools are subject to sanctions when the proportion of students
scoring above a state-specific proficiency threshold falls below mandated levelsﬂ In a similar vein,
Florida has recently passed the merit pay bill, which eliminates tenure for new hired teachers and
ties a portion of teacher pay to student performance on tests, rather than totally on principal
evaluationd’]

The implementation of these policies has drawn the attention of many social scientists, leading
to a prolific literature in economics on teacher effectiveness. Prominent examples include Rockoff
(2004), Hanushek et al. (2005), Aaronson et al. (2007), Jacob et al. (2009), McCaffrey et al.
(2009), among others. However, most articles have characterized teacher effectiveness by a single
fixed effect. Therefore, the implicit assumption is that teachers have homogeneous effects across
their students. In this study, teachers are allowed to have different treatment effects for different
types of students.

This paper recognizes and studies the fact that educators have heterogeneous abilities and
perform multi-task job&ﬂ For instance, teachers may have different preferences on how to set
course level difficulty; some teachers may prefer to target course curricula based on high ability
students; therefore, their capability to transmit knowledge to those pupils on the left tail of the
achievement distribution may be lower. Moreover, preferences can be endogenous to classroom
characteristics, implying that educators may adjust (every academic year) their teaching strategies
based on, for example, the mean student in the classroom. In this regard, the aim of this article is to
bring to the center of the analysis the role that heterogeneous teacher effects may have on students’
outcomes, and to study the mechanisms on how these effects operate when different accountability

policies are in place.

'"However, these programs differ by the type of mechanism (i.e.“carrot” or “stick”) that has been used to improve
low-performing schools.

2In addition, the schools that present high proportion of students in any of several demographic, socioeconomic,
or linguistic subgroups below mandated levels are also subject to sanctions.

¥See Kane et al. (2002) and Hanushek et al. (2004) for a description of the different programs in the US.

*This implies that teachers can choose how to allocate their efforts across students.



To explicitly define the notion of heterogeneous teacher effects, an analytical framework that
characterizes the nature of these effects by the degree of teacher - student interactions is developed.
More specifically, the analytical model considers educators as multi-task agents that choose how
to allocate their efforts among different studentsﬂ To illustrate this point three examples are
provided. Figure 1 shows the case where teachers only have homogeneous effects across students,
as is often assumed. Here, effectiveness (i.e. value added) of teacher A and B is not a function
of students characteristics, where A is a better teacher than B for all students. Figure 2 presents
an example of different teacher effectiveness for the same group of students conditional on having
three teachers with different heterogeneous effects. In this case, the three educators are equally
effective for the mean student in the classroom, being the value added of teacher D the same across
students. However, teacher C can be described, for example, by a lower intercept but a higher slope
than teacher E; pointing out the likely situation where some teachers (e.g. E) are better suited for
low performing students (e.g. student 1), while others (e.g. C) constitute a better match for high
performing ones (e.g. student 2).

Moreover, the analytical framework makes it possible to test whether educators adjust their
intercepts and/or slopes based on classroom average characteristics or as a response to the imple-
mentation of accountability policiesﬂ For instance, the introduction of NCLB (i.e. program that
intends to improve the performance of lagging students) could have affected teachers optimal de-
cisions by incentivizing them to increase their intercepts and decrease their slopes, as is illustrated
in Figure 3. Here, teacher C shifts her focus more toward low performing students at the expense
of high performing students.

The econometric strategy of this paper involves the estimation of additive and interactive fixed
effects (i.e. teacher intercepts and slopes). The identification and consistency properties of these
types of models are not trivial when the number of observations per student is small. Basically,
the incidental parameters may spoil the estimates of the parameters of interest. In this regard,
Lee et al. (1993), Ahn et al. (2001), and Bai (2009) have studied the identification conditions of
interactive fixed effect models. However, this manuscript distinguishes from them in several aspects.

First, Lee et al. (1993) and Ahn et al. (2001) only consider the case where the interactive effect is

% As Holmstrom and Milgrom (1991) point out, teachers perform complex jobs involving several tasks; therefore
characterizing them as multi-task agents is suitable.
S Macartney (2011) shows how teachers responded to the introduction of a pay per performance scheme in North

Carolina.
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Figure 1: Characterization of teachers effectiveness (i.e. value added) when only considering homogeneous

effects across students.
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Figure 2: Characterization of teachers effectiveness (i.e. value added) based on their intercepts (i.e.

homogeneous effects) and slopes (i.e. interaction/complementarity effects).
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Figure 3: Example of how a given teacher could have responded to the implementation of an accountability

program (e.g. NCLB). 3



the same for all individuals in the sample, and second their models are focused on one component
models. Third, Bai (2009) works in the context of large T, while in this study 7' = 3 which is the
maximum number of observations per student. Here, it is shown that after concentrating out the
vector of unobserved students abilities of the original least squares problem, then it is possible to
prove that consistent estimators of teachers intercepts and slopes can be recovered.

Estimation requires recovering separate intercepts and slopes for each teacher. Given the large
number of parameters to be obtained and the fact that within-group transformation fails to purge
interactive fixed effects, a novel iterative algorithm is applied. In the spirit of Lee et al. (1993),
and Arcidiacono et al. (2011), the algorithm toggles between estimating student fixed effects and
teachers slopes and intercepts. Each iteration lowers the sum of squared errors, with a fixed point
reached at the nonlinear least squares solution to the full problem.

Determining the role of teacher - student interaction effects is key from a policy perspective
given that it sheds light on the mechanisms behind the outcomes of different accountability policies.
For example, establishing the degree on which teachers reallocate efforts in favor of some students
and/or increase their overall efforts after the introduction of a new scheme of incentives can be
crucial to improve policy designs. Moreover, the presence of teacher - student interactions may
raise questions about the type of incentives that NCLB or pay per performance programs may
trigger not only at the teacher level but also at the school principal level. On the one hand, pay for
performance schemes (which generally reward gains in mean school level achievement) may induce
administrators to just focus on efficiency matters. For instance, if teachers with stronger credentials
are able to produce higher gains in test scores on high ability students than on low ability ones
(while teachers with weaker credentials have no relative advantage), then school principals may
be tempted to assign the best students with these high productive teachers in order to maximize
mean school outcomes. On the other hand, programs such as the NCLB may operate in the
opposite direction by giving school administrators incentives to concentrate on equity matters; and
therefore allocating the best teachers to the less proficient students. In this sense, optimal sorting
of teachers within schools can be improved after establishing the role of matching effects. The fact
that previous empirical work indicate that most of the variation in teacher quality occurs within
schools as opposed to between schools [Hanushek et al. (2005), Nye et al. (2004), and Koedel et
al. (2007)] makes this point even more relevant. To sum up, interaction effects could constitute a
fundamental aspect of policy design that deserves special attention.

Only a handful of papers have tried to tackle the role of student - teacher match effects; however,



these effects are obtained by interacting observed characteristics of students and teachers (e.g. race).
Dee (2004), using random assignment data from the Tennessee STAR program, finds strong evidence
for beneficial effects from matching the race of teacher and students; his results indicate that a year
with an own-race teacher increased math and reading scores by roughly 2 to 4 percentile points.
Clotfelter et al. (2006) argue that teachers with stronger credentials are more effective in raising
achievement of the more advantaged students. Namely, they present evidence suggesting that math
score returns to teacher experience (in North Carolina) are significantly larger for students that
do not receive subsidized lunches. Hanushek et al. (2005) investigate matching effects by dividing
students into three academic preparation classifications (based on initial scores) and compute the
correlation between the teacher average gain for students in one category with the teacher average
gain for students in the other categories. They find moderate positive correlations of 0.45 between
the low and middle categories, 0.57 between the high and middle categories, and 0.31 between the
low and high categories. In a similar vein, Koedel et al. (2007) test whether teacher effectiveness
varies with initial student achievement by interacting individual teacher effects with a dummy
variable that indicates if a student performed below the median in prior test scores. But they could
not find evidence suggesting that teacher quality varies by student type. Finally, Lockwood et al.
(2009) also estimate complementarity effects using past test scores, but in the context of a random
effect model speciﬁcationﬂ Their findings indicate that interactions account for about 10% of the
total variation in teacher effects across all students.

This paper contributes to the analysis on student teacher complementarities by extending the
existing literature on several dimensions. First, an analytical framework is developed with the
aim to explicitly characterize the nature of student - teacher interactions. Second, the applied
empirical strategy provides a novel opportunity to disentangle homogeneous educator effects from
heterogeneous ones in a flexible way. Third, complementarity effects are analyzed by interacting
student and teacher fixed effects instead of observed characteristics of teachers and students. Fourth,
this study contributes to shed light on the mechanism behind test score production functions,
showing this is crucial to understand how the different accountability policies operate.

Results, based on a North Carolina longitudinal database that links each student with their
teachers during their schooling careers, indicate that interaction effects do matter. For example,
one standard deviation increase in teachers slopes and intercepts for the 75" percentile student in

math (reading) leads to an increase of 0.237 (0.198) of a standard deviation in test scores where

"They estimate the model using Bayesian methods.



