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Teacher quality is an important determinant of the distribution of student achievement. Re-
searchers have documented considerable cross-sectional variation in the quality of even novice
teachers, but this variation is not well-explained by teachers’ observable characteristics. Al-
though the determinants of teacher quality are not yet well understood, researchers have
documented the effects of output-based incentives on teacher quality and substantial growth
in teacher quality over teachers’ careers. I combine classic human capital and asymmetric
information frameworks to develop an estimable dynamic model of teacher quality. Teacher
human capital may be generated by on-the-job investments and/or by learning-by-doing. The
model allows for variation in teachers’ initial human capital (hidden types) as well as for teachers
to make unobserved effort inputs (hidden actions). I then estimate the model using experimental
variation from Muralidharan and Sundararaman (2011), a teacher incentive pay experiment
in Andhra Pradesh. Preliminary results indicate that hidden human capital types explain the
lion’s share of quality variation, and that on-the-job investments are responsible for the majority
of teacher quality growth. Under the incentive scheme in Muralidharan and Sundararaman
(2011), the increase in teacher quality that took place during the intervention is attenuated by

the reduction in future quality.
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1. Introduction

Teacher quality, typically measured by a teacher’s value added to student achievement, is an
important determinant of student achievement and economic growth (Rivkin, Hanushek, and
Kain 2005; Hanushek 2011; Chetty, Friedman, and Rockoff 2014). While the research and policy
focus has typically been on cross-sectional variation in teacher quality, which is largely modeled
as unobserved heterogeneity, researchers have also documented substantial growth in quality
over teachers’ careers (Harris and Sass 2011; Wiswall 2013; Papay and Kraft 2015).

While the growth in quality over teachers’ careers is clearly important, little is known about
why it occurs. Economists have developed two main theories to explain how workers accumulate
human capital, which is then used to produce output: On-the-Job Training (OJT) and Learning-by-
Doing (LBD). In the pure OJT model, workers (in the current application, this will be teachers)
allocate work hours away from production (here, classroom teaching) to invest in their human
capital (here, teachers’ formal or informal professional development).! Notably, the pure OJT
model implies a tradeoff between current and future production because of the multitask problem
(Holmstrom and Milgrom 1991). No such tradeoff is necessarily present under the pure LBD
model, wherein workers accumulate human capital simply by producing output (i.e., classroom
teaching).?

Given the importance of teacher human capital accumulation, it is important to distinguish
between OJT and LBD. Unfortunately, the relative importance of these forces in determining
teacher quality is unknown. Policies that provide incentives for teachers to augment their
human capital could be more effective policy instruments than those currently popular among
researchers and policymakers, which operate via selection of more productive teachers by
selecting better “hidden types” (Rivkin, Hanushek, and Kain 2005; Hanushek 2011) or introduce
performance-based incentive pay schemes, which explicitly incentivize teachers to increase
student achievement by eliciting higher levels of “hidden actions” from teachers (Muralidharan
and Sundararaman 2011; Barlevy and Neal 2012). For example, if OJ T is important, a performance-
based incentive pay scheme could result in an overall reduction of student achievement—even if
it increased current achievement. This is because teachers’ work hours would be diverted from
human capital investments, reducing future teacher quality and thus reducing the achievement
of future cohorts of students.

Prior empirical research has adopted “either-or”, or “pure”, specifications, only allowing
for either OJT or LBD as the force generating human capital. As noted by Killingsworth (1982),
there are few general testable implications of OJT vs. LBD models. This can largely be attributed

to a lack of the right data. Intuitively, separating these forces requires a factor that differentially

ISee Becker (1962) and Ben-Porath (1967). For an example of an OJ T-intensive job, consider being a student in
school.

2See Weiss (1972), Killingsworth (1982), and Shaw (1989). For an example of a LBD-intensive job, consider “chicken
sexing”, where workers develop an ability to determine the sex of baby chickens through their experience sorting
chicks (McWilliams 2018).



affects the returns to investing in one’s own human capital for different workers. It may not
be surprising then, that attempts to distinguish between the OJT and LBD models have been
hampered by equilibrium re-adjustments that occur in private employer-employee contexts
(Rosen 1972; Heckman, Lochner, and Cossa 2002).

In this paper, I develop and estimate a structural model of teachers’ life-cycle human capital
accumulation, which nests the “either-or” OJT and LBD specifications used by prior researchers.
The model also features unobservable heterogeneity in human capital initial conditions (hidden
types) and unobserved time allocation choices (hidden actions), all in one coherent framework.?
A structural approach is necessary to answer many important policy questions about the design
of alternative teacher remuneration schemes without having to conduct innumerable experi-
mental interventions, which are costly in terms of money and crucially, given the importance
of teacher quality, the lag time until results are collected. In particular, the model allows for the
two types of asymmetric information about teacher quality considered in the literature, hidden
types (“adverse selection”) and hidden actions (“moral hazard”).

I estimate the model using data from Muralidharan and Sundararaman (2011), a teacher
pay-for-performance experiment. Experimental introduction of performance-based pay for
teachers provides the needed variation in returns to human capital investments. Further, labor
prices are often fixed in the education sector (e.g., teachers are typically paid according to public
salary schedules*) and worker-specific output is observed by researchers, even if noisily so (i.e.,
teacher value added), making teacher quality trajectories a particularly attractive context for
discriminating between OJT and LBD forces.

This paper yields several important substantive contributions about the nature of teacher
quality and the design of teacher payment contracts. First, I use a nested framework to quantify
the importance of OJT and LBD components to human capital accumulation. In the likely case
that both OJT and LBD are present, “either-or” models would necessarily be misspecified, under-
or overstating the roles played by the forces. This would lead to incorrect policy guidance, so
the results will be directly useful to policymakers seeking to increase student achievement
with limited resources. Further, because this has not been done for any type of worker, this
contribution is even more useful because the model could also be adapted for other applications.

This paper also provides a quantitative understanding of the relative importance of the
two types of asymmetric information potentially underlying teacher quality: hidden types (i.e.,
“adverse selection”) and hidden actions (i.e., “moral hazard”). This emerges naturally from
the structural model developed to understand the dynamics of teacher quality, yet is novel
and of considerably policy importance. For example, screening for more effective teachers (as

3In the contract theory literature, models with “hidden actions” may generate “moral hazard”. While models with
“hidden types” are capable of generating “adverse selection”, I use the former term because I do not model selection
into teaching. That being said, the distribution of hidden types will naturally affect the optimal reimbursement
contract.

*See Podgursky and Springer (2011) for an extensive discussion of this point.



proposed by Hanushek 2011) is the appropriate type of mechanism if most of the asymmetric
information about teacher quality is immutable (derived from hidden types), but output-based
incentive pay will likely be more effective in the presence of unobserved effort inputs (i.e.,
hidden actions). Because both are likely present (see the discussion of Dinerstein and Opper
2022, below) it is important to understand the relative importance of these types of asymmetric
information.

This paper also brings new evidence to the debate about the relative magnitudes of early
and late-career growth in teacher quality. Recent research finding growth throughout teachers’
careers (Harris and Sass 2011; Wiswall 2013; Papay and Kraft 2015) has relaxed functional form
assumptions made by earlier research (see, e.g., Rivkin, Hanushek, and Kain (2005) or the
summary in Hanushek and Rivkin (2006)), which typically found little evidence of growth
beyond the first few years of a teacher’s career. This debate may persist, however, because the
findings are based on observational, not experimental, data. By using exogenous variation in
incentives to invest in human capital (generated by the pay-for-performance experiment), this
paper can provide credible estimates of the average growth in teacher quality over teachers’
careers. Another substantive contribution made possible by this paper’s innovative methodology
is to quantify heterogeneity in growth rates of teacher quality. While such heterogeneity would be
difficult to measure in the statistical frameworks used by prior literature, it emerges naturally
from this paper’s theoretical framework: If teachers possess differing levels of initial human

capital, they should also face different incentives to invest in their human capital.

