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a b s t r a c t
This study presents robust evidence on the relationship between teacher pay and turnover using detailed panel
data from Texas. While controlling for changes in district and local labor market characteristics, I estimate an
overall turnover elasticity of −1.4 and show that the effect is largest for inexperienced teachers, declines with
experience, and disappears around 19 years of experience. Combining these results with what we know about
the relationship between teacher value-added and experience, I show that paying teachers more improves student achievement through higher retention rates. The results also suggest that adopting a ﬂat salary schedule
may be a cheap way to improve student performance. I ﬁnd no evidence that pay effects vary by the teacher's
gender or subject taught.
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1. Introduction
Important questions that continually confront education policy
makers are how much should we pay teachers and how should we
shape the teacher salary schedule. Conventional wisdom suggests
that paying teachers more will likely improve student outcomes by
attracting and retaining better teachers or by inﬂuencing current
teachers' effort choices. While the potential for a relationship between teacher pay and student achievement exists, current research
fails to make a strong connection. The focus of this research is to provide evidence on this relationship so that policy makers can make
better decisions regarding the level of teacher pay and the shape of
the pay schedule.
Prior studies of the relationship between teacher pay and student
outcomes often show null or even negative effects (Hanushek, 1997,
2003). For example, in surveys of the literature prior to 1995,
Hanushek (2003,1997) reports that of 119 estimates of the relationship
between teacher pay and student performance only 20% are positive
and statistically signiﬁcant, while 7% are negative and 73% are insigniﬁcant. A more recent study by Loeb & Page (2000) might provide the best
evidence of a relationship between student performance, as measured
by dropout rates and college enrollment, and teacher pay. However,
even their estimates are likely biased since they cannot control for all
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time-varying district or state characteristics that may be correlated
with changes in teacher pay.
A major reason for a lack of strong evidence in this area stems from
the fact that estimating the direct causal link between district salary
schedules and student achievement is challenging. First, one must control
for changes in district characteristics that may be correlated with changes
in student achievement and changes in the salary schedule. This is difﬁcult even when one has access to panel data, since many time-varying
district characteristics are unobserved, such as parental support and comprehensive measures of student quality. Second, a change in teacher pay
today is likely to inﬂuence student outcomes in current and future
periods. For example, raising teacher pay may have an immediate impact
on the quality of the school, but it is not clear whether that effect will
show immediately in student outcomes or if the effect will appear
10 years into the future, as Loeb & Page (2000) model it. If the positive effects of pay increases do not reveal themselves until several years into the
future, the task of adequately controlling for changes in district-level
characteristics in the periods between a pay increase and the time that
the pay increase manifests itself becomes even more difﬁcult.
To avoid the difﬁculties inherent in making a direct link between
teacher pay and student achievement, this study adopts an alternative
approach. I link teacher pay to teacher experience, which is known to
be related to student achievement. Several studies show that experienced teachers are more productive in terms of raising student achievement in a given school year (Harris and Sass 2011; Papay and Kraft,
2011; Rockoff, 2004). Uncovering the link between teacher pay and experience is the ﬁnal hurdle researchers must overcome to make a connection between teacher pay and student achievement.
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To make a connection between teacher pay and experience, I focus
on how pay can be used to retain more teachers which can increase average teacher experience over time. To do so, I estimate the relationship
between teacher pay and teacher turnover using a large panel data set
from Texas. I ﬁnd that increasing teacher pay is effective in retaining
teachers who would have otherwise been replaced by relatively inexperienced teachers. The implication is that increasing teacher pay raises
average teacher experience in a district.
This study is not the ﬁrst to investigate the relationship between
teacher pay and turnover; however, no prior study makes a clean causal
connection between base pay increases and teacher turnover rates.
Most prior studies in this area are likely biased because they do not control for time-varying or ﬁxed district characteristics and labor market
conditions that could be correlated with teacher pay (Dolton and von
der Klaauw, 1995, 1999; Murnane et al., 1989; Murnane et al., 1990;
Hanushek et al., 2004; Imazeki, 2005; Rickman and Parker, 1990;
Clotfelter et al., 2011; Podgursky et al., 2004). One important empirical
result presented here suggests that models that do not control for all
time-varying characteristics produce overestimates of the effect of
teacher pay on turnover. This may occur because improvements in
district working conditions tend to coincide with increases in teacher
pay.
Clotfelter et al. (2008) employ a more rigorous empirical design,
which controls for time-varying school, district, and labor market characteristics. However, they estimate the effect of a bonus pay program
that rewards teachers for working in low-income schools. It is not
clear that the results of their study are the same as we would expect
to observe for a change in base salaries in a typical school district.
Overall, the current evidence of a relationship between teacher pay
and turnover is too weak to inform policy regarding changes in the
salary schedule. To better inform policy, we need a study that provides
more robust and detailed estimates of the base pay effect. In particular,
given what we know about the relationship between student performance and teacher experience, if we uncover how pay effects vary
with teacher experience, we can better understand how changes in
teacher pay may be related to student performance.
This study contributes to the literature by providing the most robust
and detailed estimates to date regarding the relationship between
teacher pay and turnover. A large and detailed panel dataset allows
this work to overcome many of the difﬁculties encountered by previous
researchers. With this data I am able to estimate teacher pay effects
while ﬂexibly controlling for changes in district characteristics and
changes in local labor markets.
I ﬁnd strong evidence of a negative causal relationship between
teacher pay and turnover. My estimates suggest that a 1% increase in
teacher pay reduces teacher turnover by 0.16 percentage points. In
terms of elasticity, this suggests that a 1% increase in teacher pay reduces the turnover rate by 1.4%. Further, this pay elasticity is largest
(in absolute value) for less experienced teachers and begins to decrease
rapidly after around 7–8 years of experience. The effect disappears for
teachers with around 19 or more years of experience. I ﬁnd no evidence
that pay effects vary by the teacher's subject taught or gender.
Combining these results with our knowledge of the teacher
experience–productivity proﬁle, I show that increasing teacher pay
improves student performance by retaining more teachers, which
increases the average experience of teachers in the district. I also
show that districts may improve student performance by adopting
a ﬂat salary schedule, but this result depends on strong assumptions
about teacher selection and effort that have not been tested. In terms
of size, I show small effects of paying higher teacher salaries, but I
argue that these estimates are likely lower bounds on the pay effect
since I focus on only the retention effects of a pay increase. Increasing
teacher pay is also likely to improve student performance through
mechanisms not considered in this study.
This work is organized as follows: Section 2 motivates the empirical
model with a discussion of the theoretical links between teacher pay,
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turnover, and education quality; Section 3 describes the data;
Section 4 presents the regression model and results; section 5 discusses
implications of the results for district policy and student achievement;
Section 6 concludes.
2. Conceptual framework
Increasing teacher pay is likely to affect education quality through
turnover reduction (or retention), which is the focus of this study. We
know that there is a dynamic component of teacher quality in that, on average, teachers improve with experience (Harris and Sass 2011; Papay
and Kraft, 2011; Rockoff, 2004). Thus, retaining more teachers will help
schools reap the beneﬁt of teachers learning on the job. In addition to
this retention effect, increasing teacher pay is likely to improve education
quality by inﬂuencing teacher effort or by differentially attracting and
retaining teachers from the high end of the ﬁxed ability distribution.
With regard to effort, efﬁciency wage theory suggests that increases
in teacher salaries can provide an incentive for teachers to exert more
effort by increasing morale or increasing the penalty associated with
effort-related job termination (Shapiro and Stiglitz, 1984; Akerlof,
1982). Pay induced increases in teacher effort could presumably lead
to a number of changes in teacher behavior that are conducive to student learning, including: spending more time on lecture preparation,
providing more and better student feedback, spending more time with
students outside of class, or taking a more active role in mentoring
students.
With regard to differential selection and retention, raising teacher
pay at the district level could attract a larger pool of teacher candidates
that are inherently better at teaching (high ability). This is likely to occur
when high quality teachers tend to have higher earnings potential in
other occupations or in other teaching jobs outside of the district.
Under this condition, raising teacher pay in the district could make a
teaching position in the district attractive enough to lure high ability
teachers away from their high paying outside opportunities. Even if
the school district is not able to identify ability in the hiring process, a
random hire from the distribution of applicants after a pay raise is likely
to be of higher quality than a random draw from previous distributions.
The theoretical mechanism is similar for differential retention. Higher
pay has the potential to retain more of the most able teachers if those
teachers are more responsive to salary or if they have higher attrition
rates.
This study focuses on the link from teacher pay to student achievement through its potential to retain a more experienced and productive
teaching staff. The point of discussing alternative pathways is to highlight the possibility that increases in teacher pay may improve student
achievement through mechanisms that are unrelated to teacher experience. Therefore, it is important to bear in mind that the teacher pay
effects derived in this study are likely lower bounds on the overall
impact of raising teacher pay on student achievement.
The Burdett (1978) on-the-job search model motivates this work's
empirical speciﬁcation of the relationship between teacher pay and
turnover. In the on-the-job search model, the worker's turnover behavior is a consequence of two decisions. First, workers choose whether to
search for an alternative occupation given their current wage and
some knowledge of the distribution of outside job opportunities. In
this phase, workers choose among three options: search for alternative
employment while continuing the current occupation, quit the current
occupation and search while unemployed, and do not search.
Here, the optimal strategy involves dual reservation wages which
depend on the wage distribution of outside opportunities (local labor
market conditions) and search costs (effort and monetary costs)
(Burdett, 1978). The dual reservation wages create three decision
regions. If the worker's current wage is higher than the highest reservation wage, then the optimal strategy is to forgo a search. If the worker's
current wage is between the two reservation wages then the optimal
strategy is to search while remaining employed. Finally, if the workers
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wage is lower than the lowest reservation wage, then the optimal strategy is to quit (turnover) and search while unemployed.
The intuition behind this result is simple. If your current occupation
pays a high wage, then it is not optimal to engage in costly search activity as it is unlikely to result in a job offer that is more attractive than your
current position. If your current job is comparable to the middle or
lower end of the distribution of outside opportunities, then a search
strategy is optimal as it could result in a more attractive offer. In this
case, one must decide to conduct the search while remaining employed
or while unemployed. The typical assumption is that conducting a
search while employed is more costly (in terms of effort or direct
costs) than a search undertaken while unemployed. However, if one
decides to terminate employment and search while unemployed, one
incurs the additional cost of lost wages. The optimal search strategy is
then to search while unemployed if current wages are low, since the
beneﬁt of reduced search cost exceeds the cost of forgone wages. For
higher wage earners it is better to maintain employment while
searching as the cost of foregone wages exceeds the beneﬁt of lower
search costs.
The second part of turnover behavior involves the decision to accept
or reject an outside wage offer, given the initial decision to search. In
this phase, the worker accepts an outside job offer if it exceeds his or
her expected wage next period in the current state (next period
wages in the incumbent employer or unemployment beneﬁts). The
worker then repeats the same decision process next period.
Applying the on-the-job search model to teachers suggests that
teacher turnover is related to current and (expected) future pay and
working conditions and local labor market characteristics. Current
teacher pay inﬂuences turnover decisions directly if it is so low that
some teachers decide to quit and conduct a search while unemployed.
Increasing current pay may also reduce turnover indirectly by decreasing the proportion of teachers choosing to conduct an on-the-job search.
Alternatively, current pay may inﬂuence the teacher's effort devoted to
the search in that lower pay serves as motivation for a more intensive
search. Also, depending on the timing of information, teachers may
initially make their search decision based on current pay and update
that decision as they receive more information to project their actual
teaching salary next period. In any case, increasing current teacher
salaries is likely to reduce teacher turnover.
Future teacher pay enters the model when teachers who are
conducting a search must decide whether or not to accept an outside
offer. The reservation wage increases with the teacher's salary next
period or, depending on the timing of an offer, the expected value of future wages. It is not clear whether teachers conducting a search typically
receive offers before or after they have knowledge of their future pay in
the current teaching position. Therefore, offers may be accepted or
rejected based on actual future pay or an expectation formed by the
teacher given information at the time of the offer. Whether or not
teachers know their future pay or form an expectation, future pay
measures are likely to be negatively related to turnover.
Local labor market conditions enter the model by inﬂuencing the
teachers' knowledge of the distribution of outside offers. As local labor
markets thrive, teachers are more inclined to conduct a search (holding
teacher pay and working conditions constant). Similarly, as outside
school districts increase their salary schedules or improve their working
conditions, teachers in the incumbent district are likely to attempt to
transfer.
Overall, the model suggests that holding district characteristics and
outside opportunities constant, increases in current and future teacher
pay will reduce teacher turnover rates. Better pay and working conditions in outside opportunities, including other school districts, likely
increases teacher turnover. Translating these results to an empirical
model is straightforward in the case of teacher pay, since it is observable
in the data. However, measures of expected future pay are not. To measure expected future pay in the empirics, I use future pay on the current
salary schedule and measures of actual future pay given that the teacher