30% (32%) of that total effect corresponds to student - teacher interactions/complementarities.
Moreover, an analysis of outcomes post NCLB indicates that teachers shifted their focus towards
low performing students leading to a substantial improvement in test scores. For instance, around
60% of the total gains experienced by the bottom third of the student achievement distribution are
due to changes in student - teacher interactions (i.e. slopes); suggesting that educators reallocated
part of their attention on a given subgroup of pupils at the expense of others. In this regard, the top
third of the student achievement distribution experienced no change in their test scores performance
due to this adjustment in teachers’ behavior, while the top quintile observes a decrease of -0.09 of
a standard deviation. Finally, counterfactual exercises indicate that reallocation of teachers within
school (conditional on grade) could not explain the observed change in students performance post
NCLB.

The rest of the paper is organized as follows. Section 2 provides a brief description of the
accountability programs in North Carolina. Section 3 presents a simple theoretical model. Section
4 describes the econometric strategy. Section 5 presents the data. Section 6 describes the results.

Section 7 analyzes the effect of NCLB in teachers and principals behavior. Section 8 concludes.

2 Background on Accountability Programs

In the previous section, it was pointed out that teacher - student interaction effects mainly
depend on the characteristics/preferences of the educator and the scheme of incentives in place (e.g.
NCLB). Given that the analysis of this article is based on North Carolina data from elementary
schools between the years 1997 and 2005, a brief description of the accountability programs that
were in place during this period will help to characterize educators objective functions.

The schools in North Carolina have been subject to different accountability programs since the
late 90’s. In 1997, ABCs (Accountability for Basic skills and for local Control) was introduced with
the aim to hold schools accountable for their value added. The main objective of this policy is
to quantify how much children improve while being enrolled in a given institution. In this regard,
teachers and staff in schools that are effective in rising student achievement receive salary bonusesﬂ
These bonuses are based exclusively on the average gains in test scores for the cohort of students
in the school during the year.

In the academic year 2002-2003, the No Child Left Behind program was layered on the top of the

8Bonuses range from $500 to $1500.



ABCsﬂ NCLB mandates that all students be proficient by 2014, and that each school must make
Adequate Yearly Progress (AYP) towards meeting this objective, not only overall, but also for a
set of demographic subgroups within in each school. Schools that fail to achieve the AYP standard
for two consecutive years start to face sanctions, where their severity can increase depending on
the past history. The first set of sanctions includes to offer students the possibility to transfer to
higher-performing public schools in the same district. The second set imposes offering tutoring to
selected students. Then, a “corrective action” is applied if the school continues failing. Basically,
this could involve extending the school year or replacing some staff. The final stage in the sanction
regime is restructuring, which could lead to turn over operation of the school to another entity and
replace the staff, among other measures. Schools can exit the sanction regime by making AYP for
two consecutive yearﬂ

The different designs of ABCs and NCLB suggest that teachers and administrators may have
responded differently once each program took eﬂecdﬂ While ABCs may lead school principals and
teachers to focus on efficiency goals rather than equity ones (in order to maximize school gains),
the NCLB may work in the opposite direction (in order to improve lagging students performance).
Therefore, two accountability programs with different scheme of incentives and rewards operated

in North Carolina during the years that the data was collected.

3 Analytical Framework

In this section, a simple theoretical model is developed with the aim to characterize test scores
production function and teachers behavior. The intention is to provide an analytic framework
that gives structure to the mechanism that determines how complementarity effects operate, and
how teachers respond to changes in average classroom characteristics. The solution to teachers
maximization problem will lead to a set of final expressions that later will be estimated in the

empirical part of the paper.

9The implementation of NCLB did not replace the ABCs program. On the contrary, both programs are still in
place.

10See Ahn et al. (2009), Vigdor (2008) and Cooley et al. (2011) for a detailed description of this accountability
program.

"1n fact, Ladd et al. (2010) have shown (also based on North Carolina data) that educators respond to incentives
and that the incentives to pay attention to students at different points of the achievement distribution differ between

these two programs.



The test score production function for student ¢ with teacher j in gradﬂ g is assumed to be

given by:

Tijg = f(q1jg, @25g> Sis €ijg) (1)
where q1j4 and goj4 denote the qualities that characterize each teacher j in grade g on performing
two different tasks, S; represents the student fixed effect, and €;;4 the idiosyncratic shock. Moreover,
teacher abilities {q1q, g2j4} are defined as a function of the efforts exerted (i.e. e,;) and the teachers’
abilities (ay;):

Q1jg = €1jg + @15 (2)
Q259 = €2jg + a2; (3)

The presence of a vector of teacher qualities captures the notion that teachers are multi-tasking
agents that perform complex jobs involving many duties [see Holmstrom and Milgrom (1991)].
More precisely, it is assumed that g1j, has an homogeneous effect across all the students in the
classroom, while g2;, will depend on the specific interactions between the student and the teacher.

In this regard, the functional form of the test scores production function is set as followg °}

Tijg = Qijg + Si + 42j¢5i + €ijg (4)

The basic idea behind this representation is that each teacher can be characterized by an intercept
and a slope (for a given pair {qij4,¢2j4}) where the term ¢2;,5; will provide the necessary infor-
mation to test the role of teacher - student complementaritieﬁ (see Figure 2 that illustrates this

point).

12Grade and classroom are used as synonyms in this case.

13Neal (2011) also points out the importance of characterizing teachers as multi-task agents. In this regard, he
considers the following human capital production technology: h = fit1 + fat2 + e, where t; and t2 denote the time
that the teacher devotes to two different tasks, f1 and f2 are constants, and e is a random shock.

4 The implicit assumption that teacher inputs do not persist over time has also been assumed by Rockoff (2004)
and Dee (2004). Kinsler (2011) has shown, using this same database, that this assumption leads to small bias in the
teacher value-added variance (around 3% for reading exams). Moreover, not controlling for persistence understates
the variance; therefore, in the worst case scenario, most likely will provide a lower bound of the true one. Jacob et
al. (2009) find that teacher-induced learning has low persistence, with three-quarters or more fading out within one
year. Finally, Lockwood et al. (2009) also point out that not including prior schooling inputs leads to quite small

bias.



The following subsection discusses teachers decision process. More specifically, it presents the

solution to their maximization problem and the theoretical predictions of the model.

3.1 Teachers Maximization Problem

Educators are expected to respond to the different scheme of incentives that were in place at a
given point in time. Between the years 1997 and 2002, ABCs was the only accountability policy in
effect in North Carolina. The fact that under this program rewards are a function of gains in test
scores makes reasonable to assume that during these years, teachers’ objective function involved the
maximization of classroom average test scoreﬂ Therefore, the maximization problem for teacher

J in classroom g with N, students is given by the following expression:

Zih T
max Uj, = max [y&=L1299 0 (5)
€159+€2jg €159+€2jg Ny
> 1,
where <=1 represents course average test scores, Cj, the cost function, v a weight parameter
g

and {eyjg, €254} the levels of effort that need to be chosen by each educator. Moreover, costs are
assumed to have the following functional form:

a1 a2

C(eijg, €2jg) = 7(61]'9)2 + 7(623‘9)2 (6)

Substituting in for T;;, and Cj, in (5) using (4) and (6), the teachers maximization problem

becomes:
R —_— - 061 2 062 2
max Ujg = max [’y(alj + €1jg + Sg + (agj + egjg)sg + Eg) — —(eljg) — —(egjg) (7)
€1j9,€2j5g €159,€2jg 2 2

where S, denotes the average student fixed effect in the course. The first order conditions of this

problem are given by:

~ Y

u= o (8)
- -
€2j9 = 07259 9)

5Similar to Neal et al. (2010), the model does not intend to establish the socially optimal amount of effort per
teacher or the socially optimal allocation of effort per student. Teachers are assumed to enjoy rents; and therefore

the introduction of an accountability policy attempts to extract more effort of teachers.



On the one hand, equation (8) indicates that €14, which has an homogeneous effect for all the
students in the classroom, depends on the “price” (a) of the effort, and the weighting parameter
(7). On the other hand, equation (9) shows that the slope that each teacher picks will depend on
the course average characteristics. In this regard, the model is assuming that the mechanism in
which peer effects operate is just through the election of €55, by the teacher.

After replacing teachers’ optimal efforts (€1, €2;4) in the test scores production function (equa-

tion 4), the following expression is recovered:

Tijg = ozll +ai; + O%E,& + a2;S; + S; + €ijg (10)
—_—
q1; 92j95i

Finally, after re-expressing all +a1; = q1j and a% = A, the subsequent reduced form equation

is obtained:

Tijg = quj + ASySi + a2jSi + Si + €ijg (11)
The previous expression will be estimated in the empirical section of the paper. In this regard, the
aim is twofold. First, establish the dispersion of teachers intercepts and slopes to determine their
relevance in test scores. Second, recover the magnitude of A in order to test if teachers adjust their
slopes based on average classroom characteristics.