Most relevant literature

This paper builds on a rich literature measuring changes in teacher quality over their careers,
notably Hanushek and Rivkin (2006), Wiswall (2013), and Papay and Kraft (2015). Conceptually,
the most closely related work is the spare literature seeking to understand the importance of OJT
and LBD in generating human capital for workers more generally, namely Heckman, Lochner,
and Cossa (2002) and Blandin (2018). Both papers develop and estimate/calibrate quantitative
lifecycle models allowing for either OJT or LBD; neither allows for both forces in a nested
framework.®

This paper is also closely related to some recent work using models to better understand
teacher quality dynamics. Dinerstein, Megalokonomou, and Yannelis (2022) use administrative
variation in teachers’ wait time until receiving job assignments and a production model to
estimate teacher human capital depreciation and returns to experience for Greek teachers,
assuming a linear, time-invariant relationship between experience and achievement. Linearity
may be reasonable in their setting because most teachers in their data have fewer than five years

SThis paper is also related to work using structural models to study human capital accumulation using either pure
OJT models (see, e.g., Brown 1976; Haley 1976; Heckman 1976; Heckman, Lochner, and Taber 1998; Taber, Seshadri,
and Fan 2024; Fu, Lin, and Tanaka 2021) or pure LBD models (see, e.g., Blinder and Weiss 1976; Shaw 1989; Imai and
Keane 2004).



of experience, so the estimates summarize early-career effects rather than a full lifecycle profile.
Also closely related is Dinerstein and Opper (2022), who study the effect of screening policies
on teacher quality, within a novel multitasking framework where teachers are characterized by
fixed, two-dimensional, types, which measure the returns to effort on targeted and untargeted
tasks. Finally, Mehta (2025) develops a partial identification approach that leverages follow-up
data from a teacher incentive pay experiment in Kenya (Glewwe, Ilias, and Kremer 2010) to yield
qualitative findings about the importance of OJT investments and LBD in generating teacher
human capital. The current paper goes beyond simple estimation of the technology of human
capital accumulation by estimating a behavioral model, which can be used to predict responses
to compensation scheme changes as well as allow for normative analysis.

A small but substantively important set of papers examines other channels underlying
teachers’ improvement over their careers. Ost (2014), which measures the returns to teachers’
general and grade-specific experience, finds both to be important determinants of teacher
quality growth. Cook and Mansfield (2016) extends this work to also allow for general and context-
specific permanent components to teacher quality. The current paper nicely complements
these papers by explicitly viewing teacher quality through the lens of the main conceptual
frameworks for human capital, and by identifying and separating the OJT and LBD channels of
human capital accumulation, which are not necessary to distinguish given these other papers’
goals.® This paper also complements the extensive literature studying teacher quality more
generally, recently discussed in Hanushek and Rivkin (2006); Jackson, Rockoff, and Staiger
(2014); Strem and Falch (2020), and the sub-literature on teacher incentives (see, e.g., Hanushek
and Raymond 2005; Muralidharan and Sundararaman 2011; Imberman and Lovenheim 2015;
Petronijevic 2016).”

2. Background

I use publicly available data from Muralidharan and Sundararaman (2011), which featured an
RCT conducted in 2005-2006 in Andhra Pradesh to study output-based teacher bonus pay. I use
data from the control and individual incentive (hereafter, “treatment”) arms, which cover 501
teachers teaching 25,656 students at 196 schools. Muralidharan and Sundararaman (2011) found
sizable effects of incentive pay on student achievement, and a battery of robustness checks was
consistent with the increases in measured achievement not being due to “teaching to the test.”

The data effectively provide a two-year snapshot for teachers at different stages of their

®These papers may be viewed as part of the substantial empirical literature studying task-specific human capital
for more general worker contexts. For recent examples, see Poletaev and Robinson (2008); Sanders (2010); Yamaguchi
(2012); Robinson (2018). Sanders and Taber (2012) contains a detailed discussion of this and other extensions of the
one-dimensional human capital model.

’ Although less tightly related, this paper also relates to the literature studying teacher labor markets (see, e.g.,
Dolton and Klaauw 1999; Stinebrickner 2001; Behrman et al. 2016; Tincani 2021; Biasi 2021; Bobba et al. 2021; Biasi,
Fu, and Stromme 2021).



careers. The key outcome variables in control and treatment groups are measures of quality
and labor supply for teachers during the intervention. A teacher’s quality is measured by her
value added to student achievement. A teacher’s labor supply, or total work time, is measured by
the fraction of site visits by research team during which she was present. This is similar to total
hours at work, used in other papers estimating lifecycle models of human capital accumulation.
Section 5 describes how the data are mapped to the model.

3. Model

This section considers decisions of a teacher at the outset of her teaching career, which lasts T
periods (years). She enters the first period with initial human capital 6;, which varies across
teachers.® In each period t, the teacher notes her compensation schedule (which depends on
her treatment status) and her class size, and then chooses how to allocate a unit of time between
leisure, [+, and work. When at work, she splits her time (and thus, her human capital) between:
(i) production (of student achievement), h;, (ii) on-the-job investment (OJT) in her own human
capital, Iy, and (iii) “on-the-job leisure” (OJL), or shirking, s;.

3.1. Technologies and Constraints
Human capital is generated via the production function

(1) Or+1 = [1- 89101 + AO(O[1 - L¢]It, O4[1 - L¢]hy),
oJT LBD

where 0; denotes human capital available for use in period t and dg € [0, 1] denotes its deprecia-
tion rate. The amount of human capital produced in period ¢ is given by A6(:, -), where I; € [0, 1]
denotes the share of current human capital allocated to on-the-job investment and h; € [0, 1]
denotes the share of current human capital allocated to production, which also represents the
LBD input to human capital accumulation. Production, on-the-job investment, and on-the-job
leisure are rival, as captured by the time constraint

(2) he + I+ s¢ = 1.

As in the classic human capital frameworks (Ben-Porath 1967; Killingsworth 1982), a teacher’s
output (here, quality), in period t equals the amount of her human capital used for production:

(3) gt = 0¢[1-1¢]hy,

which is commonly applied to all students in the class.

8For estimation I extend the model to accommodate multiple education levels. Naturally, a teacher’s education
level may affect her initial human capital, 61, as well as career length, T, as potential working years spent in formal
education would shorten the horizon until retirement.



Quality is measured using standardized achievement tests, which a large body of research
has found to contain considerable noise (see, e.g., Papay 2011; Rockoff et al. 2012; Jackson,
Rockoff, and Staiger 2014). This noisy measure of teacher quality, observed by the Principal
(who determines bonuses when there is incentive pay) and the econometrician, is

(4) mt = gt + €,

where - denotes the class average and the distribution of €;, Fe,, depends on class size.’

The presence of a direct, albeit noisy, output measure departs from the typical OJT or
LBD setup, wherein researchers use earnings to back out human capital and time allocated to
production, given that skill prices have been identified.!” Here, h; cannot be backed out from
the output measure even if 0; were degenerate and (s, [ ;) were observed. This generates an
informational asymmetry that is not present in classical models of human capital accumulation,

a natural assumption in light of the considerable noise in achievement measures.

3.2. Preferences

Flow utility in period ¢ depends on quality, compensation, and both forms of leisure:

(5) ur = ug(ogqr + ogw(my; dp) + oyexe) +uy (Le) + us(se, 1),

where d; indicates whether a teacher is actively treated in period ¢, «j, measures the teacher’s
valuation of additional compensation based on their performance, and w(-; d;) captures how
teacher pay depends on the measure of student achievement, which depends on treatment
status. In the control group, where d; = 0 for all ¢, we have W = 0. The term y; represents the
teacher’s salary income. The (potential) dependence of teacher pay on the quality measure m;
introduces uncertainty via the measurement error.

Starting with the first argument of v, the coefficient o; on quality allows teachers to directly
value growth in student achievement. This is quite natural in the education setting, where
workers (here, teachers) are thought to be at least in part intrinsically motivated to produce
output (i.e., teach their students) (see, e.g., Dixit 2002; Besley and Ghatak 2005). Moreover, it can
explain why teachers—who, like any other worker, should value leisure—choose positive h when
not explicitly incentivized to do so.!! If «, > 0, then teachers value the remuneration stemming
from output bonuses, which is consistent with a positive effect from a pay-for-performance
scheme wherein w' > 0.

9Section 5.2 shows how this measure relates to the test score data.

gee, e.g., Heckman (1976); Heckman, Lochner, and Taber (1998); Huggett, Ventura, and Yaron (2006). See also
Bowlus and Robinson (2012), who argue that skill prices may not be fixed and are not trivial to identify, as well as
Rosen (1972); Heckman, Lochner, and Cossa (2002) for discussions of the difficulties involved with identifying skill
prices if they reflect learning opportunities under LBD.

YA positive h is evinced by the non-degenerate distribution of quality.



Moving on to the second and third arguments of u, the dependence of utility on leisure (via
u;) allows for labor supply responses (i.e., changes in 1- [4).!2 Finally, the amount of on-the-job
leisure (s;) may also affect teacher utility (us). On-the-job leisure could rationalize changes in
quality (conditional on leisure) in response to the introduction of incentives, among teachers
already choosing negligible investment (for example, teachers at the ends of their careers).
While leisure is observable, on-the-job leisure is not, meaning s; acts as a static moral hazard
effort variable. I allow the valuation of OJL to depend on “off-the-job” leisure, [ ;.

It may be useful at this point to discuss how the specification for teacher preferences com-
pares to commonly used specifications in the OJT literature. For simplicity, suppose leisure
were fixed. In the typical OJT setup, workers pay for investments by reducing production, which
reduces consumption of market goods.!® Here, under the status quo (i.e., absent the interven-
tion), remuneration does not depend on output. However, if teachers have an intrinsic valuation
of students’ learning an analogous tradeoff emerges, except that by investing the teachers are
decreasing their “consumption” of student achievement growth. A similar tradeoff emerges
when considering the shirking decision: by shirking the teacher enjoys “on-the-job leisure” at
the cost of reduced “consumption” of student achievement growth.