remains in the school district, since this is likely the information
teachers use to form their expectation.
I control for district characteristics and outside opportunities using a
large number of ﬁxed-effects. District-by-year ﬁxed-effects account for
district level changes in student quality, parental support, and outside
opportunities. I also include district-by-experience ﬁxed-effects, which
control for (time invariant) personnel practices within the district that
vary by experience, such as assigning less experienced teachers to
lower performing schools or undesirable classrooms. Finally, I include
experience-by-year ﬁxed-effects, which control for statewide changes
in outside opportunities for teachers with a given experience level.
Implicit in these ﬁxed-effects are controls for average differences in
turnover rates by year, district, and experience. In addition to ﬁxedeffects, I control for a teacher's outside opportunities in other school
districts with teacher pay measures from surrounding school districts.
The model also suggests that prior teacher pay does not inﬂuence
turnover decisions. Given this result, I use these irrelevant pay measures
as proxies (or placebos) to test for the presence of unobservables that
may cause bias in the teacher pay estimates.
3. Data
This study employs administrative data from the Texas Education
Agency (TEA) which cover the years 1996–2012. The data is a teacherlevel longitudinal ﬁle containing over 5 million teacher-by-year observations that identify teacher experience, degree, full-time equivalence
(FTE), base pay, district afﬁliation, subject taught, and gender.
From this data, I construct teacher turnover rates for teachers with a
bachelor's degree that vary by district, year, and experience. To create
this turnover measure, I adopt the following deﬁnition of the turnover
rate for teachers with experience e in district j during year t (turnoverjte):
turnoverjte is the percent of full-time equivalent teachers employed by
district j in year t with experience e that are no longer employed by
district j in year (t + 1). This turnover deﬁnition does not distinguish
between different types of turnover, such as teachers leaving the district
for a different district or leaving the profession completely or temporarily
taking a leave of absence. This deﬁnition of turnover simply measures the
percentage of teachers who leave a district for any reason.
Naturally, this deﬁnition of turnover does not allow one to observe
turnover rates in 2012, so the sample used in the analysis is restricted
to years 1996–2011. Also, in order to observe a turnover rate in a
district-by-year-by-experience cell, there must be at least one teacher
observation within the cell. I restrict the analysis to districts that have
at least one full-time teacher in each of the 336 year-by-experience
cells deﬁned by the years 1996–2011 (16 years) and experience levels
0–20 (21 experience levels). There are 165 districts in the sample that
employ at least one full-time teacher in each of these 336 experienceby-year cells, and therefore satisfy this restriction. The sample that I
analyze thus contains 55,440 district-by-year-by-experience observations of turnover rates.
Using the individual teacher pay data, I also reconstruct each
district's salary schedule for teachers holding a bachelor's degree over
the years 1996–2011. To do so, I collapse teacher base salary to 55,440
district-by-year-by-experience observations of the median base salary
of full-time teachers employed within the cell.1
Table 1 gives an overview of the data by providing within experience
averages of turnover rates, base pay, and the number of full-time equivalent teachers across the 165 districts and 16 years. The table reiterates
some well documented characteristics of the teacher labor force. First,
turnover rates are highest among less experienced teachers and

1
In some districts there is variation in base teacher pay within a district-yearexperience cell. However variation within a cell is small. Most within cell standard deviations are less than $1000. This variation is likely a result of additional base pay awarded to
teachers with additional college credits, teachers with coaching responsibilities, or
teachers with other additional duties.
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Table 1
Descriptive statistics.
(1)

(2)

(3)

Experience

Turnover (%)

Base pay

Teachers (FTE)

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
7.1

20.9
18.9
18.6
16.6
15.6
14.8
13.6
13.0
11.9
11.7
10.5
9.9
9.6
8.8
8.5
8.2
7.9
7.9
7.3
8.2
8.4
14.0

32,277.5
32,706.5
33,148.2
33,591.6
34,126.7
34,724.4
35,356.4
36,014.9
36,728.6
37,463.5
38,266.8
39,070.0
39,847.7
40,611.6
41,368.1
42,128.0
42,871.1
43,591.6
44,315.9
45,010.8
45,685.7
36,488.3

70.7
72.1
68.2
62.1
55.6
49.5
44.1
39.5
35.7
32.5
30.0
27.8
25.7
23.9
22.4
21.0
19.9
18.8
17.8
16.7
15.8
769.5

N = 2640 district-by-year observations (165 districts across 16 years: 1996–2011). The
table reports mean turnover rates, base pay, and number of teachers across districts and
years and by experience level. The sample is restricted to teachers who hold a bachelor's
degree. Column 3 reports the average number of full-time equivalent teachers (FTE).
The bold numbers at the bottom of the table report weighted averages of experience,
turnover rates, and base pay, with the number of full-time teachers in an experience cell
(column 3) used as weights. The bold number at the bottom of column 3 reports the
sum of the number of teachers across experience cells.

