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In this paper we show that local redistribution of educational resources via teacher transfers between
neighboring public schools can improve equity in access to teachers. Transfers from teacher surplus
schools to deficit schools within a 10 km radius in Haryana, a state of India for which we have geo-
coded location of schools in 2013, enables 19 percent of deficit schools to meet the minimum require-
ment. We use the mandated norms in the Right to Education Act in India, to define deficit and surplus
schools. In the process we also provide a characterization of schools that are in deficit and those in sur-
plus. We find that connectedness, the social composition of the enrolled students, the income of the
neighborhood are important determinants of a school being in deficit. Surplus schools mirror the results
on deficit, but not always so: they are far more heterogenous, leading to possibilities that they may in fact
be no different than some low shortage deficit schools. Keeping in the background this heterogeneity in
surplus schools, we design local transfers between schools and evaluate them on how well they match
characteristics of the donor and recipient schools. The chosen algorithm is compared to another transfer
rule that reduces the variance of shortages across schools and is found to be better in matching charac-
teristics, that is, the donor and recipient schools are, on an average, matched in characteristics: in terms
of the development of the region, its rural/urban location, connectivity and school characteristics. A com-
parison of transfers that follow our redistribution rule to transfers resulting from an actual transfer policy
shows that while our rule removes deficits in rural areas, the actual transfers favored more developed
regions.

� 2018 Published by Elsevier Ltd.
1. Introduction

As countries move to set new targets for education parameters
as a part of the Sustainable Development Goals (SDGs), they are
fettered by two persistent problems in schooling outcomes: the
quality of primary education1 and the inequity in access to schools
and school inputs. In this paper, we address inequity of access to
teachers among those enrolled in public primary schools and suggest
a way to redress this shortage in the short run. We focus on India as
it ranks poorly on Pupil Teacher Ratios (PTR). In 2014–2015, 27.35
percent of primary schools in India had more than 30 students per
teacher (DISE, 2015).

The inequity in access to teachers in the public schooling sys-
tem can be addressed by recruitment of teachers, by consolidation
of multiple schools into one big school and by teacher transfers.2

Mass recruitment requires larger public funds3 whereas consolida-
tion increases distances students may have to travel. Hence, we
focus on the third mechanism: teacher transfers. Redistribution of
teachers has been attempted all over the world and is still consid-
ered an important part of education policy.

The main problem with redistribution policies is that teachers
prefer not to be posted in remote rural places (Fagernas &
Pelkonen, 2012; Kremer, Muralidharan, Chaudhury, Hammer, &
Halsey Rogers, 2005). Hence, a patronage-based system exists
where powerful politicians and bureaucrats oblige politically-
helpful teachers with transfers of their choice, regardless of
school need, and punish disobedience with undesirable transfers
achers is
also take
s. When
n.
form of
, 2013).

http://crossmark.crossref.org/dialog/?doi=10.1016/j.worlddev.2018.06.010&domain=pdf
https://doi.org/10.1016/j.worlddev.2018.06.010
mailto:athisii@isid.ac.in
mailto:abhiroop@isid.ac.in
mailto:anugula.reddy@gmail.com
https://doi.org/10.1016/j.worlddev.2018.06.010
http://www.sciencedirect.com/science/journal/0305750X
http://www.elsevier.com/locate/worlddev


334 S. Agarwal et al. /World Development 110 (2018) 333–344
(Sharma & Ramachandran, 2009).4 This often leads to schools in
remote places to be deficit in teachers (Mehrotra, 2006).

In this paper we acknowledge such frictions and try to work
around them by suggesting rule-based local transfers. These trans-
fers are based on the rule that all teacher redistribution has to take
place within a pre-specified distance cut off (5–10 km in this
paper) and they must involve the re-allocation of a teacher from
a school that has ‘‘surplus” teachers to a school that is ‘‘deficit”
in teachers (we return to this later). Such local transfers have
two attractive features: First, for those teachers whose current
school posting is driven by a desire to work in a particular area,
local transfers may be more palatable and the push back on trans-
fers may be lower. For example, if teachers work in an urban area,
then a displacement of 5 to 10 km is likely to keep them within the
urban zone and may be acceptable whereas a transfer to a remote
rural school or another district in the state may be opposed. In so
far as teachers need to invest in a living arrangement that is com-
patible with their workplace, such local transfers may be least dis-
ruptive leading to less opposition and consequent lobbying to
oppose such transfers. Second, in so far as development often takes
place in clusters, such local transfers may move teachers between
schools that match on important dimensions: for example, devel-
opment of the region and connectedness.