Teachers in the treatment group in Muralidharan and Sundararaman (2011) during the
intervention received a bonus linear in average student achievement growth that year, yielding
w(mg; 1) = WE\/IS - my (where the coefficient on m; measures the increase in earnings from a unit
increase in average student achievement growth).!* This means that when estimating the effect
of the incentive scheme we can model o, - w(my; d;) using d:owmy without loss of generality,
where the reduced-form parameter oy = o, W} ;¢ absorbs the incentive strength. Thus we can

then write utility as

(6) ur = uq([(xq +drow] - qr + droyer + (Xx)(t) +uy(Le) + us(st, Ly).

3.3. Teacher’s Problem

The teacher maximizes her present discounted value of lifetime utility, from her first year of
teaching (¢ = 1) until retirement (which occurs immediately after period T).
The teacher acts as if she has perfect foresight about her treatment status in future periods.

12Note that labor supply includes the share of work time during which the teacher chooses to engage in O]JL.

BWorkers may also pay for investments using market goods; because investments via market goods are difficult to
directly observe, the observed earnings are assumed to be computed net of this (see, e.g., Heckman 1976), which may
effectively operate as workers paying for investments solely in terms of foregone production (see Taber, Seshadri,
and Fan 2024).

YThe bonus was designed to avoid “threshold effects” that could emerge from discontinuities in marginal incen-
tives, meaning it was effectively linear in average student achievement growth (Muralidharan and Sundararaman
2011, p. 51).



Let d; denote a vector of indicator variables describing the teacher’s beliefs about treatment
status dr in each T > t. If the teacher was in the control group then d; = 0, Vt. The intervention
was a surprise, so if the teacher was in the treatment group she acts as if d; = 0, until the
experiment occurs by surprise.!® The period index t denotes the year of the teacher’s career.
This generates identifying variation because teachers from different cohorts will be in different
t’s in the first year of the intervention.

A teacher’s salary and class size are also required to solve her problem. Teacher salaries x;
are determined by published schedules, and are largely explained by a teacher’s age.'® Therefore,
I use this relationship to generate the vector x; collecting the teacher’s salary x in each t > t.
Class size (i.e., the number of observations per teacher-year) enters the teacher’s problem
by controlling the precision of the quality measure. As with treatment status, let n¢ denote
the vector describing the teacher’s class size n; in each T > t. I assume n; equals a teacher’s
actual class size when available (which is only the case during the intervention) and otherwise
sets ¢ = 71, her average class size in the sample.!” I collect these last two “state variables” in
Q= [xpny).

It will be convenient to work with the share of work time not spent on OJT that is spent
on OJL, 7i; € [0, 1], which gives s; = [1 - I;]t; and, when combined with the budget constraint,

ht = [1- I{][1 - 7;]. The recursive formulation of the teacher’s problem is
™) Vi(0t;dt, Q) =  max Et[us + pVir1 (01415 dirn, Qe1)]
(It,L¢,me)e [0,1]3
st.fort=1,...,T
0, given
ur = ug([og + drowy] - gr + droower + ooxe) +uy (L) + us([1- I, 1)
041 = [L - 8910¢ + AO(O[1 - I ¢11t, 0¢[1 = L¢][1 - I][1 - 7])
gt = 0¢[1 = L¢][1- I][1 - 7]
e ~ Fe,

V11 =0,

where p is the discount rate.

BFor example, if the first year of the (two-year) intervention occurs in year t then dg = [1,1,0, ..., 0].

16The R? of a linear regression of teachers’ monthly salaries on teacher age is 0.63. Using the estimated relationship,
the expression for predicted salary (in Indian rupees, Rs.) given teacher age is -4249.5 + 342.3 « age,.

In principle, one could explicitly model future class sizes as random variables. In practice, however, there are
only two years of data available for each teacher, and the lion’s share of class-size variation occurs between, not
within, teachers. The specification used here allows beliefs about class size to differ across teachers, and for a
teacher’s realized class size to affect her decisions.



State variables

TABLE 1. Notation Summary

Ot Teacher human capital at time ¢

dy Incentive group indicator

Xt Teacher salary

n: Teacher’s class size

Choices

Iy Leisure (off-the-job) share of total time

I; On-the-job investment share of work time

e Fraction of non-investment work time allocated to OJL

he = [1-It][1 - 7]
st = [1- Ity

Production (LBD) share of work time
On-the-job leisure (OJL) share of work time

Preferences
Uug Valuation of composite quality/compensation index c;
ct := [og + droww] - ¢ + dr o€ + o Xt
u; Valuation of leisure time, [;
Ug Valuation of on-the-job leisure, s;
o Weight on quality in the quality/compensation index
Oy Valuation/slope for performance pay used in estimation
Oty Weight on salary income (fixed to 12 as salary data are monthly)
P Per-period discount factor
Technology
oo Human capital depreciation rate
A OJT share in CES human-capital production function A8
&V Scale and substitution parameters in human-capital production
Outcomes
qr = 0¢[1-1¢]ht Teacher quality
me = q + € Teacher quality measure

3.3.1. Model Solution

The necessary conditions for interior solutions of (7) are

dy _

8) It o,

0¢[1-I¢][1- 7]
0

_M+%+p 0A0  DE([Vin]
gt oly "0o[-1d] 00




0AB  DE[Vys] OEt|ugld] | dus 040 OEd[Visa]

9) I;: =041-1{][1-T7C + 1-7
) I Palt 3071, t[1=1¢[ t] ou; 35, Paht[ t] 301
_9qt _9st
3l 3L
dug 0 E¢[ug|ds] JAD 0 E¢[Vi41]
10) 71 [1- L] -2 = 0,[1- 1,1~ 1] - + 1- 1,01 - 1, S50l
(10) 7tz : [1-14] 35, t1=1¢][1-1I¢] ou: P aht[ t][1-1¢] 3001
Ost _9qr
aT[t aT(t aAGt
_aT[t

where an envelope condition returns the marginal value human capital:

OE:[Vin] _ OBt[urnldin] 0qm1 , 0012 dEs[Viso]

11
( ) 66t+1 aqm aem P 66t+1 66t+2

fort<T-1.18

3.4. Discussion

The model can capture several salient features of the literature and current policy discussion of
teacher quality. First, there is variation in teachers’ unobserved human capital, which could
generate cross-sectional variation in teacher quality even conditional on input choices. Second,
the model allows teachers to respond to the introduction of a pay-for-performance scheme and
allows me to quantify the importance of teacher compensation relative to intrinsic motivation.
The model allows for OJL, i.e., a static moral hazard/effort margin, which means it can gener-
ate substantial quality responses even if OJL is negligible and labor supply is not responsive.
Third, if there is an OJT component to human capital accumulation and on-the-job investments
are positive, then incentivizing current production (as would occur with performance-based
contracts) would naturally generate a dynamic version of the multitask problem exposited in
Holmstrom and Milgrom (1991); any such effect would be tempered by the presence of an LBD
component to human capital accumulation.

3.4.1. Identification Intuition

Human capital production. The key variation for identifying OJT versus LBD comes from het-
erogeneous responses by teachers at different stages of their careers. For simplicity, fix the scale
of A0 and first consider the case without OJL. First suppose the OJT component dominates.
This means that younger workers, who invest substantially more in their human capital, have
more room for investment reductions. Hence, they will have positive contemporaneous quality
improvements, given their labor supply. Older workers can mainly respond through decreasing

their leisure time, as they have minimal human capital investments. If their leisure doesn’t

8The marginal value of human capital in period T is zero.

10



respond to the intervention, there should be a negligible quality effect among older workers.
Now suppose instead that the LBD component dominates. Because investment is negligible, the
main response margin is through leisure time. Younger workers are already choosing leisure
time to take into account LBD on future human capital, which means there would be a smaller
total work time, and, hence, quality, response compared to older workers.

The essential intuition behind identification of the unobserved OJT input and its effect on
human capital is as follows. The human-capital production function defines a stationary mapping
from the current state (0¢, I1, [ 1) to the next state 044;. Although investment I; is unobserved
(and OJL is set aside for now), it is influenced by factors that do not enter the technology directly:
(i) the incentive to invest declines with age, as the horizon shrinks, and (ii) the performance pay
scheme raises the cost of investment through its effect on the quality-compensation index in
uq. Hu and Xin (2024) show that when an instrument z; affects an unobserved discrete action
but not the state transition, the joint distribution of the next state and the instrument can
be used to recover both the transition rule and the conditional choice probabilities for the
unobserved action. The number of identifiable investment levels corresponds to the support of
the instrument z;. In my setting, ; is itself unobserved, but I observe (rather, I can identify)!
re = 1% = 0¢[1 - I;], which varies with 6; only through (1 - I;). Once the transition density
f(ree1 | 11, It) is recovered via mixture inversion of f(r441 | 11, 2¢) (using instrument-induced shifts
in Pr(I; | rt, 2t) and the exclusion of z; from the transition), it can be mapped into the 0441 | 0¢, It
space using the identified distribution of I | r¢, 2¢. In principle, non-experimental lifecycle
variation in investment behavior could serve this role, as teacher age provides an excluded
source of variation that shifts I; without directly entering the technology. This differs from
prior work on identifying the determinants of human capital accumulation (Heckman, Lochner,
and Cossa 2002), where identification could not be obtained due to the endogeneity of prices.
However, the experimental intervention is still useful, as it effectively doubles the number
of identifiable actions by providing exogenous variation in both teacher age and treatment
assignment.