progressively decline until about 18 years of experience. After 18 years
of experience, the turnover rates begin to increase, which is likely a result of retirement decisions. Second, teacher salary increases with
each year of experience gained. This is a well-known characteristic of
the single salary pay schedule employed by nearly all public school districts. Finally, the distribution of teacher experience is skewed toward
lower experience levels (positively skewed). The average district in
the sample employs about 770 teachers with a bachelor's degree and

between 0 and 20 years of experience (column 3, last row). Of these
770 teachers, about 70% have fewer than 10 years of experience. The
average teacher in the sample has 7.1 years of experience, has a 14%
probability of leaving the district next year, and earns a base salary of
about $36,500 (bold numbers in the last row).
Figs. 1 and 2 show part of the salary schedules (experience = 0, 5,
10, and 20) for the two largest school districts in the sample, Houston
and Dallas, and the two smallest districts in the sample, Llano and
Brownsboro. The graphs give a sense of the within-district variation in
pay schedules for the 165 districts in the sample. Each of the graphs
illustrates the type of base pay variation that I use to identify the effect
of teacher pay on turnover. In the empirical analysis I exploit differential
variation in teacher pay within a district and across experience cells. For
example between 1996 and 1997, Dallas Independent School District
(ISD) increased the base pay it awards to teachers with 5 years of experience. Over the same period, Dallas ISD decreased pay for teachers with
10 and 20 years of experience and held starting pay constant. Differences in experience-speciﬁc base pay changes like this are evident in
nearly every time period and district shown in Figs. 1 and 2.
I exploit this variation to identify the effect of base pay on turnover
in a difference-in-difference-in-difference-in-difference (4-diff) regression framework. For example, if base pay has a negative causal effect on
turnover then one would expect that since Dallas ISD increased pay for
teachers with 5 years of experience and at the same time it reduced pay
for teachers with 10 years of experience, then the turnover rate for
teachers with 5 years of experience in Dallas ISD should decrease over
this period relative to the turnover rate for teachers with 10 years of
experience. That alone is a difference-in-difference (diff-in-diff) design
since it compares the difference in turnover rates across experience
groups before and after a relative pay change. My identiﬁcation strategy
compares this diff-in-diff to the same diff-in-diff in other districts
that did not impose the same relative change in teacher pay, hence
the 4-diff design.
In this context, the diff-in-diff estimator is a powerful tool with
which one can estimate the effect of teacher pay on turnover because
it is not subject to bias from time-varying district-speciﬁc factors
(district-by-year effects) nor is it subject to bias from factors that are
experience speciﬁc and do not vary over time (district-by-experience
effects). The major advantage of the 4-diff design over the diff-in-diff
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Fig. 1. Salary schedules 1996–2011: largest districts.
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Fig. 2. Salary schedules 1996–2011: smallest districts.
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design, however, is that the 4-diff design, in addition to being robust to
these factors, is robust to experience-speciﬁc and time-varying factors
that are common across districts (experience-by-year effects). For
example, if a state were to change its teacher tenure policy from
3 years to 4 years of service required for eligibility, this change would
likely bias a diff-in-diff estimator, while the 4-diff design would remain
robust.
Fig. 3 operationalizes this 4-diff design for changes over the years
1996–1997 and for experience levels 4 and 1. The diff-in-diff in turnover
rates for teachers with 4 years of experience and 1 year of experience is
reported on the vertical axis. On the horizontal axis is the diff-in-diff in
base pay for teachers with 4 years and 1 year of experience. The points
on the graph correspond to these values for the 165 districts in the
sample. Before examining the results, ﬁrst note that there is substantial
variation across districts in terms of their relative changes in base pay
across experience groups between 1996 and 1997. Some districts increased pay for teachers with 4 years of experience relative to newer
teachers by as much as $1000. Most districts seem to have made their
salary schedules ﬂatter during this period by increasing pay for teachers

-2000

-1000

0

1000

change basepay (exper=4) - change basepay (exper=1)
Fig. 3. 4-diff 1996–1997.

with 1 year of experience relative to teachers with 4 years of experience. One district closed the gap by more than $2000.
The regression line in Fig. 3, the slope of which is a 4-diff estimator,
provides this study's ﬁrst evidence of a negative causal relationship
between base pay and teacher turnover. The negative slope, which is
signiﬁcant at the 5% level, suggests that when districts increase pay for
one experience group relative to another, the result is a decrease in
that group's relative turnover rate. Of course, this evidence comes
from only 2 years and 2 experience groups. In the formal analysis
that follows, I employ a more comprehensive regression-based 4-diff
method that uses all 16 years and 21 experience groups and incorporates additional controls.
4. Regression speciﬁcation and estimates
The model I intend to estimate is the following:
′

T jte ¼ β xjte þ θjt þ α et þ γje þ εjte

ð1Þ

The dependent variable (Tjte) represents a district j by year t by experience e turnover rate. The vector xjte represents observed covariates
that vary by district and year and experience level, including current
and future district base salary, and current and future base teacher
salary in other surrounding districts. In some speciﬁcations, I include
prior base salaries to test for potential bias in the teacher pay estimates.
I discuss the speciﬁcs of this test below.
The parameters θjt, αet, and γje are, respectively, district-by-year,
experience-by-year, and district-by-experience ﬁxed-effects. The
district-by-year effect accounts for time-varying district characteristics
that have a common effect across all experience levels, such as changes
in average student quality or changes in the local labor market that
affect teachers of all experience levels. The experience-by-year effect
accounts for time varying and experience-speciﬁc factors that are common across all districts, such as changes in state tenure laws or changes
in state-level labor market opportunities available to less experienced
teachers. The district-by-experience effect captures experiencespeciﬁc factors that vary across districts but are ﬁxed over time. These
include ﬁxed-differences across districts in terms of personnel policies
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and local labor market opportunities. The error term (εjte) contains
unobserved factors that vary by district, year, and experience.
I estimate the parameter vector β by ordinary least squares (OLS). All
standard errors are clustered at the district level, which produces larger
estimates of the variance of the OLS estimators relative to clustering by
experience.
The teacher pay coefﬁcients in β are assumed to represent linear approximations of the causal effect of teacher pay on teacher turnover. OLS
estimation of Eq. 1 provides a consistent estimator for this effect assuming that unobservables that vary by district, year, and experience are not
correlated with teacher pay. That is, the teacher pay estimators in Eq. 1
are only subject to bias if there are unobserved changes at the district
level that are experience-speciﬁc and those changes are correlated
with within-district experience-speciﬁc changes in teacher pay. As an
example, this type of correlation would arise if school districts
adopt a policy of assigning less experienced teachers to less desirable
classrooms and at the same time those districts reduce pay for less
experienced teachers.
The strategy used to identify teacher pay effects in this study, as
speciﬁed in Eq. 1, can be interpreted as a 4-diff estimator. It is a 4-diff
estimator because the pay effect is identiﬁed by comparing two diffin-diff estimates. The ﬁrst diff-in-diff is the change in turnover rates
for two experience groups in a district that imposed experiencespeciﬁc and differential changes to its pay schedule (diff-in-diff). This
diff-in-diff is compared to the same diff-in-diff in another district that
did not impose the same experience-speciﬁc and differential changes
to its pay schedule. The simplest example of this strategy is the comparison of changes in turnover rates for novice and veteran teachers in a
district that only increased pay for veteran teachers to the same changes
in turnover rates in another district that did not change its pay schedule.
I begin the analysis by presenting baseline estimates of Eq. 1 (my
preferred speciﬁcation) and results from alternative speciﬁcations.
Later, I test for any remaining sources of bias using a placebo (or
proxy) test. Finally, I explore whether the marginal effect of teacher
pay on turnover varies by the teacher's experience, subject taught, or
gender.
The baseline results suggest that a 1% increase in a teacher's current
pay (basepayjte) and the teacher's future pay in the current contract
(basepayjt,e + 1) would reduce teacher turnover by 0.16 percentage
points (Table 2, column 5). A 1% increase in the teacher's current salary,
Table 2
Turnover and teacher pay, baseline estimates.

basepayjte
basepayjt,e + 1
basepayote
Combined effect
R-squared
District FEs
Year FEs
Experience FEs
Exper. by year FEs
Dist. by Exper. FEs
Dist. by year FEs

(1)

(2)

(3)

(4)

(5)

−11.51***
(2.976)
−12.85***
(3.324)
1.766
(2.127)
−24.36***
0.238
Yes
Yes
Yes
No
No
No

−10.19***
(3.047)
−12.92***
(3.474)
3.385
(2.507)
−23.11***
0.244
Yes
Yes
Yes
Yes
No
No

−14.77***
(3.242)
−10.44***
(3.407)
1.639
(2.486)
−25.21***
0.290
Yes
Yes
Yes
No
Yes
No

−10.45***
(3.144)
−11.27***
(3.249)
−0.736
(1.954)
−21.72***
0.300
Yes
Yes
Yes
No
No
Yes

−9.95**
(3.922)
−6.134*
(3.160)
2.077
(2.612)
−16.08***
0.358
Yes
Yes
Yes
Yes
Yes
Yes

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors, reported in parentheses, are clustered
at the district level. Teacher turnover rate for teachers with a bachelor's degree and
experience e in district j during year t is the dependent variable. basepayjte is the natural
log of teacher contract salary in district j for a teacher with a bachelor's degree and e
years of experience in year t,basepayjt,e + 1 is the natural log of teacher contract salary in
district j for a teacher with a bachelor's degree and e + 1 years of experience in year t,
basepayote is the natural log of teacher contract salary in the district nearest to district j
for a teacher with a bachelor's degree and e years of experience in year t. All models
include 52,800 district-by-year experience observations: 165 districts, 16 years (1996–
2011), and 20 experience levels (0–19). The combined effect is the sum of the
coefﬁcients on basepayjte and basepayjt,e + 1.
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Table 3
Alternative speciﬁcation and sample restrictions.

basepayjte
basepayjt,e + 1
basepayj,t + 1,e + 1
basepayote
basepayo,t + 1,e + 1
Combined effect
Cell size restriction
Year restriction
Observations
Number of districts
R-squared

(1)

(2)

(3)

(4)

(5)