The model implicitly assumes that teachers know the exact characteristics of each student (i.e.
S;). Alternatively, it can be replaced 579 with the classroom average test score in the previous year,
Tijg,l. Including Tijg,l instead of 579 implies that teachers do not know the effort exerted by
students’ previous teacher. Then, in addition to (11), it is also estimated the following equation

that can also be derived from the model:

Tijg = q1j + XTijg—15i + a2iSi + Si + €ijg (12)

4 Econometric Strategy

Estimation of equation (12) is not trivial for two main reasons. First, identification and con-
sistency properties of teacher estimators need to be study due to the fact that S; are incidental
parameters that may spoil the estimation of the parameters of interest. Second, estimation requires
to implement an iterative algorithm given the large number of parameters to be obtained and the

fact that within-group transformation fails to purge interactive fixed effects.

10



4.1 Identification and Consistency

Lee et al. (1993), Ahn et al. (2001), and Bai (2009) have studied the identification conditions of
interactive fixed effect models. They show that additional restrictions to those used in traditional
fixed effect estimations are required (in these models) in order to be identified. In this paper,
teacher intercepts and slopes are normalized to have mean equal to zero. This normalization is
suitable given that test scores will be standardized (i.e. mean zero and standard deviation one
conditional on grade and year) when estimating equations (11) and (12).

This manuscript distinguishes from Lee et al. (1993), Ahn et al (1993) and Bai (2009) in
several aspects. First, Lee et al. (1993) and Ahn et al. (2001) only consider the case where the
interactive effect is the same for all individuals in the sample (i.e. ag; = a2), and second their
models are focused on one component modelﬂ Third, Bai (2009) works in the context of large
T, while here T' = 3 which is the maximum number of observations per student. In this regard,
given that each student is observed from grade 3 to 5, the student fixed effect estimate will be
unbiased, but inconsistent. This is a standard result in panel data models with large N fixed
T, where N refers to the number of students. The fact that S, are incidental parameters in the
sense of Neyman and Scott (1948) (i.e. the number of S; grows with sample size V) indicates that
the consistency properties of teachers fixed effect estimators need to be analyzed, given that the
incidental parameter (i.e. S;) may spoil the estimation of the other parameters. However, theorem

1 shows that teacher effects parameters from model equation (12) are identified and consistent:

Theorem 1 Let M denote the number of students who face at least two separate teachers and let

T denote the number of observations for each of these M students. Then if:
1. E(gijg,6—i—jg) =0V i# =i, j# —j,9# —g
2. E(Eijg) =0V i,j,g
3. E(Egjg) = 02 v iajvg

4. q° = {q?j,qgj} lies in the interior of a compact parameter space ©

YFor instance, Lee et al. (1993) consider the following specification: y;; = X/, 8 + 0:6; + vis. Moreover, they
reduce the analysis to the context of small T', because otherwise the specification “introduces too many parameters
in the estimation problem,” which might be problematic. However, the iterative algorithm developed next solves this

problem.

11



Then, q is identified and consistent for fized T as M — oo

See Appendix A for the proof of this theorem. Basically, the proofs of identification and consis-
tency require to concentrate out the vector of unobserved students abilities (i.e. S) of the original
least squares problem. In this regard, consistent estimators can be obtained due to the fact that
the estimated S are written as a function of teacher effects. For instance, if S were estimated in
a first stage and later used in a second one to recover teacher slopes, then these parameters will
(likely) be downward bias given that the problem of measurement error would hold.

The proof of identification and consistency for model equation (11) is more difficult given that it
is not possible to concentrate out the vector of unobserved student abilities due to the presence of S.
However, Monte Carlo exercises indicate that it is possible to obtain tight estimates of {q1;4, a2;, A}

around the truthl?]

4.2 TIterative Algorithm

Estimating this type of model is not simple for two main reasons. First, the within-group
transformation cannot be implemented due to the presence of interactive fixed effects. Second,
a substantial number of parameters must be recovered due to the large number of students and
teachers in the sample{ﬂ Therefore, the econometric strategy requires an estimation procedure
that includes several steps. In the spirit of Lee et al. (1991) and Arcidiacono et al. (2011), an
iterative approach is implemented that toggles between estimating teacher fixed effects and student
heterogeneity. In order to illustrate how the estimation works, the steps of the algorithm are

presented next. First, consider the following model expressionﬂ

Tijg = @15 + Mijg-15i + az;Si + Si + €ijg (13)
where S; represents student fixed effect, ¢;; teacher intercept, as; determines (in part) the quality of
the teacher-student match, Tijg_l denotes the classroom average test scores in the previous period
and €;;, represents the error term.

The algorithm begins with an initial guess of the parameters SZ-(O). It then iterates on the

following steps with the mth iteration:

'"See Appendix C for Monte Carlo experiments based on model equation (11).
% Abowd and Kramarz (1999) recognize the fact that fixed effect models with large number of observations cannot
be estimated directly. Instead, they consider a number of estimation techniques, none of which results in least squares.

19 Appendix B describes the steps of the algorithm when S, is included in the model equation instead of T;j4—1.

12



e Step 1: Using the initial guesses of the student fixed effects, calculate ng g) = Tijg — Si(m)

and solve the least squares problem:

i m / N J sl m 2
NN (T o Y T LIS ) S

€1;,€2; i=

'(m)

e Step 2: Using ¢ a (m), and '™ calculate Sz-(mH) based on the following expression

jo 72

(j € i denotes teachers of student 7):

;A{[T%jg_ql(jm)] (1+)\( )szg 1+a(m))} )

: ") 2 = sy (15)
ST+ A Tijg—1+ Qg )
JE

where the previous expression avoids the minimization over all the S;’s. Equation (15) is obtained

from the first order condition of the least squares problem when deriving with respect to .S;:

0 = 3 (Tiyg — q1j — Si — Siagj — ATijg-15;) (14 ATijg—1 + az;) (16)
JjEL
= Y (Tijg — q1j) (1 + ATijg—1 + azj) — S; (14 ATij9-1 + ag;)?
jei j€i

e Step 3: Repeat steps 1 and 2 until convergence of the parameters.

Similar iterative algorithms have also been used by Sargan (1964), Lee (1991), Lee at al. (1993),
Brandt et al. (2009) and Arcidiacono et al. (2011). For instance, Sargan (1964) has shown that

this type of iterative technique converge to parameter values which minimize the residual sum of

squares’’]

4.3 Monte Carlo Evidence

Monte Carlo exercises were conducted in order to test how well the estimation strategy performs
in small samples. The experiments were based on equation (12)@ The aim is to show that the

algorithm is capable of providing tight estimates of {q1,q, a2;, A} around the truth.

20 As with full solution methods local minima is possible. In order to check for multiple optima, different starting
values were used in the estimation.

21See Appendix C for Monte Carlo experiments based on equation (11).
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The structure of the data was chosen to mimic the aspects of the North Carolina primary school
characteristics. In this regard, three cohorts of 25 students were created (which is the average size of
an elementary classroom in North Carolina), where each student is observed three times. Students
fixed effects were assumed to have mean -1 and variance 1 for cohort 1, mean 0 and variance 1
for cohort 2 and mean 1 and variance 1 for cohort 3. Moreover, students are assumed to have
different classmates during their schooling years. This implies that students from different cohorts
can share the same classroom. Finally, three teachers were created with intercepts equal to -1,
-0.5, 1.5 and slopes equal to -0.5, 0.15, and 0.35 respectively. Each of the teachers has a different
student composition of their class in each year but they can have twice the same student. Finally,
teachers were sorted into the different classrooms randomly. Test scores measurement error are
assumed independent and identically distributed across grades according to N(0,0?). The values
of o were chosen based on what is observed from the data. Finally, A was set to be equal 0.5. Table
1 presents the mean of the recovered parameters after estimating 100 times the model equation for
each value of o. Results indicate that the algorithm preforms quite well, providing tight estimates

of the true parameters and centered around the truth given the small sample size.

5 Data

The data comes from administrative records maintained by the North Carolina Education Re-
search Data Center (NCERDC). This longitudinal database contains yearly test scores for each
student in mathematics and reading in elementaryg middle, and high school. The sample used in
this paper covers the period 1997-2005 and it only includes grades 3 to ﬂ Encrypted identifiers
make it possible to track students over their educational careers. As well as linking students to
their teachei? and school in each year.

NCERDC records also include extensive information on students, teachers and schools charac-

teristics. Data on students include parents education, ethnicity, gender, exceptionality classifica-

*2More specifically, from grade 3 and above. Students in grades 1 and 2 do not have to take end of grade tests,
but at the beggining of grade 3 they do have to take an exam.

23In upper grades, students can take courses with other than their full-time assigned teacher, making the estimation
of teacher fixed effects problematic.

2YThe North Carolina data does not indentify students’ teachers directly, but they do identify the person who
administered the end of grade tests. In elementary grades, this was usually the regular teacher. In order to minimize

this inconvenience, similar strategies to those in Clotfelter et al (2006) and Rothstein (2009) were applied.
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tions, participation in the federal free and reduced price lunch subsidy program. On the teacher
side, the information involves final educational attainment, experience and the score on the test
used to obtain a teaching license, among other variables. Finally, schools characteristics contain
name, district, demographic characteristics of the student and teacher body, and school overall
performance in fulfilling the NCLB requirements.