On-the-Job Leisure (OJL). OJL can help fit any quality effects among the oldest teachers, condi-
tional on labor supply, as teachers will not be undertake substantial OJT investments later in
their careers.

4. Data

As in Muralidharan and Sundararaman (2011), I pool Math and Telugu test scores to measure
student achievement. The raw score (% correct answers) has a mean of 35 percentage points
and a standard deviation of 25 percentage points. Test scores were normalized to have mean

19Technically, Itreat r+ = ¢:/(1 - ;) as identified (not observed) from (my, ¢, n) via the measurement model
m = gt + € with known Fe, (which depends on ;).
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zero and SD one in control group. In the model, quality will be in terms of percent correct (i.e.,
quality needs to be nonnegative), but here I will present results in terms of the standardized
measure (which has no bearing on the substantive results, as it is an affine transformation of
quality).

4.1. Descriptive Statistics

Table 2 summarizes the student-year-level data. The data are balanced across years one and two
of the intervention, as well as the control and treatment groups. The current outcome achieve-
ment test score (“s_t_nts_level_mean") has a standard deviation of around 1 and a mean of a little
above zero (recall that this score was standardized to have a mean of zero and standard deviation
of one in the control group); the prior score is “s_t_1_nts_level_mean". The variables “s_SC”,
“s_ST”, and “s_OBC” indicate whether the student is a member of a scheduled caste, scheduled
tribe, or “other backwards caste” (which is an official designation), all of which would represent
access to fewer resources; in contrast, “hh_affluence_index” and “parent_literacy_index” reflect
more available resources.

TABLE 2. Summary of Student-Year Data

Obs. Mean St.Dev. Min. p25 pS0  p75 Max.
year 71400 1.543 0.498 1 1.000 2.000 2.000 2
incentive 71400  0.497 0.500 0 0.000 0.000 1.000 1
s_t_nts_level_mean 49040 0.098 1.019 -2.277 -0.703 -0.015 0.788 4.720
s_t_1_nts_level_mean | 50572 0.039 0.863 -2.111 -0.531 0.000 0.377 5.162

s_Male 57508  0.499 0.500 0 0.000 0.000 1.000 1
s_SC 57484  0.197 0.398 0 0.000  0.000 0.000 1
s_ST 57484  0.029 0.167 0 0.000  0.000 0.000 1
s_OBC 57484  0.588 0.492 0 0.000 1.000 1.000 1
hh_affluence_index 53786  3.530 1.425 0 3.000 4.000 5.000 7
parent_literacy_index | 53740 1.114 1.035 0 0.000 1.000 2.000 4

There are 25,656 unique students.

Table 3 presents descriptive statistics for teachers’ first years in sample. There is consid-
erable variation in teacher age (t_age), which is crucial to separating OJT from LBD. In terms
of education (t_educ_*), most teachers have at least a BA. Table 4 presents descriptive statis-
tics for teachers, over both years. The main variables to note in this table are the number of
times teachers were present during site visits (t_num_times_present_at_visit) and the day be-
fore site visits (t_num_times_present_day_before_visit). Compared to the number of site visits
(t_visits_this_year), we can see teachers were present about 80% of the time.
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TABLE 3. Summary of Teacher-Level Data (first year)

Statistic N Mean St. Dev.
t_male 501 0.575 0.495
incentive 501 0.501 0.500
t_age 501 37.587 8.789
t_age_group_1 501 0.062 0.241
t_age_group_2 501 0.375 0.485
t_age_group_3 501 0.385 0.487
t_age_group_4 501 0.178 0.383
t_educ_years 501 4.756 1.741
t_educ_10th 501 0.032 0.176
t_educ_12th 501 0.152 0.359
t_educ_BA 501 0.601 0.490
t_educ_MS 501 0.204 0.403
t_educ_other 501 0.012 0.109

Teacher age group cutpoints are 0, 25, 35, 45, 60.

TABLE 4. Summary of Teacher-Level Data (both years)

Obs. Mean St.Dev. Min. p25 p50 P75 Max.

year 935 148 0.50 1 1 1 2 2
t_age 935 38.21 8.48 18 32 38 43 58
t_male 935 0.58 0.49 0 0 1 1 1
t_educ_years 935 4.82 1.70 0 5 5 5 7
incentive 935 0.49 0.50 0 0 0 1

t_num_obs_yearl 918 67.26 28.89 14 46 64 84 172
t_num_obs_year2 885 85.98 40.24 10 58 82 104 330
t_num_obs_avg_year 935 76.36 30.43 14 53 74 96 225
has_only_year_one 935 0.05 0.23 0 0 0 0 1
has_only_year_two 935 0.02 0.13 0 0 0 0 1
t_visits_this_year 934 5.00 1.03 1 4 6 6 6
t_num_times_present_at_visit 932 3.95 1.49 0 3 4 5 6
t_num_times_present_day_before_visit 934 4.10 1.37 0 3 4 5 6

There are 501 unique teachers.
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Teacher quality. Table 5 describes quality in the control and treatment groups, for teachers of
different ages.?? Column (1) presents coefficients from a regression of student test scores on
student characteristics and an indicator for being in the incentive group. Average quality, mea-
sured by the intercept, is (-0.292 x 25) + 35 = 28% correct, and the coefficient on incentive shows
the average treatment effect on quality is 1/5 SD (recall the test scores had been standardized to
have a standard deviation of 1), which corresponds to an increase of 0.204 x 25 = 5% correct.
Column (2) adds teacher age group indicators and incentive-teacher-age-group interactions,
where control teachers in the youngest age group are the reference category. Consistent with
other findings in the literature (see, e.g., Wiswall 2013), quality increases over careers by ~0.15 SD
of test scores, which is around 1/3 SD of quality. Also consistent with the literature, and with the
human capital framework (Becker 1962; Ben-Porath 1967), the increases are most pronounced
earliest in teachers’ careers, tapering off at the end. The incentive interactions with teacher age
group show a large quality increase among the least-experienced teachers (the coefficient on
incentive, which measures the effect among the youngest teachers, is 0.386 much higher than
the average among all teachers presented in Col. (1)), and that the quality increases decline in

teacher experience.

Labor supply. In contrast to quality, there is no clear pattern in labor supply among control
teachers, nor is there a discernible average labor supply response. To maintain the focus on
patterns to fit, the labor supply results are in the Appendix.?! If anything, there is weak evidence
of a reduction in labor supply among the oldest teachers.

Implications for modeling. Summing up, quality exhibits clear increases over teachers’ careers
as well as substantial treatment effects, with a noticeable gradient with respect to teacher
age group. Neither type of pattern is evident for labor supply. Modeling labor supply is still
important, however, because the LBD channel (when there is no OJL) operates solely through
changes in labor supply. If the descriptive labor supply results miss a response that did indeed
exist, assuming labor supply was fixed would unfairly penalize the “pure LBD” specification.
Moreover, there could be heterogeneity in labor supply responses, not picked up by these
descriptive statistics.

The descriptive results also suggest it might be prudent to allow for OJL. The average treat-
ment effect on quality among the oldest teachers was essentially null. If there had indeed been
a real reduction in these teachers’ labor supply, these teachers would need another margin of

adjustment while at work (otherwise they would have clear reductions in quality). OJL allows

20gee Appendix Table Al for the estimates using only the control group, which are essentially the same as those in
Column (1) of Table 5.

ZlTable A2 shows there is no clear pattern with respect to teacher age in the control group. Table A3 shows there is
also no discernible average labor supply response (e.g., the coefficient on “incentive” in Col. (1) is not significantly
different from zero).
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for this.??

5. Empirical Implementation

5.1. Empirical Specification

Utility. Preferences are CARA in the output/compensation index and isoelastic (CRRA) in the
leisure terms:

L, ISG LT

12 = _exp (- 5
(12) us = -exp (-n [[ag + drxwlgs + drowes]) + o Ty T 1oy,

)

where S is a CES aggregator of s; and [+, with scale fixed at 1, substitution parameter vg, and OJL
share parameter A;. The assumed specifications yield a convenient closed-form expression for
expected utility under a linear (e.g., the observed) bonus scheme. See Appendix A for details.

Initial human capital. Initial human capital 0; is treated as unobserved heterogeneity from
the econometrician’s perspective. The main identifying assumption is that d; 1 6;, which
is a natural, if stronger, assumption if one is convinced of the validity of the experimental
intervention (which pertains to mean independence). The initial human capital distribution is
parameterized according to

ln 61 ~N (Hh’lel) Ulznel) .