−16.64***
(5.182)
−7.070**
(3.362)
11.04**
(5.228)
9.119**
(3.796)
−11.03***
(4.046)
−23.71***
None
None
49,500
165
0.360

−12.66**
(5.400)
−5.639
(3.571)
4.423
(4.488)
7.216*
(3.656)
−5.119
(4.132)
−18.30***
min ≥3
None
26,100
87
0.501

−10.04**
(4.671)
−4.581
(3.895)
1.332
(4.658)
6.029
(4.113)
−3.747
(4.918)
−14.62***
min ≥5
None
18,000
60
0.585

−8.917*
(5.102)
−11.52***
(3.036)
6.102
(4.858)
6.717*
(4.003)
−6.196
(4.785)
−20.44***
min ≥7
None
14,400
48
0.630

−12.34***
(4.643)
−6.588*
(3.739)

3.247
(3.086)

−18.92***
None
1996–06
36,300
165
0.377

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors, reported in parentheses, are clustered
at the district level. Teacher turnover rate for teachers with a bachelor's degree and
experience e in district j during year t is the dependent variable. basepayjte is the natural
log of teacher contract salary in district j for a teacher with a bachelor's degree and
e years of experience in year t. basepayote is the natural log of teacher contract salary in
the district nearest to district j for a teacher with a bachelor's degree and e years of
experience in year t. The combined effect is the sum of the coefﬁcients on basepayjte and
basepayjt,e + 1. All models include district-by-year FEs, experience-by-year FEs, and
experience-by-district FEs. Estimates in columns 2–4 are estimated on samples of districts
that meet the indicated minimum number of teachers employed within a district-yearexperience cell. The results in column 5 are from a restricted sample that includes only
the sample years prior to Texas' statewide performance pay initiatives: 1996–2006.

while holding future salary ﬁxed, is associated with 0.1 percentage
point reduction in teacher turnover, while the same effect for future
salary is cut to 0.06 percentage points (Table 2, column 5). The baseline
estimates also suggest that teacher pay in the nearest other district in
the sample2 (basepayote) does not have a statistically signiﬁcant effect
on turnover.
Aside from the baseline results in column 5, Table 2 shows how the
estimates vary with speciﬁcations that include fewer ﬁxed-effects
(columns 1–4). These results suggest that models that fail to control
for time-varying local labor market and district characteristics will likely
overestimate the effect of teacher pay. In particular, if one compares the
traditional ﬁxed-effects model in column 1 to a more robust speciﬁcation in column 4, which controls for time varying district and local
labor market characteristics through district-by-year ﬁxed-effects,
one can see that the combined teacher pay effects decrease from
0.24 percentage points to 0.22.
Controlling for experience-by-year ﬁxed-effects, which may account
for differences across time in experience speciﬁc labor market conditions across the state or changes in state policies, also appears to be
important. If one compares the results in column 1 to column 2, one
can see that adding experience-by-year ﬁxed-effects again reduces the
teacher pay effect estimates.
The addition of district-by-experience ﬁxed-effects, which controls for time-invariant labor market conditions or time-invariant
district personnel policies appear to be less important if one is concerned about overestimating teacher pay effects. After controlling
for experience-by-district ﬁxed-effects (comparing column 1 to
column 3), the combined teacher pay effects increase. Overall, if
one accepts the baseline results in column 5 as the true teacher pay
effects, then these results suggest that a typical ﬁxed-effects model,

2
Distance between district j and the nearest outside district in the sample was calculated
using latitude and longitude coordinates for each district. Latitude and longitude coordinates are available in the Common Core of Data maintained by the National Center for
Education Statistics. Each of the 165 districts in the sample has a neighboring district in
the sample that is within 82 miles. The average distance between a district and its nearest
neighbor in the sample is 14 miles (standard deviation is 14.5 miles).
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such as that in column 1, is biased and produces overestimates of the
teacher pay effect by nearly 50%.
An alternative explanation of the decreased effect size after introducing district-by-year, experience-by-year, and district-by-experience
ﬁxed effects involves differential impacts of measurement error. It is
well known that measurement error in an explanatory variable tends
to bias regression coefﬁcients toward zero. In this case, noise in the
district salary schedule measures (median pay within a district-yearexperience cell) likely biases all of the models in Table 2 toward zero.
In addition, it is a widely held view that including more ﬁxed effects in
a regression model exacerbates this attenuation bias (Griliches and
Hausman, 1986). Given this result, differential attenuation bias offers
a potential alternative explanation for the decrease in pay effects in
column 5 relative to column 1.
An obvious way to test this explanation is to reduce or eliminate
measurement error in the teacher pay variables and reestimate the
baseline models. If measurement error explains the difference in estimates in columns 5 and 1, then as measurement error in teacher pay
is reduced we should observe two trends: both model estimates should
move away from zero (become negative numbers with larger absolute
values) and the estimates from the two models should converge.
The estimates in Appendix A Table 8 provide a practical application
of this test. The table reports the results of the models in columns 5
and 1 with successive restrictions on the sample used in the estimation.
Row 1 redisplays the baseline combined effects from Table 2 columns 1
and 5. Each successive row adds a restriction on the minimum number
of teachers employed by a district within an experience-year cell. For
example, in row 2 the sample is restricted to the 60 school districts
that employed at least 5 teachers in each experience-year cell over the
period 1996–2011. In row 3, the sample is restricted to the 40 districts
that employed at least 10 teachers in each experience-year cell. The
beneﬁt of these restrictions is that they likely successively reduce
error in measures of the teacher pay schedule.
Visual evidence of this is present in Figs. 1 and 2. Notice that the
larger district salary schedules show relatively smooth transitions over
time when compared to the smaller districts in the sample, which
tend to oscillate around a trend. This oscillation is likely noise in the
teacher pay measures, and this error appears to decrease as the sample
is restricted to larger districts.
The results in Appendix A Table 8 provide no support for the
measurement error explanation of the gap between the estimates in
columns 1 and 5 of Table 2. As measurement error is reduced (looking
down rows 1 and 2 of Appendix A Table 8) the combined effect
estimates neither move away from zero nor converge. If anything, the
results suggest the opposite trends. This evidence lends support for
the initial interpretation of the gap. The addition of district-by-year,
experience-by-year, and district-by-experience ﬁxed-effects control
for important unobservables that would otherwise bias traditional
ﬁxed-effects estimates by at least 50%.
Table 3 presents results from alternative speciﬁcations and
restrictions on the sample used in the analysis. In columns 1–4, I
add the teacher's actual pay next period if she remains in the
district (basepayj,t + 1,e + 1 ) and future pay in the outside district
(basepayo,t +1,e + 1) to the baseline model. Theoretically, this is an
important addition to the empirical model because in a world of perfect
information one would expect teachers to base their turnover decisions
entirely on next period salaries. In this case, cells on the current salary
schedule (base pay at time t) would not enter the turnover decision.
Each of the forward pay measures is intended to better measure the
information with which teachers form their expectation of future
teacher pay and make turnover decisions.
The estimates in column 1 are produced using the full sample of 165
districts. The estimates in columns 2–4 impose progressively stronger
restrictions on the sample of districts used in the estimation. For example, in column 2, the sample is restricted to the 87 districts that employ
at least 3 teachers in each experience-year cell. In column 3, the sample

is restricted to the 60 districts that employ at least 5 teachers in each
experience-year cell.
The results in columns 1–4 of Table 3 suggest that the baseline
model is not sensitive to the addition of future salary measures in the
current or outside districts. In column 1 the future pay measures are
statistically signiﬁcant and have an unexpected sign. However, when
the sample is restricted to larger districts, which reduces noise in the
base pay measures, the future pay measures become statistically indistinguishable from zero. This suggests that the statistical signiﬁcance of
the future pay measures in the full-sample may not be a real effect but
perhaps instability caused by collinearity. While the future pay measures are not signiﬁcant in these alternative samples, the pay measures
used in the baseline model are stable and statistically signiﬁcant across
sample restrictions.
These results are consistent with an environment in which teachers
make turnover decisions with imperfect information regarding their
future teaching salary. With perfect information, turnover decisions
would be based entirely on actual teaching salary next period given
that he or she remains in the district: basepayj,t + 1,e + 1. However, the
data tells a different story. Teacher turnover appears unrelated to future
teaching salary while it is negatively and strongly related to pay on the
current salary schedule: basepayjte and basepayjt,e + 1. The data therefore suggests that teachers make turnover decisions with scarce information regarding the future salary schedule.
This result is not surprising after a closer examination of how
teachers are paid in Texas. First, Texas teacher salary schedules are not
collectively bargained.3 Rather, the salary schedule is determined primarily by the district superintendent and locally elected school board,
and it must adhere to a statewide minimum salary schedule.4 Second,
in a typical district, next year's salary schedule is not approved by the
board until late June, which is just prior to the July 1st start of the next
ﬁscal year.5 Given that complete information regarding the future salary
schedule arrives after the school year has completed, and only 2 months
prior to the start of the new school year, it is unsurprising that the
empirical results show that teachers conduct and conclude their job
search relying primarily on information contained in the current salary
schedule.
The alternative speciﬁcation in column 5 of Table 3 is the baseline
model estimated on the subsample of years before the 2006–07 school
year. Starting in the 2006–07 school year, several districts in the sample
began receiving state funding for performance pay programs as part of
the Governor's Educator Excellence Grant (GEEG) program, the Texas
Educator Excellence Grant (TEEG) program, and the District Awards
for Teacher Excellence (DATE) program. Although this study focuses
on base teacher salary, there is concern that districts participating in
the performance pay programs may alter base salaries in ways that
may impact the baseline model estimates. The motivation behind the
speciﬁcation in column 5 of Table 3 is to avoid confounding the baseline
estimates with the emergence of performance pay programs by
restricting the sample to the years prior to GEEG, TEEG, and DATE. The
results show a larger combined effect for the years prior to the statesponsored performance pay programs: a 0.19 percentage point decrease in turnover for a 1% increase in the salary schedule versus a 0.16 percentage point effect in the baseline model. This result suggests that
the emergence of performance pay programs in 2007 did not signiﬁcantly alter the impact of base pay on teacher turnover. If anything,
performance pay programs appear to dampen the base pay effect.
In addition to the alternative speciﬁcations presented in Table 3, I estimated a number of other alternative speciﬁcations that are not shown
here, but are available on request. I tested whether alternative outside