As Clotfelter et al. (2006) point out, North Carolina is an appropriate state for teacher effec-
tiveness analysis because its exams are closely aligned with what students are expected to knowP_-gl
Therefore, test scores are likely to measure more fully what teachers have taught than in many
other states. Moreover, the state is relatively large and exhibits substantial variation across schools
in terms of the racial and socioeconomic mix of the students.

The analysis focuses on the five biggest counties in North Carolina (i.e. Cumberland, Wake,
Forsyth, Guildford and Charlotte-Mecklenburg), representing around 30% of the total student
population between grades 3 and ﬂ Table 2 shows the evolution of math and reading average
test scores (for selected years) that were standardized with respect to the mean and standard
deviation of year 2001 conditional on grad@ Two main conclusions can be obtained from this
table. First, there is a positive trend in mean test scores indicating an improvement in students
performance. Second, there is also a substantial reduction in the standard deviation, denoting a
compression of the test scores distribution. In section 7, it is shown that these empirical regularities
can be explained in part by a higher increase in the performance of lagging students relative to
high performing students due to a change in teacher - student interaction effects after NCLB.

Teachers with less than 20 observations across the sample period as well as classrooms with
less than 10 students were not included in order to minimize problems of measurement error when
estimating fixed effects. Moreover, classrooms with more than 35 students were also eliminated due
to possible data miscoding. The total number of student-year observations for the period 1997-2005

is more than 370000, while the total number of teachers included is more than 5200.

25The scores are comparable across time and grades through the use of a developmental scale. The developmental
scale is created from the number of correctly answered questions on the standardized test. Each point of the devel-
opmental scale measures the same amount of learning. For instance, a child who shows identical growth on this scale
in two consecutive grades is interpreted as learning equal amounts in each year.

26 Appendix D shows that the mean test scores in these 5 counties are similar to those observed in the full sample.

2TTest scores experienced a change of scale in year 2000 for math and 2002 for reading; however a table that matches

old scores with the new ones makes it possible to perform comparisons across years.
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Evolution of Average Math and Reading Test Scores for Selected Years

1998 2001 2004 1998 2001 2004
Math Reading

-0.162 0 0.305 -0.151 0 0.141
Grade 3

(0.995) (1) (0.799) (1.012) (1) (0.917)

-0.081 0 0.359 -0.057 0 0.188
Grade 4

(1.140) (1) (0.900) (0.980) (1) (0.901)

-0.248 0 0.265 -0.161 0 0.141
Grade 5

(1.072) (1)  (0.909)  (1.055) (1)  (0.859)

Table 2: Mean and standard deviation of math and reading tests scores for selected years only considering
the five biggest counties in North Carolina (i.e. Cumberland, Wake, Forsyth, Guildford and Charlotte-

Mecklenburg). Scores were standardized with respect the mean and standard deviation of year 2001.

6 Results

6.1 Teachers Efficacy: Homogeneous and Complementarity Effects

This section provides a first set of results that disentangle the importance of homogeneous from
heterogeneous teacher effects. Estimation outcomes were obtained separately for math and reading
exams for the period 1997 - 2002 (years in which only the ABCs program was in place). Given that
there are almost no differences in the results when estimating model equations (11) or (12), only

the outcomes from the following test scores production function are reported in this section?of

Tijg = qujg + /\Tijg_lSi + a2jgS; + Si + Bl(expr < lyr) + €ijg (17)

where I(expr < lyr) denotes a dummy variable indicating whether a teacher has less than 1
year of experience. Test scores were standardized to have zero mean and standard deviation one,
conditional on year and grade, in order to control for trends in test scores.

Table 3 presents the standard deviation and correlation of teachers intercepts (q1j4) and slopes
(@2;j) with the aim to provide an initial examination of the estimation outcomes. First, it is impor-
tant to highlight that a likelihood ratio test for each type of exam (i.e. math and reading) rejects

the null hypothesis that teacher slopes are jointly equal to zero; this indicates that complementarity

28 Appendix E reports estimation results based on model equation (11). To compare results across models look at

Tables 3 and E1.
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Estimation Results

Math Reading

Intercept Slope Intercept Slope

Std. Dev. 0.204 0.161 0.153 0.127
corr(Intppams Int; Re ad) 0.455
corr(Slope;pyaun, S10PE; Re ad) 0.090
corr(Int ;prarms Slope;aratn) 0.269
corr(Int; ge a4 S10PE; Re ad) -0.067

0.006 0.011
A

(0.004) (0.005)

-0.055 -0.033
BxI(expr < lyr)

(0.007) (0.008)
L-R test (P-Value) 0.001 0.001

Table 3: Standard deviation and correlation of teacher fixed effects (i.e. intercepts and slopes) recovered
from the estimation of equation (17) on different subjects. Likelihood ratio (L-R) tests results that analyze
the joint significance of teachers slopes are also reported. A indicates how teachers adjust their slopes based

on classroom characteristics and 8 denotes the effect of having a teacher with less than one year of experience.

effects do matter at least just from an statistical point of view. Second, the estimates show that one
standard deviation increase in teacher intercepts for math and reading exams lead to an increase in
students test scores of 0.204 and 0.153 of a standard deviation respectively. In this regard, Kinsler
(2011), using this same database, but estimating a different model, finds similar results (i.e. 0.25
for math and 0.14 for reading) for these parameters. Third, the dispersion of teachers slopes are
also large for both subjects; being around 80% of the intercepts’ standard deviation.

Next, correlation results are presented with the aim to provide a snapshot on teachers perfor-
mance across subjects and tasks. Table 3 shows that the correlation between teachers intercepts
(slopes) across disciplines is 0.455 (0.090); suggesting heterogeneous teacher effectiveness across
subjects{z_gl Lastly, the correlation between slopes and intercepts for a given subject shows that this
relationship is statistically far from been equal to 1, implying that the example provided in Figure

2 is actually frequent in the data.

29 An alternative explanation might be sampling error, an issue that is analyzed in section 6.3.
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6.2 Do Teachers Adjust Their Slopes Based on Mean Classroom Characteris-

tics?

The aim of this subsection is to study whether or not teachers adjust their slopes based on
classroom characteristics. This type of adjustment could be interpreted as educators trying to
modify the structure of the course in order to make it more suitable for the average characteristics
of the students in the classroom. The parameter A from equation (17) is the one that provides
information on this regard. Results for math and reading exams indicate that Apzq:p = 0.006
and AReqd = 0.011[3_(7} Only AReqq is statistically significant different from zero; however, its effect
in terms of students test scores is almost null. For instance, one standard deviation increase in
Tijg_lSi for reading exams leads to an increase in 0.5% of a standard deviation in test scores. This
null effect could be explained by the fact that teachers face (in general) low variability in mean
classroom characteristics across academic years. Therefore, they may have no incentives to incur in
slopes adjustments, when the cost of doing so is relatively high. However, as it is shown later, the
implementation of NCLB has created enough changes to the scheme of incentives such that teachers
adjusted their slopes with the aim to improve the performance of a given subgroup of students in

the classroom.

6.3 Sampling Error

The fact that teacher fixed effects constitute noisy measures of true teacher value added may
have implications for the estimates of teachers quality dispersion; leading to inflate standard devi-
ations. More specifically, if each fixed effect coefficient is comprised of two components - the true
signal of teacher quality and the sampling error - then the recovered variance of ¢,; (where n =1
or 2) is given by:

Var(an) = Var(an) + Var(e) (18)

where ¢ denotes the sampling error and cov(gnj, ) is assumed to be zero[ﬂ However, it is expected
that the size of Var(§) will decrease substantially if the analysis is performed on a subsample
of teachers with a large number of observations. A drawback of following this path is that the

variability in teachers quality could also decrease for other reasons different to sampling error. For

30Results based on model equation (11), indicate that Apraen = 0.022 and Areaq = 0.0001, with only Aarasn being
statistically significant different from 0.

31Similar assumptions have been made in Aaronson et al (2007) and Kinsler (2011), among others.
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Standard. Deviation. of Teachers Fixed Effect Cond. on Number of Classrooms

Classrooms Per Teacher Intercept,qin  Slopemain  Interceptyeqd  Sloperead

2 0.20 0.16 0.17 0.15
3 0.20 0.13 0.16 0.13
4 0.19 0.13 0.15 0.11
5 0.17 0.11 0.12 0.09
6 0.17 0.11 0.13 0.09

Table 4: Standard deviation of teachers fixed effects for math and reading conditional on the number of

classrooms per teacher.

instance, teachers with high number of observations are more experienced or could be more similar
to each other due to, for example, a selection process, then part of the true dispersion in teacher
effectiveness would be lost. Therefore, it is reasonable to claim that the standard deviation of
teacher fixed effects conditional on those with highest number of observations likely provide a lower
bound of the true one.

Table 4 shows the dispersion of teachers intercepts and slopes conditional on the number of
courses. Results indicate that as the number of classrooms per educator increase the standard
deviations of intercepts and slopes decrease for both subjects (i.e. math and reading). However,
after 5 courses per teacher these values become quite stable and remain quite constant. In this
regard, the last row of Table 4 shows that likely lower bounds for the variability in teachers intercepts
(slopes) are 0.17 (0.11) for math and 0.13 (0.09) for reading.