The distribution of 07 is constant across cohorts.

Human capital production. The function governing growth in human capital, A6, is CES, which
results in the below law of motion for human capital:

<2

041 = [1- 00161+ C [7\1 01 =TI )Y + (= Ap) - [0¢[1-T4][1-I[1- ﬂt]]v]

&

E‘ '
13) = [1-5016; + c[etu— ztl] [A T H-N. [[l—It][l—m]}V] ,

where human capital brought to work, 6;[1-1], generates heterogeneity in the marginal products
of human capital inputs.

2Indeed, Table A4 shows the gradient in achievement treatment effects by teacher age seems present, even
conditioning on teacher labor supply. While conditioning on teacher presence, a choice variable, complicates
interpretation of the coefficients, these estimates do seem to suggest the entire margin of older teachers’ quality
responses does not operate via labor supply. Therefore, it may be useful to allow for OJL. A different assessment uses
percentage changes in quality and labor supply among the oldest teachers. Mean quality among the oldest teachers
dropped by about 6%, while their labor supply dropped by almost twice as much (11%), suggesting the presence of a
countervailing force.
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TABLE 5. Teacher Quality Treatment Effects

s_t_nts_level_mean

(1) )

(Intercept) -0.292***  -0.436***
(0.018)  (0.033)

s_t_1_nts_level_mean 0.536***  0.537***
(0.005)  (0.005)

s_Male 0.020* 0.019*
(0.009)  (0.009)

s_SC -0.009 -0.001
(0.015) (0.015)

s_ST -0.049 -0.047
(0.033)  (0.033)

s_OBC 0.032* 0.038**
(0.013)  (0.013)

hh_affluence_index 0.054***  0.051***
(0.003)  (0.003)

parent_literacy_index 0.041***  0.042***
(0.005)  (0.005)

incentive 0.204***  (0.386***
(0.009)  (0.047)

t_age_group: 2 0.149***
(0.030)

t_age_group: 3 0.151%**
(0.030)

t_age_group: 4 0.178***
(0.032)

t_age_group: 2 & incentive -0.072
(0.049)

t_age_group: 3 & incentive -0.202%**
(0.049)

t_age_group: 4 & incentive -0.458***
(0.052)

Estimator OLS OLS
N 34,849 34,849
R? 0.263 0.270

Note: OLS regressions of standardized test score, pooled over years and subjects. Regressions include student
characteristics and, in column (2), teacher age group indicators and interactions with incentive. Teacher age group
cutpoints are 0, 25, 35, 45, and 60.
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Other variables. Teacher i’s horizon, T;, depends on her years of formal education. Teachers
with 10 or 12 years of education (i.e., not having more than a high school degree) are assumed
to start teaching at age 18, and retire after age 60. Additional years of education shorten the

horizon.

5.2. Mapping the Data to the Model

Quality / Student achievement. Quality is denominated in the percent correct answers, and is
measured via a value added model for student achievement (Hanushek 1971; Murnane 1975):

(14) J’ijt=‘1it+x/jtf3x+€ijt

where y;;; measures student j’s current achievement, g;; is teacher i’s quality in period ¢, x;,
measures student j’s characteristics in year ¢ (and includes prior y), and ¢; j¢ is an IID, ex-post,
shock with distribution N (0, 0%) .23 Averaging over the teacher’s n;, students yields the noisy
measure of quality entering the teacher’s problem:

(15) My = Vi = X B = Giz + €z,

where - denotes the average, and the distribution of €;;, Fe. , depends on the number of students

it
according to €;; ~ N (0, 02/n;;).

Labor supply / Teacher presence at site visits. The number of times the teacher is present during
the random site visits in each year is modeled as a binomial random variable, with success
probability equal to the labor supply, 1-1;,.24

5.3. Estimation

I estimate parameters using an estimation criterion function that is the weighted sum of the log
likelihood and an indirect inference criterion. The likelihood is comprised of the likelihoods of
observed student achievement and teacher presence at site visits. The likelihood of the observed
(standardized) test score for teacher i’s student j in year t is

“-35 .
PP J’ijt_{iqwzs +x/jt[(2isﬂ
it g % ’

23To assess the appropriateness of this specification, I first estimate B using a regression model with teacher-year
fixed effects. The most important student characteristics are prior score, followed by household affluence and
parental literacy indices. Coefficient estimates without teacher FE are virtually identical to those with teacher FE.
Therefore, the estimates hereafter will control for student characteristics but not teacher-year FE.

241 allow the probability for being present the day before a site visit to scale this probability via a parameter.
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where ¢ denotes the standard normal density and g}, is the model quality for teacher i in year
t, which has been demeaned (the mean was 35 percent) and divided through by the standard
deviation in the control group (25 percentage points).

The probability teacher i was present at pa;; out of visits;; site visits in year ¢ is

LPa _ <ViSitSit> [1 _ l .t:| pa;; > lYiSitSit—pait
it . l it ’
pay
and the probability the teacher was present pb;; times the day before the site visits is analogous,
but with an extra parameter @; governing the mapping from labor supply to the number of
successes:

Lgb _ <V1$Z[§it> [@b[l _ lit]} pb;; % [1 ~[@pll- lit]]]ViSitSit_pbit '
Poi

The log likelihood function is the product of the likelihoods for observed achievement and

number of times the teacher was present the day of and the day before site visits. The indirect

inference portion of the estimation criterion has as its main targets the treatment effects by

teacher age group. The final estimates will be obtained by minimizing an indirect inference

criterion that has been augmented to include the score of the log likelihood function as targets.2

5.4. Computation and solution

Numerical solution. The leisure, investment, and OJL share of post-investment human capital
choices are modeled as continuous. As is well-known, the possible existence of an LBD compo-
nent leads to a nonconcave lifecycle problem. Therefore, I solve each teacher’s problem using a
global optimization routine.? I first draw teacher types from the initial conditions distribution.
Then I solve for the path {l;, Iy, 7t;;}4=1, . 1, for all teachers i, and keep only ¢ overlapping with
2005-2006 for estimation.?’

In practice, the optimal path can be obtained by optimizing (7) or, when relevant, by solving
the necessary conditions in the system (8)-(10). There is only one shock, to measured quality.
This simplifies the model solution, as the expectation operator does not need to be carried
through to V1.

5.4.1. Other computational and data details

Almost 90% of teachers are present for both years of the intervention (the difference in being
present for both years by the treatment indicator is insignificant, which is consistent with the low

51 avoid doing this until the estimates have converged, as the score is very expensive to calculate.

261 solve and estimate the model using Julia (Bezanson et al. 2017) and R (R Core Team 2022). I use the NLopt
optimization library (Johnson 2007), and a combination of L-BFGS (Liu and Nocedal 1989) and (the NLopt variant
of) Subplex (Rowan 1990) optimization algorithms to solve the model, and a combination of Subplex (Rowan 1990),
BOBYQA (Powell 2009), and controlled random search (Price 1983) for estimation.

27T simulate the model 33 times per teacher.
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attrition level and lack of differential attrition reported in the original study (Muralidharan and
Sundararaman 2011, p. 54)). For teachers observed in only the first year of the intervention (10%
of teachers), the model is solved as if the teacher had expected to have been in the same treatment
status in the second year. For teachers observed in only the second year of the intervention (3%
of teachers), the model is solved as if the teacher had been in the same treatment status the
previous year.

6. Estimation Results

The estimation results show the model can capture key patterns in the data, and can also yield

some policy guidance.

6.1. Parameter Estimates

This section discusses selected preliminary parameter estimates (see Table 6 for the remaining
estimates). I start with the human capital production function, reproduced here for convenience:
8e1 = [1- 510; + C[Oel1— L] SN - IV + [1-A] - [[1- L[ -] V] ¥
I estimate the OJT share in the technology to be substantial: A = 0.62 and the OJT and LBD
inputs to be complements (v = -12.2). I also estimate depreciation in teacher human capital of
8o = 0.025, which is consistent with numbers for human capital depreciation for workers more
generally (see, e.g., Kuruscu 2006). For comparison, Dinerstein, Megalokonomou, and Yannelis
(2022) estimate 4.3% annual depreciation using variation in non-teaching spells, which would
represent a lower bound to the extent that teachers invest in their human capital while awaiting

assignment.
Moving on to teacher preferences, also reproduced here for convenience:

1 91-ys
o[ oosis 4]

+0g

ur = - exp (—n [[ogtdro]grtdronyErtoy Xt ) T v, 1-v
— - Ys

I estimate the intrinsic weight on quality to be &4 = 502, which implies a valuation of average
quality for teachers in the control group of &g X geont. = 314,910, which is considerable when
compared to the teachers’ average annual salary of around ¥100,000.