3
In Texas, collective bargaining is prohibited by public school teachers: Texas
government code 617.002.
4
See Texas education code 21.402 for the legal framework governing the minimum
salary schedule.
5
Texas education code 44.0011.
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Table 4
Turnover and teacher pay, placebo/proxy test.
(1)
basepayjte
basepayj,t,e + 1
basepayote
basepayjt,e-1

(2)
−9.651**
(4.449)
−6.360**
(3.037)
2.543
(2.724)
1.029
(3.038)

(3)

−10.66**
(4.269)
−9.222**
(4.614)
3.848
(2.866)

6.095
(4.246)

basepayj,t-1,e
basepayj,t-1,e-1
Combined effect
F test on placebos
Observations
R-squared

−10.04
(6.151)
−5.338
(3.340)
4.723
(2.958)

−16.01***
50,160
0.333

−19.88***
49,500
0.361

1.599
(4.812)
−15.37**
47,025
0.335

(4)

(5)

−8.912
(6.437)
−8.700*
(4.640)
4.677
(2.987)
−0.489
(3.252)
5.073
(5.150)
−0.397
(5.100)
−17.61**
0.77
47,025
0.335

−8.454**
(4.050)
−7.133**
(3.062)
6.375**
(2.619)
−0.143
(2.727)
2.756
(3.319)
2.391
(3.447)
−15.59***
0.54
47,025
0.462

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors, reported in parentheses, are clustered at the district level. Teacher turnover rate for teachers with a bachelor's degree and experience e
in district titj during year t is the dependent variable. basepayjte is the natural log of teacher contract salary in district j for a teacher with a bachelor's degree and e years of experience in
year t. basepayote is the natural log of teacher contract salary in the district nearest to district j for a teacher with a bachelor's degree and e years of experience in year t. The combined effect
is the sum of the coefﬁcients on basepayjte and basepayjt,e + 1. The row labeled F test on placebos reports the p-value from the joint test that all placebos (basepayjt,e-1, basepayj,t-1,e, and
basepayj,t-1,e-1) are insigniﬁcant. All models include district-by-year FEs, experience-by-year FEs, and experience-by-district FEs. The speciﬁcation in column 5 is weighted by the number
of teachers employed by the district in each year.

district identiﬁers mattered by using the average pay in districts within
a 100-mile radius as the outside pay measure. These models produced
insigniﬁcant results and less precise estimators of the outside pay
effects. I estimated models that use the mode rather than the median
of teacher pay within an experience-year cell to measure the salary
schedule. These models produced nearly identical results when one
imposes additional restrictions to the sample. When the number of
teachers in a district-year-experience cell is small, the nonexistence of
a mode is troublesome, but when the sample is restricted to large
districts, the results using the mode and median largely coincide.
Appendix A Table 10 shows that the baseline results are not overly sensitive to either cell-size weights (number of teachers in a district-yearexperience cell) or district-year weights (number of teachers employed
by the district in the given year). Finally, Appendix A Table 11 shows
that the pay effects persist when the sample is restricted to only tenured
teachers (teachers with three or more years of experience).
The on-the-job search model presented above suggests that prior
cells on a salary schedule do not causally affect current teacher turnover
decisions. As such, prior pay cells cannot be related to current teacher
turnover rates unless they are partially correlated with remaining
time, experience, and district varying unobservables. If one assumes
that prior cells on the salary schedule have a partial correlation with unobservables that is equal to the partial correlation between basepayjte
and unobservables and basepayjt,e + 1 and unobservables, then the coefﬁcients on prior salary cells provide a test for remaining endogeneity
in the baseline estimates (Hendricks, 2013). This test has been labeled
a placebo test and is a special case of the proxy-based bounding
procedure outlined in Hendricks (2013). If the prior cells on the salary
schedule (the placebos) have statistically signiﬁcant impacts when
added to the baseline model, then that suggests that the baseline
model is subject to remaining bias.
Adding prior pay measures to the model may also provide an additional control for changes in teacher composition within a districtyear-experience cell.6 If prior pay is low or high, it will affect prior turnover rates and potentially the composition of teachers who remain
in the current year in that they may differ systematically in their
current-year turnover propensity. As such, prior pay measures may
inﬂuence turnover rates in the current period. Therefore, adding them
to the model also provides a means to test and control for prior changes
in the teacher pool.
6

I thank an anonymous referee for this insight.

In Table 4, I add three prior pay measures to the baseline model:
basepayjt,e-1, basepayj,t-1,e, and basepayj,t-1,e-1. When individually added
to the baseline model (Table 4, columns 1–3), each is statistically insigniﬁcant at conventional levels. When all three placebos are added to the
baseline model, they are jointly and individually insigniﬁcant (Table 4,
column 4) and remain so when the model is estimated with district
weights (Table 4, column 5). These results suggest that the baseline
estimates are not subject to bias from arbitrary omitted variables that
are correlated with both current and prior teacher pay. Also, there is
no evidence that the baseline model is biased by prior retention of a
teacher pool that is more or less likely to turnover in the current period.
A few other potential sources of bias in the teacher pay estimates are
worth mentioning. First, district pay schedules may be determined in
part by anticipated experience-speciﬁc teacher turnover. For example,
district ofﬁcials may anticipate increased turnover among novice
teachers in the future and respond by raising novice teacher pay. This
type of reverse causality is not a major threat to the validity of the results presented here, because it likely biases the results toward ﬁnding
a smaller relationship between teacher pay and turnover. Future salaries may be particularly prone to this bias since district ofﬁcials may
set future salaries in part based on current turnover rates. This could
explain the null effect of future salaries in the alternative speciﬁcations
reported in Table 3.
In states where teacher salaries are collectively bargained, there is a
potentially more serious threat to validity on the other side of teacher
pay negotiations. Larger groups of teachers within an experience-year
cell are likely more inﬂuential in salary negotiations. If these teachers
are also more committed to the district and use their political inﬂuence
to raise their own salaries, this could introduce a spurious negative relationship between teacher pay and turnover. However, as mentioned
earlier, teacher salaries are not collectively bargained in Texas, and
teachers typically do not play any role in the adoption of a new salary
schedule. As a result, this type of endogenous salary determination is
not likely to exist in Texas. Nevertheless, I test for this in Appendix A
Table 12 by adding a covariate measuring the fraction of teachers
employed in an experience-year cell relative to total employment in
the district-year. The addition of this measure of political inﬂuence
does little to change the baseline results, and the variable itself is statistically insigniﬁcant.
A ﬁnal concern is that the median salary (within an experience cell)
may not accurately measure the district salary schedule and may
instead measure changes in teacher composition. For example, the
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median within-experience teacher pay in a district may increase even if
the district did not change its salary schedule. This can occur if most of
the new teachers in the cell receive supplemental base pay for additional college credits, coaching, or other additional duties. These teachers
may also be more attached to the district and less likely to turnover.
This could cause a spurious correlation between pay and turnover by
making it appear as though higher pay reduces turnover when in fact
the negative observed relationship is instead a result of a change in
teacher composition.
The estimates in Appendix A Table 8 provide the opportunity to test
for and mitigate this source of bias. Again, the table reestimates the
baseline model with successive restrictions on the number of teachers
within each experience-year. These restrictions reduce the sample size
but increase the accuracy of measures of the district salary schedule.
The estimates from the restricted samples conﬁrm the main results
already presented, although the point estimates are reduced slightly. It
is not clear whether this reduction stems from the fact that pay effects
are smaller in larger districts or from the elimination of bias caused by
changes in teacher composition. In either case, the results suggest that
bias caused by changes in teacher composition is too small to alter this
study's main ﬁndings.
Overall, the best estimates of the average causal effect of teacher pay
on turnover is –0.16 percentage points for a 1% increase in each cell on
the salary schedule. At the mean (unweighted) turnover rate of 11.9,
this estimate translates to an elasticity of –1.4. However, this is an average pay effect, which assumes that the impact of a change in teacher pay
is homogeneous across teacher experience, subject taught, and gender.
This may not be the case if teachers differ along these attributes in terms
of outside opportunities, teacher–school match quality, or household
production responsibilities. In the next two tables I reestimate the baseline model but allow the pay effects to vary across these teacher
characteristics.
The estimates in Table 5 modify the baseline model in two ways to
allow base pay to have marginal effects that vary with teacher experience. In models 1 and 2 of Table 5, base pay is interacted with experience bins to allow for differing marginal effects by teacher experience
without imposing a functional form on the effects. Model 1 presents
results when 6 experience bins are used, and model 2 uses 10 experience bins. In both models, basepayjte, basepayjt,e + 1 and basepayote
are interacted with experience bin dummies. The combined effects
reported in the table represent the sum of the coefﬁcients on basepayjte
and basepayjt,e + 1 within each experience bin. Model 3 allows the
marginal effects of base pay to vary with experience by interacting
basepayjte, basepayjt,e + 1, and basepayote with experience and experience squared. The combined effects in model 3 represent the sum of
the coefﬁcients on basepayjte and basepayjt,e + 1 in the level form and
each interaction (basepay*exper and basepay*exper2). Model 3 represents a more restrictive model in that it ﬁts a functional form to the
marginal effects, while models 1 and 2 estimate heterogeneous effects
more ﬂexibly but with potentially less precision.
The results in Table 5 suggest that a 1% increase in basepayjte and
basepayj,t,e + 1 reduces turnover among teachers with 0–4 years of
experience by about 0.24 percentage points (Table 5, model 1 and
model 2). The pay effect declines rapidly with experience thereafter.
The effect among teachers with 6–7 years of experience is about
0.16 percentage points for a 1% increase in pay (Table 5, model 2). For
teachers with 8–11 years of experience the pay effect persists and is
about 0.09 percentage points for a 1% increase in pay (Table 5, model
1 and model 2). Among teachers with 12 or more years of experience,
the pay effects are statistically indistinguishable from zero, although
the coefﬁcient estimates are still negative and converging to zero as
experience increases.
Overall the results in models 1 and 2 suggest large pay effects on
turnover for relatively new teachers. The pay effects dissipate with
additional years of experience and disappear around 19 years of experience. The more restrictive but more precise estimates in model 3 largely