We design transfer rules based on different objectives and show
that in all cases the effect of our transfer rules on the distribution of
teachers is not negligible. However, while such rule-based trans-
fers make the system transparent, teachers may still oppose them,
even though the transfer is local. Acknowledging that, we evaluate
teacher transfer rules in terms of how well they match, on various
characteristics, the source and destination schools of the trans-
ferred teachers. The implicit assumption is that if schools match
on observable characteristics, they are equivalent for teachers as
long as they are in the same neighborhood.

The specific context of India is important as India has under-
taken a significant reform in its education system through the
Right to Education Act in 2009 (RTE). This act calls for teacher
transfers to redress problems of inequity in access to teachers.
There is mixed evidence, though, on the impact of such policies.
In India, Operation Blackboard (OB), a central government program
launched in 1987, lead to a de facto redistribution of teachers from
larger schools to one-teacher schools.5 While such a program had
positive effects on the children’s attendance outcomes, only one
quarter of the OB teachers were in fact sent to the intended place
(Chin, 2005). The problem of such misallocation of teachers is also
well documented in other developing countries in Africa (Mulkeen,
2006) and increases the cost of teacher redistribution.

In the context of this paper, the concept of surplus and deficit
are derived from mandated pupil-teacher ratio (PTR) requirements
under the RTE Act. The act states that there needs to be no less than
2 teachers for a school with 1–60 students, no less than 3 teachers
for a school with 61 to 90 students, no less than 4 teachers for a
school with 91 to 120 students, no less than 5 teachers for a school
with 121 to 200 students and that the school should maintain a
pupil teacher ratio of 40 if it has more than 200 students.6 We clas-
sify schools that do not meet the minimum teacher requirement
under RTE Act as ‘‘deficit” schools, whereas ‘‘surplus” schools as
4 Beteille (2009), in her study of 2340 public school teachers, across 930 randomly
selected schools in selected districts of three states of India (Rajasthan, Madhya
Pradesh and Karnataka) found that in every district over 50 percent of teachers agreed
that if a teacher wanted to be transferred, he/she would need connections. Moreover,
over 30 percent of teachers in every district agreed that they would still have to pay
some money to get the posting they want. These concerns are not restricted to India.

5 Operation blackboard paid for 140,000 teachers to be appointed to one-teacher
primary schools. However, the policy turned out, de facto, to be a redistribution as the
average number of teachers per primary section did not increase (Chin, 2005).

6 The number of students refers to enrolled students.
those that would meet the mandated requirement even if some
teachers were transferred out.

We provide results from various possible redistributions using
data on the census of public primary schools in Haryana, a north-
ern state of India for which detailed geocoded location of all
schools is publicly available. In 2013, 32.6 percent of government
schools did not meet the PTR as mandated by the Right to Educa-
tion Act. We design redistribution rules in the state using four algo-
rithms. While all four algorithms are local, they differ in the
protocol of how the transfers are sequenced and have different
objectives. The first two algorithms attempt to reduce the propor-
tion of schools that are deemed to be in deficit. The difference
between the two algorithms is that while one of them specifies
that transfers should take place first between the most surplus
schools and the schools that have the least shortage of teachers,
the other algorithm specifies that transfers should take place first
from schools that have the least surplus to schools with the lowest
deficits. The first algorithm is motivated by the assumption that
schools with the largest surplus may be least affected by transfers
of teachers. The second algorithm is motivated by the considera-
tion that the schools with the least surplus may be closest in char-
acteristics to schools with least shortfalls, hence similar. The third
algorithm minimizes the variance of shortage across schools and
this is achieved by transferring teachers from schools with highest
surplus to schools with highest shortfall. An underlying assump-
tion in this paper is that for the algorithms to be practical, the
source and destination school should not be too different. Hence,
we evaluate the algorithms on the basis of whether, on an average,
the source and destination schools match each other in terms of
characteristics. In addition, we compare the aforementioned three
algorithms to a fourth one, where the destination school is
matched to a source school, on the basis of observable characteris-
tics (classrooms, toilets, qualification of teachers, proportion of stu-
dents who belong to disadvantaged communities, and age of the
school).