The estimate of the incentive slope in this paper’s quality units is &, = 665, which implies
the average quality improvement among teachers in the incentive group increased income by
34,227,

Moving on to valuation of nonwork and on-the-job leisure, I estimate that labor supply is
inelastic (y; = 11.7), which is consistent with the small average labor supply response in the
data, while OJL is more responsive (ys = 5.1).
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TABLE 6. Parameter estimates

Parameter Estimate

Preferences

n 2.44223E-08
0y 501.7702631
Oy 665.141633
o 2.21657E-13
s 3.50861E-08
Y1 11.68967281
Ys 5.059281318
Vg 0.620825952
As 0.758996941
Technology

dg 0.025379782
C 0.234874019
g 0.726357132
v -12.1936743
A 0.619816799
Initial human capital

Min e, 3.706381434
o? 6, 0.228141094

6.2. Model Fit

Table 7 shows that the model does a reasonable job of fitting the average quality level in the
control group (left two columns) overall, and by teacher age group. It also matches the average
treatment effect on quality (though it is somewhat overstated), as well as the declining gradient
in the treatment effect on quality with respect to teacher age group (right two columns).

Table 8 shows that the model can capture the probability a teacher will be present during
a site visit both overall and by teacher age group for the control group (left two columns), but
overstates the treatment effect of the intervention on total work hours (right two columns).?®

That being said, labor supply fits better than it did in a specification without any O]JL.

7. Quantitative Findings

The estimated model can provide a variety of novel positive and normative results about teacher
quality and compensation. I first use the model in Section 7.1 to quantify the importance of
labor supply, investment choices, and OJL in explaining lifecycle quality under the status quo

28] find a similar pattern for teachers’ being present the day before a site visit.
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TABLE 7. Teacher Quality

Control group Treatment effect
Data  Sim Data Sim
overall 28.357 29.787 5.106 6.034

age_groupl 24.62 24.114 9.662 11.909
age_group 2 28.388 28.628 7.861 8.703
age_group 3 28.389 31.953 4.613 4.246
age_group 4 29.077 29.061 -1.789  2.088

Note: Quality is denominated in % correct, which has a mean of 35 and SD of 25 in the control group in year 1. Teacher
age group cutpoints are 25, 35, and 45.

TABLE 8. Teacher Present During Site Visit

Control group Treatment effect

Data Sim Data Sim
overall 0.784 0.84 -0.005 0.01
age_groupl 0.773 0.836 0.071  0.018
age_group 2 0.759 0.839 0.029  0.009
age_group 3 0.793 0.843 -0.005 0.01
age_group4 0.811 0.838 -0.086 0.011

Note: Teacher age group cutpoints are 25, 35, and 45.
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(control group), and then examine how the determinants of quality respond to the observed
incentives in MS2011 (Section 7.2). I then use the estimated model to decompose teacher quality
into within- and between-teacher components, as well as a portion attributable to the observed
incentive scheme (Section 7.3).

I then use the model to perform out-of-sample analysis, which can inform policymakers
about effects of other incentive schemes or scenarios of interest. In Section 7.4 I use the model to
examine potential dynamic effects of MS2011 incentive cessation. Finally, in Section 7.5 I illustrate
how informational asymmetries result in suboptimal allocations by comparing outcomes with
those under the assumption of full information.

71. Understanding Status Quo (Control Group) Quality

I start by describing how key model variables behave along the lifecycle for teachers in the
control group. Figure 1A presents quality by teacher age. First looking at the mean (in blue),
teacher quality peaks in the early 40s. Notably, quality variation remains substantial over teach-
ers’ careers (the 25th and 75th percentiles are in red), a finding that emerges naturally from
current framework, which is quite novel and not possible to analyze when studying average
growth in teacher quality (as is done in the literature). Of course, since quality is only a fraction
of human capital, the quality distribution is compressed compared to the distribution of teacher
human capital.
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FIGURE 1. Model Outcomes for Teachers in the Control Group, by Teacher Age
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Notes: Figure plots simulated model outcomes for teachers in the control group. Investment is the share of labor
supply, or total work time, spent on investment (I;;), on-the-job leisure (OJL) is the share of labor supply, or total
work time, spent enjoying OJL (s;;), total work time is the share of total time not spent on leisure ([1-1]), and quality
(0;[1-1;101-IL;][1-7;]) is denominated in % correct answers, which has a mean of 35 and SD of 25 in the control
group in year 1. The red dashed lines denote the 25th and 75th percentiles.
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FIGURE 2. How work human capital is allocated over the career
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Figure 2 shows the average allocations of work human capital among I;;, h;;, s;; over teachers’
careers. As expected, OJT investment I;; (shaded red) decreases over teachers’ careers. Invest-
ment for the youngest teachers is about a third of work human capital, and naturally decreases
over the career. While investment is of course unobservable, one can compare this with the
estimate of between 50-60% in Heckman, Lochner, and Taber (1998). Figure 1B shows there is
much more variation in investment behavior between ages than within ages.

The blue region of Figure 2 shows how the share of work human capital (un)allocated to
OJL, s;;, slightly increases on average over teachers’ careers, and Figure 1C show that it exhibits
considerable variation throughout careers. Finally, the green region of Figure 2 shows the share
of work human capital allocated to production increases with age, due to the decline in OJT
investment.

Figure 1D shows total work time or labor supply 1 - [;; by age, again for teachers in the
control group. Time at work increases and peaks early in teachers’ careers, but is fairly flat.
The red dashed lines denote the 25th and 75th percentiles here and in other figures, and show
that variation in total work time is small, relative to its level. Finally, Figure 1E shows how
human capital evolves over teachers’ careers. Human capital increases slowly, and peaks before
quality, again, due to declining OJT investment. We can also see that variation in human capital
decreases as OJT investments become negligible toward the end of teachers’ careers.

7.2. Understanding Quality Treatment Effects

I now describe simulated treatment effects, which are computed within teacher. First, incentive
pay increased mean quality by 6.3 percent, or = 45% SD of control group quality, which cor-
responds to about 1/4 SD of control group achievement (recall the SD of achievement among
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control group teachers was 25 percent correct). This slightly overstates but is largely consistent
with the estimated effect from Table 5 (0.204 SD), and also that presented in the original paper
by Muralidharan and Sundararaman (2011) (0.22 SD). For reference, quality variation among
youngest teachers in control group is about 0.6 SD of achievement.

While it may not be surprising that the model can fit average achievement treatment effects,
as well as the gradient, a notable benefit from the structural approach taken in this paper is
in understanding how teacher quality is generated, and how changes in teacher inputs lead to
quality variation. Incentive pay increased mean production time by 0.16 (from a base of 0.72).
About two-thirds of this comes from a reduction in OJT investments: on average, I; decreases
by 0.12 (from a base of 0.14), while reductions in OJL account for most of the remainder, as it
decreases on average by 0.025 (from a base of 0.14). There is also a small increase in mean labor
supply, as [1- [ ¢] increases by 0.011 (from a base of 0.84).

We can also use the model to compute treatment effects with respect to teacher age. Figure
3A plots treatment effects for teacher quality, by age. Quality increases are largest for younger
teachers, and the treatment effect variance (indicated by the red lines, denoting the 25th and
75th percentiles), is the largest here, too. Unobserved heterogeneity is most salient in teachers’
careers. Figure 3B plots treatment effects for investment, by age. OJT investment decreases over
career, which means the largest reductions are among early career teachers. In contrast, OJL
increases slightly over careers of teachers in the control group, so the treatment effects pictured
in Figure 3C move in the opposite direction to those for investment, with respect to age. Figure
3D plots treatment effects for labor supply, by age. While under the preliminary estimates the
model generates a counterfactual increase in labor supply, these responses are not large, and
are in particular small when compared to changes in investment and OJL. For example, the
absolute value of the percentage change in labor supply is about a tenth that for OJL.

7.3. Decomposition of Teacher Quality

To quantify the importance of different courses of heterogeneity, I decompose lifecycle quality
simulated under the status quo (i.e., control scenario) using

Gir = 1 TV,

where ; is teacher i's mean quality and 9;; captures i’s period deviations from their mean. The
between-teacher variation p; comes from variation in initial human capital, 6;, while variation
in the deviations ¥;; comes from lifecycle variation in investment share I, OJL s, and also
leisure ;.

Overall, 68% of quality variation under the status quo is between teachers. The top panel of
Figure 4 shows the density of teacher quality, by teacher age group, with the youngest teachers
at the bottom and oldest at the top. The vertical line in each density indicates the mean quality
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FIGURE 3. Treatment Effects on Model Outcomes, by Teacher Age
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Notes: Figure plots simulated treatment effects. Investment is the share of labor supply, or total work time, spent on
investment (I;;), on-the-job leisure (OJL) is the share of labor supply, or total work time, spent enjoying OJL (s;;), total
work time is the share of total time not spent on leisure ([1-[;;]), and quality (0;:[1-1;][1- I;;][1-7t;;]) is denominated
in % correct answers, which has a mean of 35 and SD of 25 in the control group in year 1. The red dashed lines denote

the 25th and 75th percentiles.
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for teachers in that age group. It is immediately apparent that the difference in locations of
the means is much smaller than the amount of heterogeneity in quality among teachers in any
age group. Teacher age accounts for 18% of quality variation, the majority of the remainder
after having removed between-teacher variation, leaving interactions between 0, and teacher
age (via different input choices and their effects) to account for the remaining 14% of quality
variation.