Table 5
Turnover and teacher pay, heterogeneity by experience.
Experience

Base pay comb. effect

Model 1: 6 experience bins
0–2
3–5
6–8
9–11
12–15
16–19

basepayote

−23.64***
−23.82***
−14.51***
−9.23*
−8.02
−4.05

−0.91
7.88**
5.64
−1.24
0.56
2.74

Model 2: 10 experience bins
0–1
2–3
4–5
6–7
8–9
10–11
12–13
14–15
16–17
18–19

−28.32***
−19.79***
−24.04***
−16.43***
−9.16*
−10.18*
−9.42
−7.25
−8.92
0.80

3.99
−3.80
8.22*
4.87
3.35
−3.55
1.43
−1.44
−4.16
8.95

Combined effect

Combined effect

Model 3: ﬁtting a ﬂexible functional form
basepay
−25.50***
(3.76)
basepay*exper
1.30***
(0.31)
basepay*exper2

−26.41***
(5.39)
1.73
(1.38))
−0.024
(0.068)

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors are clustered at the district level.
Number of observations is 52,800 in all models. Teacher turnover rate for teachers with
a bachelor's degree and experience e in district j during year t is the dependent variable.
All models include district-by-year FEs, experience-by-year FEs, and experience-bydistrict FEs. Models 1 and 2 are the baseline model with basepayjte, basepayjt,e + 1 and
basepayote interacted with experience bin dummies. The combined effect is the sum of
the coefﬁcients on basepayjte and basepayjt,e + 1 for each experience bin interaction.
The 1st column of model 3 is the baseline model but adds the following interactions:
basepay jte *experience, basepayjt,e + 1 *experience, and basepay ote *experience. The
2nd column of model 3 adds interactions with experience squared. The combined effects in model 3 are the sums the coefﬁcients on basepayjte and basepayjt,e + 1 for the
levels and the interactions with experience and experience squared.

conﬁrm this result. Model 3 suggests that the pay effect for new
teachers is about 0.25 percentage points for a 1% increase in pay,
and the effect decreases by 0.013 percentage points for each additional year of experience. These results suggest that pay increases
have no impact on turnover rates for teachers with more than 19 or
20 years of experience.
Since there are fewer teachers at higher experience levels, one may
suspect that these results could be driven by larger measurement
error in base pay for teachers with more experience. However, the
results in Appendix A Table 9 suggest that is not the case. As the sample
is restricted to larger districts, which again reduces noise in the base pay
measures, the results are largely unchanged.

Table 6
Turnover and teacher pay, heterogeneity by subject.

Comb. effect
Turnover (%)
Elasticities

Math

Science

Self-cont.

English

Other

−12.73**
14.5
−0.88

−17.87***
14.6
−1.23

−14.48***
11.5
−1.26

−21.20***
13.5
−1.57

−17.18***
13.5
−1.28

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors are clustered at the district level. Results
produced from a single regression. N = 131,885 district by year by experience by subject
observations. Teacher turnover rates by experience e, district j, year t, and subject s is the
dependent variable. The combined effect is the sum of the coefﬁcients on basepayjte and
basepayjt,e + 1. All models include district-by-year FEs, experience-by-year FEs,
experience-by-district FEs, subject by year FEs, subject by district FEs, and subject by experience FEs. Regression also includes base pay in nearest outside district interacted with
subject.
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basepayote*women
basepayote*men
Observations
R-squared
Combined effect men
Combined effect women
F-test: combined effects equal
F-test: outside dist. effects equal
Combined effect elasticity men
Combined effect elasticity women

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors are clustered at the district level.
Teacher turnover rates by experience, district, year, and gender is the dependent
variable. The combined effect is the sum of the coefﬁcients on basepay jte and
basepayjt,e + 1 within gender. All models include district-by-year FEs, experience-byyear FEs, experience-by-district FEs, gender-by-year FEs, gender-by-district FEs, and
gender-by-experience FEs. The table reports p-values from F-tests of gender equality.
The elasticities were calculated using the mean turnover rates in each sample by gender.

In terms of elasticities, the pattern of diminishing marginal effects of
base pay is similar. Elasticities are largest (in absolute value) for less experienced teachers, around –1.3 to –1.4, and they increase slightly in
the ﬁrst few years. After 7–8 years of experience, elasticities decline
rapidly and converge to zero at around 19–20 years of experience.
These results suggest that not only are pay effects larger in absolute
terms for less experienced teachers, but they are also larger in relative
terms.7
With regard to the impact of outside district pay, only teachers with
3–5 years of experience show a statistically signiﬁcant response. In
model 1, the coefﬁcient on outside pay for teachers with 3–5 years of
experience is 7.88, which is signiﬁcant at the 5% level. Also, in model
2, the coefﬁcient on outside pay for teachers with 4–5 years of experience is 8.22 and is signiﬁcant at the 10% level. All other outside pay coefﬁcients are insigniﬁcant in both models. The results imply that a 1%
increase in pay in the nearest outside district would increase turnover
in the incumbent district by about 0.08 percentage points among
teachers with 3–5 years of experience. This result is interesting in that
it suggests that teachers who have recently gained tenured status8 are
more apt to transfer to a higher paying outside district than are other
teachers. This may imply that some teachers stay in their current district
so that they may gain tenure status, and once that status is gained, they
look to switch to higher-paying districts.
Why are less experienced teachers more responsive to changes in
pay? Prior research offers a few explanations. The quality of the
teacher–school match may be higher for more experienced teachers
(Jackson, 2010). Therefore, more experienced teachers may be reluctant
to break a quality match regardless of the pay they receive. Pay for more
experienced teachers may be high relative to the distribution of outside
offers so that few experienced teachers are likely to conduct a search.
7

This result is contrary to what was reported in Clotfelter 2008, but this may be a result
of their differing research design. They suggest that the larger relative effects they ﬁnd for
more experienced teachers may be driven by the fact that the within district bonuses may
be effective in reducing within district turnover of more experienced teachers but less effective in reducing the incentive to leave teaching altogether, which is a relatively popular
choice for less experienced teachers.
8
In Texas, teachers earn tenure after their third year of teaching: Texas Education Code
21.102.

.15

basepayjt,e + 1*men

−8.689*
(5.038)
−4.507
(7.714)
−6.989
(4.605)
−12.77
(9.500)
7.007
(4.164)
7.631
(5.721)
19,840
0.355
−17.28***
−15.68***
0.64
0.88
−1.57
−1.50

.1

basepayjt,e + 1*women

(2)

−13.77***
(3.925)
−10.69
(6.824)
−4.317
(3.670)
−9.241
(6.916)
2.504
(3.477)
6.846
(4.144)
94,688
0.188
−19.93***
−18.09***
0.59
0.20
−1.40
−1.52

.05

basepayjte*men

(1)