The correlation coefficients presented in Table 3 define, for example, the relationship between
(@n.jsubject + Enjsubject) AN (@nj,—subject + &z j —subject)- 10 this sense, sampling error may lead
to underestimate correlation effects. But if the correlation of true teacher quality across subjects
for all teachers is assumed to be the same then, following Rockoff (2004), it is possible to recover
the direction of the bias introduced by the sampling error in the estimated teacher fixed effects.
Given that the error is smaller for teachers with a greater number of student-year observations,
then it is possible (again) to calculate the correlation coefficient between qm7j7/sﬁject and qx’j:;bject
for a subset of teachers who have a relatively high number of students to that of the entire teacher
sample. Results indicate that sampling error is biasing correlations of teacher intercepts and slopes

across subjects toward zero. For instance, Table 5 shows that the correlation of teachers intercepts
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Corr. of Fixed Effects Cond. on Obs.
corr(qijMath, 415 Re ad) 0.563

corr(azjMath, 42§ Re ad) 0.232

Table 5: Correlation of teachers fixed effect (i.e. intercepts {q1jMaths @1jRead} and slopes

{a2jMath, @2 Read}) conditional on at least 60 observations per teacher.

(slopes) is 0.563 (0.232), when considering teachers with more than 60 observations’?} which is
0.108 (0.142) points higher than the one showed in Table 3. Finally, it is important to mention
that the sign of the biases are consistent with the findings of Rockoff (2004) and Koedel (2007).
To conclude, sampling errors seem to artificially inflate and deflate the true standard deviations
and correlations respectively. However, none of the conclusions derived in subsection 6.1 have lost
its economic relevance due to adjustments for sampling error. These corrections most likely provide

lower bounds (when analyze standard deviations) of the true effects.

6.4 Quantifying Teachers Effectiveness

In order to analyze in more detail the relevance of teacher effectiveness, Table 6 shows sim-
ulated changes in test scores for different percentiles of student ability, using both the standard
deviation obtained directly from the estimation outcomes (see Table 3) and the likely lower bounds
presented in the last row of Table 4. This simple exercise measures what would happen to test
score performance if a given student experiences a 1 standard deviation increase in his/her teacher
characteristics (i.e. intercept and slope, but once at a time) relative to being taught by a teacher
with intercept and slope equal 0 (i.e. the mean teacher). Results in panel A@ of Table 6 show
that for the 75" percentile student in math or reading, an increase in 1 sd in the slope of his/her
teacher produces an increase in scores which is around half of a similar increase in the teacher
intercep On the contrary, low ability students (e.g. 25th percentile) that experienced a similar
increase in the teacher slope, suffer a decrease in tests scores relative to having the “mean slope
teacher”. This outcome can be characterized, for example, by a situation where the teacher is

focusing on improving the performance of the best students at the expense of harming the learning

32This correlation coefficient does not change when consider a subgroup of teachers with more observations.
#3The standard deviations used in this case are the ones that were obtained directly from the data (see Table 3).
34 The increase in math (reading) test scores due to a change in the slope is 0.107 (0.087) and due to a change in

the intercept is 0.204 (0.153).
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Quantifying Teacher Effectiveness

Math Reading

Panel A: Std. Dev. not corrected for sampling error

SP 25t SP 50" SP 75th  SP 25" SP 501" SP 75th
Mean Teacher Inter. + 1 SD 0.204 0.204 0.204 0.153 0.153 0.153
Mean Teacher Slope + 1 SD  -0.113  -0.003  0.107  -0.088  0.006  0.087
Total 0.091 0201 0311 0065 0159  0.240

Panel B: Std. Dev. corrected for sampling error

Mean Teacher Inter. + 1 SD 0.165 0.165 0.165 0.134 0.134 0.134
Mean Teacher Slope + 1 SD  -0.077 -0.002 0.072 -0.063 0.004 0.064
Total 0.088 0.163 0.237 0.071 0.138 0.198

Table 6: Change in test scores for different percentiles of student ability (SP) due to a 1 standard deviation

increase in teacher intercept or slope (once at a time). Total denotes the sum of both changes.

process of the low ability students. Finally, panel B shows the results of this same exercise but
this time using the likely lower bound standard deviations recovered from the last row of Table 4.
The results indicate, as expected, lower changes in scores; however the ratio of the teacher slope to
teacher intercept remains relatively constant. To sum up, teacher - student interactions constitute
an important component of total teacher effectiveness. In this regard, one standard deviation in-

5" percentile student in math (reading) leads to

crease in teachers slopes and intercepts for the 7
an increase of 0.237 (0.198) of a standard deviation in test scores, being 30% (32%) of that total
effect due to complementarity effects.

As a final robustness check, it is important to analyze the variability in student and teacher
characteristics within schools. For example, if student ability and teacher slopes were homogeneous
then the role of complementarities would not be quite relevant to explain variability in students
performance in a given institution. In this regard, Table 7 shows that the average standard deviation
of test scores within school is 0.93 for math and reading exams; indicating a substantial dispersion
in students performance. In terms of teacher characteristics, Table 7 indicates that the average
standard deviation of teachers intercepts (slopes) within school is around 20% (30%) smaller than

the dispersion registered in the total sample. Moreover, the ratio standard deviation teacher slope -

teacher intercept at the total sample and the school level is similar. Finally, the average dispersion
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of intercepts (slopes) within school conditional on gradd®|represents 70% (60%) of the total sample
dispersion. To sum up, the evidence indicates that substantial variability in students and teachers

characteristics can also be found within school.

Standard Deviation of Teacher Intercepts and Slopes

Reading Math

Intercept Slope Intercept Slope

Std. Dev. in the Total Sample 0.15 0.13 0.20 0.16
Average Std. Dev. within School 0.12 0.10 0.16 0.11
Average Std. Dev. within School Cond. on Grade 0.11 0.08 0.14 0.09

Average Std. Dev. Test Scores within School 0.93 0.93

Table 7: Standard deviation of students and teachers characteristics based on: the total sample, within
school, and within school conditional on grade (i.e. only the schools with more that one course per grade

were considered in the last case).

7 NCLB Program

In Section 2, it was mentioned that No Child Left Behind was layered on the top of the ABCEF‘E]
in the academic year 2002-2003. Therefore, it is expected that teachers adjusted their behavior
in response to this new policy. More specifically, the fact that teachers are multi-task agents
indicates that a change in the scheme of incentives will affect how educators allocate efforts among
students at different points of the achievement distribution. In this regard, the findings in the
literature show that this program did change the shape of the distribution of student achievement
as measured by scores on particular tests. On the one hand, Neal et al. (2010) indicate that
the combination of No Child Left Behind and similar reforms introduced in Chicago resulted in
an improvement in scores on the state-mandated reading and mathematics tests for students in
the middle of the achievement distribution, but not for students at the bottom of the distribution

and not consistently for students at the top. On the other hand, Ladd et al. (2009) find, using

35Gchools with more that one course per grade were considered in this case.
36The implementation of NCLB did not replace the ABCs program. On the contrary, both programs are still in

place.
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the North Carolina databasﬂ, that NCLB resulted in an increase in the performance of lagging
students (both those near the proficiency cut score and those well below it) at the expense of the
achievement of high-performing ones. In this sense, Murnane (2011) suggests that the difference
in findings may arise, because the proficiency standard in North Carolina is relatively low. Reback
(2008) shows, based on data from the Texas Education Agency, that schools responded to NCLB
by taking broad measures that help all low achieving students, while for high achieving ones this
was not the case.

Prior evidence suggests that NCLB has influenced teachers behavior, leading them to focus
on less advantaged students at the expense of high ability ones. Here, it is shown what share (if
any) of this increase in test scores was due to teachers exerting more effort overall (i.e. increase
their intercepts) and what share can be attributed to changes in teacher - student interactions
(i.e. variation in teachers slopes). The findings in the literature and the design characteristics of
the program indicate that most likely educators decrease their slopes (by giving more weight to
lagging students), and/or increase their intercepts once NCLB took effect. A simple extension of
the theoretical model presented in Section 3, makes it possible to test this likely change in teachers
behavior. Given that allowing for adjustments in intercepts and slopes at the teacher level (post
NCLB) involves estimating four fixed effects per teacher (which requires a substantial amount of
observations per teacher), a simpler model is implemented under the assumption that changes in
teacher intercepts and slopes post NCLB occurred at the school level. Therefore, the teacher’s

maximization problem can be written as follows:

max Ujgs = max ((arjg + e1jg)(1 + (15[ (NCLB)) + 5,

€1j9,€2j59 €159-€2j59

+(azjg + e2ig)(Sq + (o, (NCLB)) +55) = SHeajg)® = Flezig)®  (19)

The previous expression is similar to equation (7) with the only difference that indicators for
whether NCLB was in place or not were included (i.e. I(NCLB)); subscript s denotes that teacher
adjustments after NCLB are made at the school level. A priori, it is expected (;, > 0, implying
that teachers increased their intercepts (which will benefit all the students in a classroom) and
C9s < 0, meaning that teachers tried to target less advantage students in a given course instead
of the average one. Equation (19) could be understood as teachers trying to maximize a weighted
Zz]‘\g]\;‘g’iTijgs ) 722\]:]9\1[?”3 ), where w;

mean of classroom test scores (i.e. instead of just the average (i.e.