To gauge the importance of model components in generating observed variation in measured
quality, I next also include teachers in the treatment group (under the MS2011 incentive strength),
and again decompose quality into within- and between-teacher components, but now the status
quo and treatment scenarios contribute to within-teacher variation (as well as between-teacher
variation, by changing within-teacher means).

The blue densities in the bottom panel of Figure 4 depict the distribution of quality under the
MS2011 incentives for teachers in each age group (the red depicts the same, for the control group),
with the blue vertical lines indicating age-group-specific mean qualities when treated. Overall,
the variation of quality varies much more between teachers than due to stage of lifecycle or
status quo vs. treatment scenario. For example, while 10% of quality variation is due to incentive
scenario among youngest teachers, this shrinks to 1% among those in the oldest group.

7.4. Dynamic effects of incentives on future quality

Having estimated a human capital production allowing for both OJT and LBD channels for
accumulation, a natural question is how did the static incentives in MS2011, which ended after
two years, dynamically affect teacher quality.

I examine this by computing for each teacher?® their quality under the status quo and MS2011
incentive pay scenarios, and then presenting each teacher’s quality for each year of their career
under each scenario, starting from the year of the intervention, relative to (divided by) their
quality the year before the intervention (i.e., under the status quo). The results are in Figure
5, which depicts individual teachers’ quality relative to their pre-intervention quality under
the control (red) and treatment (blue) scenarios as dots, with averages among all teachers of

(99
X

that age and scenario indicated by “x™’s. At the top-left, the figure for the youngest teachers, we
can see they have largest relative increase in quality during the intervention, but also that the
reductions in OJT investments during the intervention lower post-intervention human capital
and quality. The similar pattern is evident among teachers in the older age groups, though the
smaller reductions in OJT generate smaller dynamic reductions in future quality. To gauge the
overall effect, I sum the discounted quality increases through the end of each teacher’s career at

age 60.30 While the MS2011 intervention substantially increased quality during the intervention,

2These results have been computed using teachers assigned to the treatment group in MS2011, which should be
similar to results computed using the full sample.
301 use a 3% discount rate (the same as teachers’ individual discount rates).
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the sum of present-discounted quality is negative for teachers in the youngest two age groups,
and positive for those in the older two groups, essentially canceling each other out.

FIGURE 5. Dynamic treatment effects: Quality relative to 2004 quality, by teacher age group

quality / quality pre-intervention year

£ 20
year after pre-intervention year year after pre-intervention year

A. Age <25 B. Age 25-35

quality / quality pre-intervention year

£ 20
year after pre-intervention year year after pre-intervention year

C. Age 35-45 D. Age 45+

Notes: Figure plots simulated quality for teachers by their age group in the first year of the intervention, under the
status quo (red) and MS2011 incentive pay program (blue). The values are relative to teachers’ quality the year before

[}

the intervention, where the “x™’s denote averages among teachers in that scenario and year of their career and the
vertical lines denote the 25th and 75th percentiles.

7.5. Full-information Benchmark

Under full information, the problem of the principal is to choose a sequence of transfers

VP = {1]),5}{:1 and teacher choice variables to solve

T
1o max ¥ oy [ogqr -t
(It,1¢,m)e [0,1]3T t=1 £ [ g ]
¥

s.t.
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where g; is the teacher quality and oy is the government’s valuation of quality, in ¥, and u
is the flow utility of the teacher’s outside option. The transfer takes place of any potential
bonus pay, meaning the first argument of the teacher’s utility function inside V{' becomes
xgqt + Xt +P¢. The voluntary participation constraint (17) reflects that the teacher must be
induced to participate at the start.3!

To solve for the full-information allocation I must fix values for pg, u, and og. I set pg =
p = 0.97, and u to be that teacher’s expected value of their optimal program at the start of their
career, under the status quo control group (i.e., u(81) = V1(01, dy = 0)). Finally, for &, I use the
calculations used in MS2011 for the effect of the intervention on the present discounted value of
student earnings.

Figure 6 presents outcomes for teachers with different levels of initial human capital under
full information (red), with their status quo outcomes in blue for comparison. For all teachers,
leisure and shirking would be lower under full information, although the Principal would not
find it worthwhile to eliminate either. Notably, these variables would also vary less under full
information than under the status quo, showing the advantage of being able to precisely target
unobserved heterogeneity.

Investment would be much higher for all initial skill levels, which causes the share of work
human capital used in production to tilt upwards so that it is initially lower under full information
than under the status quo, crossing the share under the status quo in the second decade of
teachers’ careers. Overall, quality would be much higher under full information.

8. Concluding Remarks

Preliminary results indicate that OJT is the primary source of human capital growth among
teachers, and that, at the incentive strength in Muralidharan and Sundararaman (2011), hidden
types are responsible for the majority of the heterogeneity in teacher quality. I have also found
that the incentives used in Muralidharan and Sundararaman (2011) reduced dynamic teacher
quality growth by lowering human capital investments to negligible amounts. Results from
the full-information scenario show informational asymmetries lead to suboptimal variation in
teacher inputs and quality, resulting in substantially lower quality.

31A1ternative1y, the participation constraint could be modeled as VtF L0, ) = ):Z:t p™lufort=1,...,T, which
would require that the teacher must be induced to remain in the arrangement in each period. While this specification
may seem appealing, as it accounts for the possibility that the teacher may cease to participate, the growth in teacher
salaries under the status quo would introduce another dynamic element, in addition to the one present due to human
capital accumulation.
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FIGURE 6. Full-information outcomes for teachers with 25th, 50th, and 75th percentile initial human

capital
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Appendix A. Empirical Specification Details

2 2
First, note that we have -n [ Xt + [ + drow]gs + droxwes] ~ N (—n [oext + [oeg + drowylgy] %) .
Expected utility in period t is then3?
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We can also write the derivatives of expected utility used to solve the model:
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32Recall thatifa ~ N (ua, 02) then E[exp(a)] = exp(pq + %crﬁ).
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Appendix B. Other tables

Table A4 presents coefficients of achievement treatment effects, conditional on teachers’ being
present on the day of the site visit (column 1), the day before the site visit (column 2), and present
at or before the site visit (column 3). Although the conditioning on teacher presence, a choice
variable, complicates interpretation of the coefficients, it shows that the gradient in achievement
treatment effects by teacher age seems present, even conditioning on teacher labor supply.

Table A5 presents results from regressions of control-group achievement on teacher age,
sex, and education, controlling for student characteristics. Columns (1)-(3) show that teacher
quality increases with experience, consistent with the results presented in Table Al. We can also
see that male teachers have higher average achievement (t_male). Finally, the coefficients on
teacher education generally show an initially increasing, concave, relationship between teacher
education and quality. There is no clear linear relationship when estimating using teachers in
all age groups (column (1)), but the concave relationship is borne out in columns (2) and (3),
which respectively model teacher education using a quadratic and discrete categories. Turning
our attention to the youngest teachers, we can see that quality is increasing linearly in education
(column (4)) and is also increasing when education is measured using discrete levels (column (5)).
The youngest teachers are valuable because they are most informative about the distribution of
initial human capital. Note that because teachers also accumulate human capital while working,
the positive coefficient on education for young teachers indicates that education is even more
productive than working/investing while a teacher.

Appendix C. Details for Normative Results

C.1. Calibrating the Government Weight on Achievement, o,

Object and units.. Let g denote the class-average quality, (i.e., value-added (VA)) in percentage
points (pp) of percent-correct. I set oy so that a 1 pp increase in a teacher’s class-average g maps
to present-value (PV) rupees at the time of the intervention. Thus, g has units “‘per pp per
class”.