0

basepayjte*women

Raising their pay will therefore do little to alter their search behavior
and turnover propensity. Experienced teachers may be less inclined to
search based on a longer history of unsuccessful search outcomes. Alternatively, more experienced teachers may have remained in teaching
longer because they enjoy the nonpecuniary aspects of the job and
would remain committed regardless of pay. Finally, because of the
back-loaded nature of teacher retirement plans, the cost of turnover in
terms of lost retirement beneﬁts is higher for more experienced teachers
(Costrell and Podgursky, 2010; Costrell and Podgursky, 2009).
Table 6 presents estimates of the baseline model but allows the base
pay effects to vary by the teacher's subject taught. The sample used in
the regression contains 131,885 district-by-year-by-experience-bysubject observations. This is a subsample of what was used to estimate the baseline model, which includes 52,800 district-by-yearby-experience observations. The sample used in Table 6 is restricted
to the 26,377 district-by-year-by-experience observations for which
there is at least one teacher employed in each of the 5 subject categories
(so that the turnover rate is observed). Therefore, the sample contains
26,377 district-by-year-by-experience observations across 5 subject
categories. In Table 6, I present the combined effects of basepayjte and
basepayjt,e + 1 interacted with a subject dummy. Also, the model includes base pay in the nearest outside district interacted with subject
dummies, and district-by-year FEs, experience-by-year FEs, experienceby-district FEs, subject by year FEs, subject by district FEs, and subject
by experience FEs.
The results suggest fairly uniform effects of base pay changes across
subjects. Teachers in all subjects respond to base pay increases, and the
effects are about the same as we observe on average. A 1% increase in
pay results in about a 0.16 percentage point decrease in turnover.
None of the effects across subject are statistically distinguishable from
the others at conventional signiﬁcance levels. Also, although the average
turnover rates vary across subjects (last row of Table 6), the elasticity of
the pay effect is relatively stable at around –1.3. The estimated elasticity
for math teachers is lower, but again the effects are not statistically
different across subjects.
Table 7 presents estimates of the baseline model but allows the base
pay effects to vary by gender. The sample used in column 1 contains
94,688 district-by-year-by-experience-by-gender observations and
is restricted to the district-by-year-by-experience observations
for which there is at least one teacher employed from each gender.
The sample used in column 2 is more restrictive in that it is limited
to the 31 districts that employ both male and female teachers in all
experience-year cells (years 1996–2011 and experience 0–20). The
table reports interactions between base pay (in the current and outside district) and gender dummies and combined effects by gender.
Also, the model includes district-by-year, experience-by-year,

relative student test score gains in std. dev

Table 7
Turnover and teacher pay, heterogeneity by gender.
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Papay Kraft (2012) 4-8 math
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Papay Kraft (2012) 4-8 read

Fig. 4. Productivity–experience proﬁles in the literature.
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experience-by-district, gender-by-year, gender-by-district, and
gender-by-experience ﬁxed-effects.
The point estimates in Table 7 suggest that men are slightly more
responsive to pay increases relative to women. For a 1% increase in the
salary schedule male turnover rates decrease by 0.17 to 0.19 percentage
points versus 0.16 to 0.18 percentage points for women. However, this
difference is not statistically signiﬁcant. Also, given that male turnover
rates are higher in each sample (14.22 vs. 11.92 in column 1 and 10.98
vs. 10.42 in column 2), the relative impacts of pay across gender appear
to be uniform. Using these mean turnover rates, male and female turnover elasticities are comparable around –1.5 in each sample. Overall,
these results suggest that while men are slightly more likely to turnover
in a given period, they are not measurably more responsive to changes
in pay.

.1
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5. Implications for student achievement and policy
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than the proﬁle for teachers who remain in the district for at least
2 years, shown in Figs. 4 and 5.
Papay & Kraft (2011) test this possible source of bias by comparing
initial growth rates of teachers who remain in the district to teachers
who eventually leave. They ﬁnd no evidence that teachers who stay
have differing growth trajectories than teachers who leave. This suggests that if we were to retain these teachers through higher pay, they
would improve in productivity over their career in a manner similar to
what is illustrated in Figs. 4 and 5. By combining this average proﬁle
with the experience-speciﬁc marginal effects of base pay on turnover
provided in Table 5 (model 3 in column 1), I am able to simulate the impact of alternative salary schedules on student performance.
To give the simulation traction, I assume that the distribution of
teachers in Table 1 represents the steady-state distribution of a representative district over the sample period. As such, I assume that the original turnover rates (absent a policy change) for each experience cell are
given in Table 1. I also assume that the district size remains constant for
all time periods, so that the district employs 770 teachers in each period.
When teachers leave the district, I assume that they are replaced with
random draws from the distribution of new hires illustrated in Fig. 6.
This distribution follows from the turnover rates and teacher distribution shown in Table 1 and the steady-state assumption.
Fig. 6 shows the distribution of experience among teachers who
leave the district in a given period and the new teachers who replace
them. From the distributions shown one can see that when a teacher
leaves the district, the average teacher hired to replace her is likely to

0

In terms of policy, the results presented here suggest that subject
speciﬁc base pay changes are not likely to perform better in terms of
reducing turnover rates relative to broader base pay changes that
apply to teachers of all subject areas. However, the results imply that
base pay increases that are targeted to less experienced teachers
would be more cost effective in reducing turnover than general pay increases. Also, a ﬂat salary schedule in which teachers make the same salary regardless of experience would perform better in terms of retaining
teachers than the typical salary schedule which awards pay increases
for each year of experience. Below, I discuss the implications for student
achievement growth if districts were to shift their salary schedule
through base pay increases, adopt a ﬂatter schedule, or do both.
Before I can link teacher pay to student achievement, I ﬁrst provide a
brief summary of what we know about the relationship between teacher experience and student achievement. There is a large amount of literature and consensus on this topic. The evidence suggests that teachers
improve with experience, in terms of their value-added to student performance on standardized exams. Fig. 4 shows the relationship between
teacher experience and student achievement gains on standardized
exams reported in three studies: (Harris and Sass 2011; Papay & Kraft
2011, Rockoff, 2004). For each proﬁle, Fig. 4 indicates the grade levels
and subject area for which the proﬁle was estimated.
The vertical axis reports the difference in average student gains on
exams for a teacher with experience reported on the horizontal axis relative to what those students would be expected to gain had they been
assigned to a ﬁrst-year teacher. The differences are reported in terms
of standard deviations. Each study reveals a similar experience–
productivity proﬁle. Teacher performance improves dramatically in
the ﬁrst 4 years of teaching and then levels off in subsequent years.
The average of these proﬁles is illustrated in Fig. 5. The average proﬁle
suggests that a student assigned to an experienced teacher (4+ years
of experience) gains, on average, 0.08 standard deviations more over
the school year than she would gain had she been assigned to a new
teacher.
It is important to note that these studies estimate within-teacher
productivity proﬁles, in that they show the expected productivity
gains of an individual teacher over her career. This is important because
the productivity growth illustrated in Figs. 4 and 5 is not a result of correlation between ﬁxed teacher quality and experience, since their
models include teacher ﬁxed-effects. Therefore the proﬁle is not simply
the result of attrition by less able teachers, but rather average productivity gains by the typical teacher.
One concern for bias in these proﬁles, however, is that the sample is
not a random draw of all teachers. These proﬁles are identiﬁed using
teachers that have more than one productivity (value added) observation, and as such the sample is restricted to teachers who continue to
teach for more than 1 year. In the context of this study, we want to
know the productivity proﬁle for all teachers, which could be different
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Fig. 6. Distributions of teachers who leave and new hires.
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be less experienced. In fact, the distributions suggest that the average
teacher who leaves the district has 6.2 years of experience and is replaced by a teacher with, on average, 1.8 years of experience. In terms
of productivity, this suggests that each time a teacher is lost to turnover,
on average, each student that will be taught by her replacement will
gain 0.015 standard deviations less in achievement over the school
year relative to what he or she would have gained had the incumbent
teacher been retained.
Given this beneﬁt of retention, I examine four pay policies that may
inﬂuence retention and student achievement: maintaining the original
salary schedule given in Table 1, awarding a 5% salary increase so that
each cell on the schedule is increased by 5%, adopting a ﬂat salary schedule that has the same total payroll next period as the original schedule,
and combining the 5% pay increase with a ﬂat schedule. The total payroll
in the policy that combines the ﬂat schedule and 5% increase is the same
as the schedule with the 5% pay increase. Fig. 7 shows each of the four
salary schedules examined in the simulation.
Using the estimated marginal effects of pay on turnover rates shown
in Table 5, model 3, I simulate the effects of these salary schedules on
student achievement growth. Throughout the simulation, I assume
that the distribution of new hires does not change with the salary schedule. By doing so, I focus on the retention effects of a salary schedule
change and ignore any selection effects. A salary increase (an upward
shift in the salary schedule) likely improves the distribution of new district hires by attracting more experienced teachers to the district and
potentially attracting teachers with a higher ﬁxed ability. Since I ignore
these potential beneﬁts in the simulation, these results can be viewed as
lower bounds. I leave a thorough investigation of these potential selection effects to future research.
Fig. 8 illustrates the effect of each policy on average teacher valueadded over a 30 year period. If the district maintains its original salary
schedule, then the distribution of teachers in the district does not
change and teacher productivity remains constant. With this policy, relative teacher value-added is 0.067, which implies that the average
teacher in the district adds 0.067 standard deviations more to student
achievement than a ﬁrst-year teacher. Paying teachers more does have
a payoff, although the effects are small. A 5% increase in the salary
schedule improves average teacher value-added by 0.0005 standard
deviations within 3 years and 0.0007 within 10 years. This additional
productivity is roughly equivalent to what the average teacher
gains annually in value-added between her ﬁfth and seventh year
of experience.
Adopting a ﬂatter salary schedule also improves teacher productivity slightly, and by extension student performance. By combining a 5%
salary increase with a ﬂat schedule, the district further increases
average teacher value-added.

average relative teacher value-added
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Fig. 8. Policy effects: teacher value added.