3TThis same database is used in this paper.
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is expected to be higher for low performing students, which it will be reflected by the sign of the
(s coefﬁcientsiﬁ
The first order conditions of the maximization problem are:
v  vsxI(NCLB)

€1jgs = o + T a (20)

wsx [(NCLB)
a2

€2jgs = 15794‘ (21)
05)]

where v, = 7(;, and ws = Y(y,. After replacing €145 and €34, in test scores production function

(i.e. equation 4), the following expression is recovered:

1% —_— w
Tijq = all + HI(NCLB) + a1 + O%sisg oo SUINCLB) + a3i8; + 5+ eijos (22)
d1jgs Q2j;rssi

Denoting all +ay; = ?Uga (’;—i = P, a% = 7 and Z—; = ¢, leads to the following reduced form

equation, which will be estimated in the empirical part of the paper:

Tijg = (71]‘9 + pg * I(NCLB) + WSigSi + ¢ SiI(NCLB) + anSi +S; + €ijgs (23)

q1jgs q2jgsSi

where (as it was discussed above) it is expected that p, > 0 and ¢, < 0, given that v, ay and
ag have to be positive. Due to the same reasons as in section 3.1, a slightly different version of

equation (23), where 579 is replaced by Tijg_l, is also estimated.

7.1 Preliminary Evidence and Results

In order to provide a preliminary picture of changes in students performance before and after
NCLB in North Carolina, the evolution of raw math scores is analyzed. In this regard, Table
8 shows standardized tests scores with respect to year 2001 in grade 3 in North Carolina for

different students percentiles pre (2001-2002) and post (2003-2004) NCLBIﬂ First, it is important

% Reback et al. (2011) find that after the implementation of NCLB teachers report greater concern over how
student test performance will affect their job security and that untenured teachers in high-stakes grades/subjects
work longer hours. In a similar vein, Murnane et al. (2010) argue that NCLB may threaten the jobs of those teachers
that work in low performing schools. In this regard, state policy dictates that teachers in North Carolina receive
tenure after teaching in the state’s public schools for four consecutive years.

39Gee table F1 of Appendix F for a similar table that includes grades 4 and 5. In addition, Figure F1 shows the

distribution of raw grades in math.
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Evolution of Math Test Scores by Year: Grade 3

Student Percentile 2001 2002 2003 2004

10t" -1.24  -1.24  -0.76  -0.76
25th -0.76  -0.52 -0.15 -0.15
50" -0.03  0.09 0.33 0.33
75th 069 0.81 0.81 081
85th 1.05 117 117 117
90" 129 141 129 1.29
95th 1.65 1.77 153  1.53
Mean 0 011 032 0.31
Std. Dev. 1 099 0.81  0.79
Observations 28726 28670 29334 29543

Table 8: Evolution of math test scores pre (2001-2002) and post (2003-2004) NCLB for different percentiles
of student achievement in grade 3. Test scores were standardized with respect to the mean and standard

deviation of year 2001.

to notice that there was a substantial decrease in test scores dispersion after the implementation of
this accountability program. More specifically, the standard deviation dropped from 0.99 to 0.81
between 2002 and 2003. Second, standardized test scores for the 25" percentile student and below
experienced an increased of 0.48 points during this same period of time, while for the 75" did
not changﬂ suggesting that students at the bottom of the achievement distribution have shown
a higher improvement in their performance after the implementation of NCLB, than their high
ability counterpartﬂ

The data use in the estimation covers the period the period 2000 - 2005 (i.e. three years before
and three years after NCLB took effect). Test scores were normalized with respect to the mean
and the standard deviation of year 2001 conditional on grade. As a consequence, a linear trend

was included in order to control for grade inflation. Only math test scores were used for the

10 A two-sample Kolmogorov-Smirnov test for equality of distribution functions for the years 2002-2003 rejects the
null hypothesis of same distribution function. In a similar vein, a test of difference in means reject the null hypothesis
of equal means.

41 For these particular years, none sanctions were applied given that these were the first two years that the program

was in effect.
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estimation given that reading score exams suffered a change of scale the same year that NCLB was
implemented. This sample includes around 290 schools{z_?l Finally, due to the fact that the results
obtained from estimating the models with T';;,_1 or S, are quite similar, only one of these models

are discussed. Then, the estimated model equation is the following one:

Tijg = @ 1jg + ps * [INCLB)+7T;jg-15; + 0, Sil (NCLB) + a;Si+S;+dtrend+BI(expr < 1yr)+eijgs

d1jgs q25gsSi

(24)
where trend denotes a linear trend and expr denotes a dummy variable indicating whether a

teacher has less than 1 year of experience.

Estimation Results Equation (24)
Mean(py) Mean(p,) ) v g
0.108 0.018 -0.056
(0.001) (0.003) (0.006)

0.178 -0.209

Table 9: Estimation results of model equation 24, standard errors in parenthesis. Mean(p,) and

Mean(p,) denotes the mean of these parameters across schools

Table 9 shows that after the implementation of NCLB, all students experienced on average an
increase in test scores of 0.178 of a standard deviation which can be interpreted (based on the model)
as a change in intercepts (i.e. p,). But teacher slopes also changed. The decrease in slopes (i.e. @,)
benefits less advantaged students and hurts most advantaged ones. For instance, the bottom third
of the student achievement distribution experienced a gain of 0.464 of a standard deviation (once
NCLB took effect), where 60% of this increase can be explained by changes in student - teacher
interactionﬁ This outcome suggests that educators have reallocated part of their attention on
less advantaged students at the expense of the most proficient ones. For example, the top third of
the achievement distribution experienced no gains (-0.017), while the top quintile shows a decrease
of -0.09 of a standard deviation. Therefore, these results shed light on the mechanism behind the
outcome of NCLB (i.e. teachers increasing their intercepts but also reducing substantially their

slopes).

42Table F2 in Appendix F shows that students characteristics remained constant pre and post NCLB. Table F3
shows a similar pattern for teachers.
138ee table G1 of appendix G for estimation results were p and ¢ are not allowed to change by school. Table G2

presents results when T;;,_1 is replaced by S,
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Figure 4 shows the distribution of the change in intercepts (i.e. p,) and slopes (i.e. @) across
schools after NCLB. In general, most institutions have responded to this policy similarly, i.e. in-
creasing their intercept but decreasing their slope@

In order to analyze how these changes are correlated with schools characteristics, figures 5 and
6 show the change in intercepts and slopes in each school conditional on certain school covariates
pre NCLB. First, Figures 5A and 5B show that the institutions with highest mean test scores
pre NCLB increase their intercepts less but decrease their slopes more{ﬂ Second, Figures 6A and
6B indicate that the schools that changed the most their intercepts (slopes) were the ones with
lowest (highest) mean intercept (slope) pre NCLB. This implies that schools have adjusted on those
margins where they have more room to do so (e.g. flat slope schools have less room to set flatter
slopes, therefore they have to shift their intercepts). In order to analyze this point in more detail,
Table 10 shows the average intercept and slope pre NCLB within school conditional on the change
in intercepts and slopes post NCLB. This table indicates that the schools that show an increase
above the median in their intercepts also show lower mean intercepts pre NCLB (i.e. -0.013 vs.
0.042). Similarly, the schools that decreased their slopes the most where the ones with higher mean

slopes pre NCLB (i.e. 0.026 vs. -0.023).

Mean Intercept and Slope Pre NCLB

Conditional on Change in Slope and Intercept Post NCLB

Mean Intercept Mean Slope

Above Median (increase) Intercept Change -0.013 -0.005
Below Median (increase) Intercept Change 0.042 0.001
Above Median (decrease) Slope Change 0.033 0.026
Below Median (decrease) Slope Change 0.003 -0.023

Table 10: Mean school intercept and slope pre NCLB conditional on the changes observed on these
variables post NCLB.

M The standard deviations of both kernel distributions are around 0.1

5 A small fraction of students changed school due to NCLB sanctions. Cooley et al. (2011) indicate, using this
same database, that the effects of sanctions on school choice are quite small in magnitude and fairly comparable
across sanction statuses. With 10 choices in the district, students in sanctioned schools are about 1% more likely to

change schools. With 20 choices, they are about 2% more likely to change schools.
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Kernel Density: Change in Slopes and Intercepts by Schools After NCLB

Figure 4: Distribution of the change in slopes and intercepts across schools post NCLB

7.2 Relevance of Teachers Reallocation After NCLB

The implementation of NCLB may have lead school principals to reallocate teachers within
schools. In order to analyze the relevance of this mechanism, two exercises were performed. First,
predicted test scores were calculated for the year 2003 after turning off the parameters of NCLB. A
priori, it is expected that if reallocation of teachers was substantial, then differences in performance
should be registered between the predicted scores (without NCLB) in 2003 and the test scores of
the year 2002. Table 11 indicates that this is not the case; while column (D) shows that actual
differences in the test scores for the lowest percentiles of the student achievement distribution
are large between the years 2002 and 2003, column (E) indicates that these differences almost
disappear when NCLB parameters were turned oﬂfﬂ Therefore, this table suggests that reallocation
of teachers seems to have little effect on the test score performance of low ability students after
NCLB.