Assumptions (MS2011 conventions)..
+ Returns to achievement (per SD): rgp = 0.18 (average of 0.16 for math and 0.20 for language).
+ Score scale: one standard deviation equals 25 pp; hence 1 pp = 1/25 SD = 0.04 SD.
+ Benchmark annual wage: w = 28, 000.
- Discounting of the 40-year earnings flow at 10% (the amount used in MS2011):
1-(1.1)740

Ago= —— _ ~9779.
40 0.10
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TABLE Al. Teacher Quality in the Control Group

s_t_nts_level_mean

(1) 2)

(Intercept) -0.266***  -0.415***
(0.024) (0.035)
s_t_1_nts_level_mean  0.548***  0.550***
(0.007) (0.007)

s_Male 0.019 0.019
0.012)  (0.012)
s_SC -0.023 -0.017
(0.020)  (0.021)
s_ST -0.032  -0.022
(0.044) (0.044)
s_OBC 0.052**  0.056**

(0.017)  (0.017)
hh_affluence_index 0.039***  0.039***
(0.004)  (0.004)
parent_literacy_index  0.057***  0.056***
(0.006)  (0.006)

t_age_group: 2 0.151%**
(0.028)
t_age_group: 3 0.151%**
(0.028)
t_age_group: 4 0.178***
(0.030)
Estimator OLS OLS
N 17,758 17,758
R? 0.291 0.293

Note: OLS regressions of standardized test score for teachers in control group, pooled over years and subjects.
Regressions include student characteristics and, in column (2), teacher age group indicators. Teacher age group
cutpoints are 0, 25, 35, 45, and 60.
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TABLE A2. Present at/before visit in the Control Group

present at present before avg. of present at & before
@ @ ®) @ ®) ® @ ® ©
(Intercept) 0.784***  0.773**  0761***  0.817***  0.881***  0.801***  0.801***  0.827***  (.781***
(0.011)  (0.046)  (0.017)  (0.009)  (0.041)  (0.015)  (0.008)  (0.036)  (0.013)
t_age_group: 2 -0.014 -0.092* -0.053
(0.050) (0.044) (0.039)
t_age_group: 3 0.021 -0.044 -0.012
(0.049) (0.043) (0.039)
t_age_group: 4 0.039 -0.070 -0.016
(0.052) (0.046) (0.041)
I(isless(int(t_age_group), 3)) 0.039 0.027 0.033
(0.022) (0.019) (0.017)
Estimator OLS OLS OLS OLS OLS OLS OLS OLS OLS
N 473 473 473 473 473 473 473 473 473
R? 0.000 0.008 0.007 -0.000 0.016 0.004 -0.000 0.012 0.008

Note: “present at” and “present before” respectively denote the shares of site visits during which the teacher was present at the

school the day of the visit and the day before the visit.

TABLE A3. Present at/before visit Treatment Effects

present at present before avg. of present at & before
@ @ ® @ ) (6) @ ®) ©
(Intercept) 0.784***  0.773*** 0761  0.817***  0.881***  0.801***  0.801***  0.827***  (.781***
(0.011) (0.046) (0.017) (0.010) (0.041) (0.015) (0.008) (0.036) (0.013)
incentive -0.005 0.071 0.032 -0.001 0.026 0.029 -0.003 0.048 0.030
(0.015)  (0.074)  (0.024)  (0.014)  (0.066)  (0.021)  (0.012)  (0.058)  (0.019)
t_age_group: 2 -0.014 -0.092* -0.053
(0.049) (0.044) (0.039)
t_age_group: 3 0.021 -0.044 -0.012
(0.049) (0.044) (0.039)
t_age_group: 4 0.039 -0.070 -0.016
(0.052) (0.046) (0.041)
t_age_group: 2 & incentive -0.042 0.008 -0.017
(0.078) (0.069) (0.061)
t_age_group: 3 & incentive -0.076 -0.028 -0.053
(0.077) (0.069) (0.061)
t_age_group: 4 & incentive -0.157 -0.097 -0.127*
(0.082) (0.073) (0.064)
I(isless(int(t_age_group), 3)) 0.039 0.027 0.033
(0.022) (0.019) (0.017)
I(isless(int(t_age_group), 3)) & incentive -0.061* -0.049 -0.055*
(0.031) (0.028) (0.024)
Estimator OLS OLS OLS OLS OLS OLS OLS OLS OLS
N 932 932 932 934 934 934 932 932 932
R? 0.000 0.011 0.005 0.000 0.024 0.003 0.000 0.021 0.006

Note: “present at” and “present before” respectively denote the shares of site visits during which the teacher was present at the

school the day of the visit and the day before the visit.
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TABLE A4. Quality Treatment Effects, Given Present

s_t_nts_level_mean

1) ) ®3)
(Intercept) -0.494***  _(0.595***  -(.585***
(0.037) (0.039) (0.040)
s_t_1_nts_level_mean 0.536***  0.535***  0.535%**
(0.005)  (0.005)  (0.005)
s_Male 0.018 0.019* 0.018
(0.009)  (0.009)  (0.009)
s_SC 0.000 0.003 0.001
(0.015)  (0.015)  (0.015)
s_ST -0.042 -0.043 -0.040
(0.033)  (0.033)  (0.033)
s_OBC 0.040** 0.040** 0.040**
(0.013)  (0.013)  (0.013)
hh_affluence_index 0.051***  0.051***  0.051***
(0.003)  (0.003)  (0.003)
parent_literacy_index 0.042***  0.043***  0.043***
(0.005)  (0.005)  (0.005)
t_age_group: 2 0.154***  0.169***  0.165***
(0.030)  (0.030)  (0.030)
t_age_group: 3 0.154***  0.162***  0.160***
(0.030)  (0.030)  (0.030)
t_age_group: 4 0.180***  0.196***  0.189***
(0.033)  (0.033)  (0.033)
incentive 0.384***  0.392***  0.386™**
(0.047) (0.047) (0.047)
t_age_group: 2 & incentive -0.067 -0.081 -0.071
(0.049)  (0.049)  (0.049)
t_age_group: 3 & incentive -0.197***  -0.207***  -0.199***
(0.049)  (0.049)  (0.049)
t_age_group: 4 & incentive -0.456***  -0457***  -0.451***
(0.053)  (0.052)  (0.052)
present_at_visit 0.071***
(0.021)
present_day_before_visit 0.176***
(0.023)
present_at_or_day_before_visit 0.174***
(0.026)
Estimator OLS OLS OLS
N 34,709 34,831 34,709
R? 0.270 0.272 0.271
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TABLE A5. Teacher Characteristics and Quality, Control Group

all teachers t_age_group=1

s_t_nts_level_mean

(1) ) ®) “) )

(Intercept) -0421%%*%  -0.532%**  -0.544***  -0.704***  -0.778***
(0.037)  (0.042)  (0.052)  (0.156)  (0.163)
s_t_1_nts_level_mean  0.548***  (0.548***  (0.548***  (.365***  (0.377***
(0.007)  (0.007)  (0.007)  (0.029)  (0.030)

s_Male 0.018 0.019 0.019 0.095 0.096
0.012)  (0.012)  (0.012)  (0.054)  (0.054)
s_SC -0.022 -0.033 -0.032  -0.094 -0.102
0.021)  (0.021)  (0.021)  (0.113)  (0.113)
s_ST -0.037 -0.045 0.045  -0.524%%  -0.489**
(0.044)  (0.044)  (0.044)  (0.180)  (0.182)
s_OBC 0.056™*  0.053**  0.053** 0.009 0.019
0.017)  (0.017)  (0.017)  (0.103)  (0.103)
hh_affluence_index  0.039%*  0.038***  (0.038***  0.044* 0.038

(0.004) (0.004) (0.004) (0.020) (0.020)
parent_literacy_index 0.056***  0.054***  0.054***  0.092***  0.086**
(0.006)  (0.006)  (0.006)  (0.028)  (0.028)

t_age_group: 2 0.136™**  0.120***  0.120***
(0.030)  (0.030)  (0.030)
t_age_group: 3 0.120***  0.102***  (0.103***
(0.030)  (0.030)  (0.031)
t_age_group: 4 0.146***  0.132***  0.133***
(0.031)  (0.031)  (0.031)
t_male 0.086***  0.083***  (0.083*** 0.177** 0.140*
(0.013)  (0.013)  (0.013)  (0.065)  (0.069)
t_educ_years -0.004  0.074*** 0.088***
(0.004)  (0.015) (0.018)
t_educ_years ** 2 -0.009***
(0.002)
t_educ_level: 2 0.126** 0.312**
(0.045) (0.096)
t_educ_level: 5 0.148*** 0.510***
(0.043) (0.100)
t_educ_level: 7 0.075
(0.045)
Estimator OLS OLS OLS OLS OLS
N 17,758 17,758 17,758 945 945
R? 0.294 0.296 0.296 0.198 0.200

Note: OLS regressions of standardized test score for students in control group, pooled over years and subjects.
Regressions include student characteristics. Columns (1)) present results for all teacher age groups, while columns
(4)-(5) presents results for teachers in the youngest age group. Teacher age group cutpoints are 0, 25, 35, 45, and 60.



- Lag to labor-market entry: discount back 12 years from age 20 to age ~ 8 by (1.1)'? = 0.3186.
- Class size: 1 = 38 students per teacher.

Step 1: PV per student for a 1 pp gain.. A 1pp VA gain raises log wages by

1
'pp = T'sp X 25 =0.18 x 0.04 = 0.0072.

The implied annual rupee gain is rppw = 0.0072 x 28,000 = ¥201.6. I next calculate the present-
discounted value of this annual gain over 40 years, and discount this amount to bring it back 12
years:

PVtudent, 1 pp = 201.6 X Agg X (1.1) 2 = 201.6 x 9.779 x 0.3186 ~ T628.

Step 2: Convert to the teacher/class unit (pp per class).. Finally, multiply by class size to cast in
terms of model’s ¢, which is per-class:

&g = PVgudent, 1pp X7 = 628 %38 =~ 23,900 per pp per class.
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