This simulation suggests that there is a payoff in terms of retention
effects if the district pays teachers more. There also may be a payoff
for adopting a ﬂat salary schedule, although there is a risk that the ﬂat
schedule would have a negative impact on the distribution of new district hires, in that they would be less experienced on average. There is
also a risk that a ﬂat schedule would reduce teacher morale and effort,
particularly among veteran teachers. If this occurs, the positive retention effects of adopting a ﬂat schedule could be erased.
The overall impact of increasing the salary schedule, although shown
to be positive here, is likely to be larger than the simulation suggests.
This simulation captures only retention effects of a pay increase. In addition to retaining more experienced teachers, a pay increase is likely
to improve the distribution of new teacher hires (a selection effect), improve teacher morale and, by extension, potentially increase teacher
productivity. Also, raising teacher pay reduces teacher turnover, which
has been shown to have positive effects on student achievement beyond
its impact on teacher experience (Ronfeldt et al., 2013).

6. Conclusion
This study shows ﬁve major results. First, it provides robust evidence
that an increase in base teacher pay reduces teacher turnover. The overall elasticity is about –1.4. Second, the pay effect is largest for less experienced teachers, decreases with experience, and disappears once a
teacher reaches about 19 years of experience. Third, the teacher pay
effect does not vary substantially across the teacher's subject taught or
gender. Fourth, by increasing teacher pay, districts will likely see an
improvement in student performance because the average experience
of teachers will increase. Finally, a ﬂat salary schedule performs well
in terms of retaining a more productive distribution of teachers. If
a ﬂat schedule does not alter the distribution of new teacher hires
and does not inﬂuence the effort choices of veteran teachers, then
adopting a ﬂat schedule may be a cheap way to improve student
achievement.
This study focuses on the retention effects of teacher pay policies. To
better understand the overall impact of teacher pay on student achievement, researchers should attempt to estimate the effect of teacher pay
on teacher selection and effort. It is likely that higher pay will also improve student performance through these mechanisms, but evidence
on this is scarce. A better understanding of these mechanisms will also
help us predict the overall effects of adopting a ﬂat salary schedule
which, based on retention effects alone, appears to be an effective
policy.

62

M.D. Hendricks / Journal of Public Economics 109 (2014) 50–63

Appendix A

Table 11
Baseline results when sample is restricted to tenured teachers only.

Table 8
Sensitivity of baseline results to sample restrictions.
(1)

(1)
−8.354**
(4.151)
basepayjt,e + 1
−5.285
(3.334)
basepayote
2.920
(2.968)
Cell size restriction
None
Experience restriction exper ≥3
Observations
44,880
Num. of districts
165
Combined effect
−13.64***
R-squared
0.291
basepayjte

(2)

Sample restriction

Combined effect

Combined effect

Obs.

Districts

Full sample
min cell size 5
min cell size 10
min cell size 15
min cell size 20
min cell size 25
min cell size 30
min cell size 35
min cell size 40
Fixed effects

−24.36***
−23.84***
−22.35***
−22.10***
−23.70***
−24.94***
−27.43**
−20.28**
−20.34**
dist, year, exper

−16.08***
−12.53***
−13.95***
−11.58**
−11.08***
−12.08***
−9.691**
−10.99**
−8.286
dist-by-year,
exper-by-year,
dist-by-exper

52,800
19,200
12,800
8640
5120
4160
2880
1920
1600

165
60
40
27
16
13
9
6
5

*** p b 0.01, ** p b 0.05, * p b 0.1. Teacher turnover rate for teachers with a bachelor's
degree and experience e in district j during year t is the dependent variable. Min cell size
refers to the minimum number of teachers employed in an experience-year cell for a
district. For example, the sample in the row denoted “min cell size 5” is restricted to the
60 school districts that employed at least 5 teachers in each experience-year cell over
the period 1996–2011. The combined effect is the sum of the coefﬁcients on basepayjte
and basepayjt,e + 1. Each combined effect estimate is from a separate regression. The combined effects reported in column (1) include only district, year, and experience ﬁxedeffects, while the combined effects reported in column (2) include district-by-year,
experience-by-year, and district-by-experience ﬁxed effects.

(1)

(2)

(3)

(4)

(5)

0–2
3–5
6–8
9–11
12–15
16–19
Cell size restriction
Observations
Num. of districts

−23.64***
−23.82***
−14.51***
−9.228*
−8.022
−4.052
None
52,800
165

−26.47***
−24.13***
−11.42**
−12.56***
−8.123*
−9.410*
min ≥3
27,840
87

−31.41***
−26.62***
−18.12***
−11.78**
−2.542
−7.769
min ≥7
15,360
48

−36.44***
−26.53***
−20.85***
−11.90**
−4.157
−6.598
min ≥11
11,520
36

−28.48***
−25.23***
−17.33**
−6.749
−0.300
−1.394
min ≥15
8640
27

*** p b 0.01, ** p b 0.05, * p b 0.1. Teacher turnover rate for teachers with a bachelor's
degree and experience e in district j during year t is the dependent variable. All models
include district-by-year FEs, experience-by-year FEs, and experience-by-district FEs. Estimates are from the baseline model with basepayjte, basepayjt,e + 1 and basepayote interacted
with experience bin dummies. The results shown are the sum of the coefﬁcients on basepayjte
and basepayjt,e + 1 for each experience bin interaction. Each column represents a stronger
sample restriction on the minimum number of teachers employed within a district-yearexperience cell.

Table 10
Sensitivity of baseline results to weights.

basepayote
Combined effect
R-squared
Weights

(4)

(5)

−2.652
(3.108)
−9.278***
(3.291)
3.009
(3.256)
min ≥7
exper ≥3
13,056
48
−11.93***
0.559

−2.245
(4.045)
−9.638**
(3.663)
3.940
(3.919)
min ≥11
exper ≥3
9792
36
−11.88***
0.583

Table 12
Sensitivity of baseline results to measure of political inﬂuence.
(1)

Experience

basepayjt,e + 1

(3)
−6.322
(3.947)
−2.016
(3.969)
3.385
(2.965)
min ≥5
exper ≥3
16,320
60
−8.338**
0.510

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors, reported in parentheses, are clustered
at the district level. Teacher turnover rate for teachers with a bachelor's degree and
experience e in district j during year t is the dependent variable. basepayjte is the natural
log of teacher contract salary in district j for a teacher with a bachelor's degree and e
years of experience in year t,basepayjt,e + 1 is the natural log of teacher contract salary in
district j for a teacher with a bachelor's degree and e + 1 years of experience in year t,
basepayote is the natural log of teacher contract salary in the district nearest to district j
for a teacher with a bachelor's degree and e years of experience in year t. The combined
effect is the sum of the coefﬁcients on basepayjte and basepayjt,e + 1. All models include
district-by-year FEs, experience-by-year FEs, and experience-by-district FEs.

Table 9
Sensitivity of experience heterogeneity results to sample restrictions.

basepayjte

(2)
−9.981**
(4.402)
−2.292
(4.142)
6.006**
(2.931)
min ≥3
exper ≥3
23,664
87
−12.27***
0.418

(1)

(2)

(3)

−9.949**
(3.922)
−6.134*
(3.160)
2.077
(2.612)
−16.08***
0.358
None

−5.887**
(2.664)
−6.688***
(2.222)
3.085
(2.342)
−12.57***
0.484
District-year

−5.889**
(2.589)
−7.351***
(2.507)
−0.165
(2.155)
−13.24***
0.574
Cell-size

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors, reported in parentheses, are clustered at
the district level. Teacher turnover rate for teachers with a bachelor's degree and experience e
in district j during year t is the dependent variable. basepayjte is the natural log of teacher
contract salary in district j for a teacher with a bachelor's degree and e years of experience
in year t, basepayjte,e + 1 is the natural log of teacher contract salary in district j for a
teacher with a bachelor's degree and e + 1 years of experience in year t, basepayote is the
natural log of teacher contract salary in the district nearest to district j for a teacher with a
bachelor's degree and e years of experience in year t. All models include 52,800 district-byyear-by experience observations: 165 districts, 16 years (1996–2011), and 20 experience
levels (0–19). The combined effect is the sum of the coefﬁcients on basepayjte and
basepayjt,e + 1. All models include district-by-year FEs, experience-by-year FEs, and
experience-by-district FEs.

basepayjte
basepayjt,e + 1
basepayote

(2)
−9.949**
(3.922)
−6.134*
(3.160)
2.077
(2.612)

Share of teachers in cell
Observations
R-squared
Combined effect

52,800
0.358
−16.08***

−9.904**
(3.934)
−6.026*
(3.150)
2.109
(2.602)
−2.295
(3.264)
52,800
0.358
−15.93***

*** p b 0.01, ** p b 0.05, * p b 0.1. Standard errors, reported in parentheses, are clustered
at the district level. Teacher turnover rate for teachers with a bachelor's degree and
experience e in district j during year t is the dependent variable. basepayjte is the natural
log of teacher contract salary in district j for a teacher with a bachelor's degree and e
years of experience in year t,basepayjt,e + 1 is the natural log of teacher contract salary in
district j for a teacher with a bachelor's degree and e + 1 years of experience in year t,
basepayote is the natural log of teacher contract salary in the district nearest to district j
for a teacher with a bachelor's degree and e years of experience in year t. The combined
effect is the sum of the coefﬁcients on basepayjte and basepayjt,e + 1. All models include
district-by-year FEs, experience-by-year FEs, and experience-by-district FEs.
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