Finally, it is analyzed how an optimal allocation of teachers for lagging students could have
improved their performance. In this regard, schools were divided by the number of classrooms of
the same grade, and students were allocated to their best available teacher for a given grade in

their schooﬂ More specifically, this mechanism allocates first the worst student in a given grade

4611 addition, in terms of teacher turn over, the data indicates that while between the years 2001-2002 the proportion
of teachers that changed school was 5.4%, for the period 2002-2003 this number only incresed to 7.4%

“TReallocation of teachers across grades seems not to be substantial after NCLB. For instance, 87% (90%) of the
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Fig. 6A: Change in Intercept After NCLB Cond. on Mean Test Scores Pre-NCLB
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Figures 5A-B: Change in slopes and intercepts by school conditional on mean test scores pre NCLB.

Fig. 5A: Change in Intercept After NCLB Cond. on Mean Intercept Pre-NCLB
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Best Allocation Mechanism for Low Ability Students

Difference “Counterfactual” - Actual Performance

Student Terciles

Number of Courses per Grade T1 T2 T3 AIT

2 0.09 0.01 -0.03 0.02
3 0.13 0.02 -0.02 0.04
4 or more 0.15 0.04 0.02 0.07

Table 12: Change in students performance under the best allocation mechanism for low ability students.
Differences between counterfactual performance and actual performance were opened by student terciles and

number of classrooms per grade in a given school.

and school with the best available teacher (in their school and grade), then the same procedure
is applied to the second worst student and so on. The number of students assign to a given
teacher cannot exceed the size of the course that originally appeared in the data; when the course
is completed that teacher is no longer available, and the teacher - student allocation continues
but only considering the remaining available teachers. Table 12 shows the difference between the
counterfactual performance (under the described mechanism) and the actual performance, open by
student (ability) terciles and the number of classrooms of the same grade in a given school. Results
indicate that important increases in lag students performance can be achieved if this allocation
mechanism is implemented; however, these counterfactual improvements in students performance
are still smaller than the changes that occurred after the implementation of NCLB.

To conclude, model estimation results indicate that after the introduction of NCLB, the mecha-
nism that has driven improvements on less proficient students can be characterized by a combination
of an increase in teacher homogeneous effects, and a substantial change in the interaction effects

benefitting less advantaged students and hurting the most proficient ones.

8 Conclusions

This paper has shown that teacher - student interactions play a key role when analyzing test
scores production function, and the mechanisms behind the outcomes of accountability policies.

While most works in the literature do not study complementarity effects, this paper has shown,

teachers that were assign to grade 3 in 2001 (2002) continue in that same grade in 2002 (2003).
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for instance, that student - teacher interactions can explain more than 30% of total teacher effec-
tiveness for the 75! percentile student. An analysis of NCLB indicates that lagging students have
benefitted with the implementation of this accountability program due to the fact that educators
increased their intercepts and decreased their slopes. In this regard, it is established that 60% of
the improvement in test scores for low performing kids can be explained by a change in interaction
effects. On the one hand, teachers have increased the type of effort that improves the performance
of all students irrespective of their characteristics after NCLB; but on the other hand they have
also reallocated part of their attention from the most advantaged students to those with lower abil-
ity. As a consequence, results indicate that the top third of the student achievement distribution
experienced no gains in test scores in the period post NCLB program, while the top quintile shows
a decrease of -0.09 of a standard deviation. Moreover, the evidence suggests that the change in
student performance post NCLB could not be attributed to a reallocation of teachers within school
(conditional on grade).

In addition, this paper shows that identification and consistency of teacher intercepts and
slopes can be obtained even when the number of observations per student is small. Moreover, an
iterative algorithm is implemented making it possible to circumvent the inconvenience of dealing
with high dimensional vectors of fixed effects given that the within-group transformation fails to
purge interactive fixed effects.

Future research might consider an analysis of teachers sorting process across schools condi-
tional on their slopes. For instance, it can be important to determine whether high (low) slope
teachers tend to move to schools where the achievement level of the student body is higher (lower)
than, for example, the state mean. It could also be the case that accountability policies may
prevent many teachers to work in schools that better fit their characteristics if those schools are
frequently sanctioned. In addition, the econometric strategy implemented in this article can be
used in future research to study firm-worker interaction effects. For instance, the Longitudinal
Employer-Household Dynamics (LEHD) program database integrates information from state un-
employment insurance data with Census Bureau economic and demographic data. Such integrated
data permits the construction of longitudinal information on workforce composition at the employer
level. Therefore, using LEHD data, it can be possible to determine whether the production function
of a subgroup of firms relies more on complementarity effects than others (e.g. technology firms vs.

fast food firms).
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9 Appendix A

9.1 Proof of Identification and Consistency

For ease of exposition consider 1 student that is observed only two periods. In each period,
he/she has different teachers (i.e. j = 1,2). Therefore, the non linear least squares problem can be

written as follows:
SIZH Ty — quy — g2;81 — S1)° (25)

Next, it is necessary to normalize the intercept (¢qi;) and slope (g2;) of one teacher. Therefore,

q12 and @99 are set to be equal A and B. Then, the NLLS problem can be written as follows:
(T11 — g1 — g1 S1 — S1)? + (T1a — A — BS; — 51)? (26)

First the lemmas are listed with the proofs to follow.

Lemma 1: Concentrating out the student unobserved ability (i.e. S1) of the original least squares
problem results in an optimization problem over the ¢'s, that takes the following form:

i (T —an)(+ B) = (Tiz = A)(1 + ¢21))”

27
q11,922 (1+¢21)?>+ (1+ B)? (27)

The nonlinear squares problem now only depends of the ¢’s and the data. Therefore, it is
possible to investigate the properties of the estimator of q° = {¢{;,¢%;}. For ease of notation,

define z(w, q) as: I )1+ B) — ( A)( )2
[(Th1 — qu)(1 + B) — (Tha — 1+ g2
2w, q) = (1+g21)% + (1 + B)? (28)

where w = T.

Lemma 2
E[z(w.q")] < E[z(w,q)],Yq €0,q0#q (29)

where O is the parameter space.

Theorem 12.1 of Wooldridge (2002) establishes that sufficient conditions for consistency are
identification and uniform convergence. Having already established identification, Lemma 3 shows

uniform convergence.
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Lemma 3

max |- 2w, ) ~ Bla(w,q)l| £ 0 (30)

Consistency then follows from Theorem 12.1 of Wooldridge: azqo

Proof of Lemma 1 The NLLS problem is the following:
(Thi1 — qu1 — g2151 — 51)> + (T12 — A — BS; — S1)° (31)

Take first order conditions w.r.t. Sy

(T11 — q11)(1 + go1) + (T12 — A)(1 + B)

S pe—
! (14 gn)? + (1 + B)?

(32)

If equation (32) is replaced in equation (31), after several steps of algebra it can be obtained:

z(w,q) = (Tu—qu)®+ (T2 — A)?
(Th1 — q11)(1 + go1) + (Tha — A)(1 + B)|?
(1+¢2)?+ (1+B)?
[(Th1 — q11)(1 + B) — (Tha — A)(1 + g2)]?
(1+¢1)?2+ (1+ B)?

z(w,q) =

Therefore, expression (27) is recovered.

QED.

Proof of Lemma 2 Proving identification requires that:

E[z(w,q")] < E[z(w,q)],Yq €0,q0#4q (33)

where © is the parameter space.

Proof:

(71— )1+ B) — (T — A)(1 + g)]°
(14 ¢21)%2+ (1+ B)?

After replacing T by the data generating process in the previous expression, it can be obtained

z(w,q) = (34)
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(after several steps of algebra):

@B — an) + 5(ad — )]
Z(Waq) - (1+q21)2+ (1—|—B)2 (35)
[e1(1+ B) + ea(1+ g0)])”
(1+g21)*+ (1 + B)?
L2 (1 + B)((qf; — q11) + SP(d9) — g21))] [ex(1 + B) + ea(1 + go1)]
(14 g21)%+ (1 + B)?

(36)

(37)

If expectation is applied to the previous expression, and E(eg;) = 0, E(ei1e2) = 0, E(s?) = o2

then when q11 = ¢¥; and go1 = ¢J;, equation (34) is minimized in the truth. Until now, it has been

shown identification when considering a pair of teachers:

arg min Qi (47, q5) =45
J
However, it is easy to show that this result can be used to prove identification in the following

case (i.e. multiple pair of teachers):

. P P
arg mcin ijl Zi>j Qij (qiv Qj)

where P denotes the total number of teachers.

QED.

Proof of Lemma 3 To prove consistency is not sufficient to show pointwise convergence in
probability (i.e. it is not enough to simply invoke the usual weak law of large numbers at each q

€ 0). Instead, it is necessary to prove uniform convergence in probability@

1
mas | - S z(wi.q) - Blz(w.q)]| 50

Theorem 12.1 in Wooldridge states four conditions that the data and z must satisfy in order for
the above condition to hold:

1) © is compact

2) For each q € O, z(+, q) is Borel measurable on W@ Since z(+, q) is a continuous function of

w, it is also Borel measurable.

8Tt is important to mention that consistency requires that the number of students that share a pair of teachers
goes to infinity as N — oo.
YLet W be a random vector taking values in W C R™ where W denotes the subset of R representing the possible

values of w.
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3) For each w € W, z(w, q) is continuous on ©

4) |z(w, q)| < b(w) for all q € O, where b is a nonnegative function on W such that E[b(w)] < oo

Points 1 and 2 are satisfied by assumption. Point 3 is straight forward to verify; however, point

4 requires to be proven. Note that z(w, q) is always positive so the absolute value can be ignored:

(T — q1)(1 + B) — (Th = A)(1 + g2)]”
(14 ¢g21)>2+ (1+ B)?

Given that q belongs to a compact space, then it has lower and upper bound values. Therefore,

z(w,q)= (38)

q can be replaced in (38) by these lower or upper bound values such that the expression is maximize.
In addition, if A and B are normalized to be equal 0 (without loss of generality), then it can be

obtained (after assuming that T has a second moment):

(T1 — qu1) — Ta(1 + g21)]
(1+¢g2)2+1

< [Ty — qu1) — Ta(1 + g21)]”

E(z(w,q)) < max{E((Ty - Cp)* (T1 — Cw)*)}

z(w,q) =

+ max {E(Tg(l + D)%), E(T5(1 + Dub)z)}

where Cp,, Cup, Dip and D, denote lower and upper bound values of the ¢/s. Then, it can be
obtained a function such that E[b(w)] < occ.
QED.
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10 Appendix B

The algorithm described in Section 4 needs to be slightly modified when trying to estimate the
model expressions that include S; (i.e. mean classroom student fixed effect). The reason is that it
is no longer possible to solve for S; in equation (15). In this regard, step 1 remains similar; however,
step 2 is changed and an additional step is included in order to update S;. Then, the algorithm

becomes:
e Step 1’: Using the initial guesses of the student fixed effects, calculate iygn) = Tijg — S’i(m)

and solve the least squares problem:

"(m) '(m "(m : S m m <(m))?
{0, as" N} = arg min 30 3 (Vi — gy — ST ag; — A5") (39)

P (
€155€25 j=1 j=1

m) 0™ and X ) caleulate Si(mH) using the following expression (where

e Step 2’: Using q;j ; Goj

j € i denotes all the teachers of student i):

> (Testijg - q;(m) — )\’(m)gém))

J

Jjei (m+1)
Y1+ aQ(jm)
VAS)
Now, an additional step is required in order to update ?ém)
e Step 3’: Calculate géerl) using Si(mﬂ)

e Step 4’: Repeat steps 1, 2 and 3 until convergence of the parameters.

To sum up, the main differences between this algorithm and the previous one rely on adding
step 3’; and the fact that in step 2’ instead of using the first order condition of the least squares
problem with respect to S; to concentrate out this variable, it is used use directly equation (13),
the implicit assumption in this case is that the mean of the error term for a given student is 0,
€ig = 0. Finally, it is important to emphasize that if step 2 is replaced by step 2’ in the algorithm
presented in Section 4, results are almost the same as it is shown in the Monte Carlo experiments

in Appendix C.
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11 Appendix C

Monte Carlo evidence obtained from estimating the two model versions (i.e. including T,lg
or 5'79) using the algorithm described in appendix B. See subsection 4.3 for a description on how

the data was created. Results indicate that the econometric strategy performs quite well for both

model equations.

Monte Carlo Evidence

Model 1: T'est;jq = quj + CLQjSi + )\T,lgSi +S; + Eijg

Teacher Intercepts Teacher Slopes

True Parameters ¢qi1= —1 qio=—0.5 q3=1.5 a91=—0.5 a9=0.15 a3=0.35 A=0.5

Estimates -1.002 -0.498 1.499 -0.488 0.146 0.342 0.490
(o= 0.25) (0.027) (0.029) (0.035) (0.027) (0.030) (0.033) (0.053)
Model 2: Test;jq = q1j + a2;5; + /\SigSZ- + S + €ijg
Estimates -0.987 -0.499 1.487 -0.496 0.142 0.354 0.478
(0= 0.25) (0.059) (0.036) (0.068) (0.050) (0.033) (0.068) (0.134)

Table C1: Monte Carlo Evidence when estimating two different versions of students test scores produc-
tion function using the algorithm described in Appendix B. The reported parameters were obtained after
estimating each model 100 times, and then taking the average. In parenthesis, it is presented the standard

deviation of the coefficients.
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12 Appendix D

Evolution of Average Math Test Scores by Year: Grade 3
2000 2001 2002 2003 2004
Full Sample: All North Carolina

Mean 250.5 250.6 251.4 253.3 253.3
Observations 101429 101969 100652 102042 101598
Reduced Sample: 5 Biggest Counties
Math 250.7 251.2 252.1 253.9 253.9
Observations 28710 28726 28670 29334 29543

Table D1: Evolution of math test scores for grade 3 in selected years. Test scores range from 218 - 276
(scores are supposed to be comparable across years). Full sample includes all counties in North Carolina,
while reduced sample only includes the 5 biggest counties in the state (i.e. Cumberland, Wake, Forsyth,
Guildford and Charlotte-Mecklenburg).
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13 Appendix E

Estimation Results

Math Reading

Intercept (q1;) Slope (a2;) Intercept (gi;) Slope (a2;)

Std. Dev. 0.198 0.148 0.140 0.111
0.023 0.0001
A
(0.005) (0.005)
-0.055 -0.033
BxI(expr < lyr)
(0.007) (0.008)
L-R test (P-Value) 0.001 0.001

Table E1: Standard deviation and correlation of teacher fixed effects (i.e. intercepts {q1jnrraths 415 Read}
and slopes {a2;Maths @25 Read}) recovered from the estimation of equation (17) with the only difference that
§g was included in the equation instead of T_lg. Likelihood ratio (L-R) tests results that analyze the joint

significance of teachers slopes are also reported. See equation (17) to interpret the parameters A and S.
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14 Appendix F

Evolution of Math Test Scores

Year

Student Percentile 2001 2002 2003 2004 2001 2002 2003 2004

Grade 4 Grade 5
10th -1.30 -1.19 -0.74 -0.85 -1.28 -1.18 -0.98 -0.88
251" -0.74 -0.63 -0.17 -0.29 -0.69 -0.69 -0.39 -0.39
501" -0.61 0.05 0.39 039 -0.10 0 029 0.29
75th 073 0.84 096 096 0.68 0.78 0.88 0.87
85th 1.07 118 130 130 117 117 117 117
90t" 1.30 152 152 1.52 137 147 147 147
95th 1.7 1.8 175 1.75 176 1.8 1.76 1.76
Mean 0 0.10 0.37 0.37 0 0.10 0.23 0.28
Std. Dev. 1 1 088 0.9 1 1.02 091 091

Table F1: Evolution of math test scores pre (2001-2002) and post (2003-2004) NCLB for different per-
centiles of students achievement in grades 4 and 5. Standard deviations in each year are also reported. Test

scores were normalized with respect to the mean and standard deviation of year 2001.

Distribution of Test Scores in Grade 3. Years 2001 - 2004

Density

T T T T
220 240 260 280
Raw Math Test Scores

Figure F1: Kernel distribution of raw math test scores in grade 3. Years 2001 -2004
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Students Charac. Pre-Post NCLB (Grade 3)

2001 2002 2003

Reduced Price Lunch 40.2 418 443
Parents Education (College) 36.3 36.3 34.6
Minority 46.4 49.6 51.1

Table F2: Students characteristics pre and post NCLB in grade 3: proportion of students with reduced

priced lunch, proportion of students with parents with a college degree or more, proportion of minorities.

Teachers Charac. Pre-Post NCLB (Grade 3)

2001 2002 2003

Experience less than 1 year 11.6 11.1 13.2
Gender Male 5.2 5 6.9
Race White 79.7 84.7 794

Table F3: Teachers characteristics pre and post NCLB in grade 3: proportion of teachers with less than

one year of experience, proportion of male teachers, proportion of white teachers.
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15 Appendix G

Estimation Results Equation (24)

P ™ Y2 0 /B
0.177 0.015 -0.209 0.100 -0.059
(0.003) (0.003) (0.002)  (0.001) (0.006)

Table G1: Estimation results of equation 24 but with the only difference that teachers adjustment post

NCLB is forced to be the same for everyone after NCLB (i.e. p and ¢ no longer change by school)

Estimation Results Equation (23)

p m ® 0 B
0.181 0.007 -0.194 0.091 -0.059
(0.003) (0.003) (0.002) (0.001) (0.006)

Table G2: Estimation results of equation 23 (i.e. Sig is used instead of Tflg) but with the only difference
that teachers adjustment post NCLB is forced to be the same for everyone after NCLB (i.e. p and ¢ no

longer change by school)
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