With the matching criterion in mind, we show that our best
algorithm is one where transfers take place from the most surplus
schools to the least deficit schools. We find that on important
dimensions: connectedness of the school, development of the area
around the school, location (whether it is in the rural district),
school infrastructure, demographics of the students and the quali-
fication of the teachers, there is no statistical difference between
the source and the destination school. Thus, this local redistribu-
tion mechanism may make a large number of transfers palatable
by not changing drastically the environment in which teachers cur-
rently work.

Using this algorithm, we show that transfers within 5 km result
in a 14 percent reduction in the proportion of deficit schools (422
schools out of 3041 deficit schools meet the law post transfer). At
the 10 km range, almost 19 percent of the deficit schools meet the
minimum teacher requirement (the corresponding number of
schools is 568). This is a considerable decrease in deficit schools
without new recruitment and results in extra teachers to 71,395
students in the deficit schools.

It may be contended that while government redistribution rules
are opaque, education departments do follow such kind of rules. To
examine this, we contrast results of the local redistribution mech-
anism suggested by our paper to a real transfer policy that was car-
ried out in the same state after 2011. Fixing school enrolments at
their 2011 level, we find that while the actual redistribution may
have resulted in 26 percent of the deficit schools meeting the
PTR requirements (by 2013), a 5 and 10 km redistribution would
have addressed the deficit in a larger proportion of schools (38
and 48 percent respectively). Moreover, while the actual policy
resulted in a larger proportion of deficit schools meeting the
threshold in developed areas, the local redistribution rule
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suggested in this paper would have led to a higher proportion of
deficit schools in rural areas meeting the mandated threshold.

The paper is organized thus: in Section 2, we provide a descrip-
tion of the context. Details about the data set are provided in Sec-
tion 3. A characterization of schools is provided in Section 4.
Section 5 discusses the local redistribution algorithms, their objec-
tives and the results of such transfer protocols. How the rules com-
pare in matching source and destination schools is taken up in
Section 6. In Section 7 we conduct a comparison of the results of
the suggested redistribution to actual net increases in teachers in
schools that were in deficit in 2011. We conclude with a discussion
in Section 8.

2. Description of the context

In this paper, the context chosen is that of government primary
schools in the state of Haryana (a northern state of India). The data-
set covers the census of 9255 such schools, which are administered
by the state government’s department of education.7 The choice of
the context is purposive. Teacher transfers require administrative
control over a large number of schools across which reallocation is
possible. Government schools are therefore the natural candidates
for this study since teachers can be transferred across schools in
the system. However, to ensure such transfers, we need to ensure
that teachers are homogenous in what their duties are. We therefore
focus on primary schools. Teachers for such schools are not hired for
any specific subject and are meant to teach any class (I-V) in these
schools. Hence, redistribution rules do not need to take into account
subject as well as class specific teacher needs.

A potential complication in teacher transfers is dealing with
schools that offer primary sections as well as other levels of educa-
tion (secondary/higher secondary). Any transfer rule would then
require information on what grade the teacher specializes in (pri-
mary sections or higher sections in the school), but this is usually
not available. This potential complication motivates why we
choose the state of Haryana for our analysis. In this state,
‘‘Primary-only” schools form 99 percent of the government schools
where instruction is offered at the primary level.8

The choice of the state may be purposive, but it is not an atyp-
ical state in terms of the importance of public schooling. The
National Sample Survey (2014) measures school attendance from
household surveys and finds that in Haryana, 41 percent of chil-
dren going to primary schools go to Government primary schools
(around 987,000 students). The corresponding proportion for India
is in fact higher at 62 percent. Hence, the teacher transfer rules for
government schools reported here, may be even more important in
other states.9

3. Data

The teacher transfer rules suggested in this paper require accu-
rate data on where schools are located with respect to each other.
GIS data on latitude and longitude for all schools, including the
government primary schools, are available for the state from the
National University of Educational Planning and Administration
(NUEPA). These data are merged with data on school characteris-
tics and enrolment from DISE (District Information System for
7 There are 9333 schools but some of them have missing information on enrolment
as well as missing latitude-longitude coordinates that are crucial for our study.

8 All teachers in Haryana can be transferred to any place within each district.
Moreover, if there is a need, they can be transferred to any place in the state. This
would require additional permissions from state education authorities.

9 The lack of accurate location data is one of the main reasons this exercise has not
been attempted at an all India level. However, there is a drive among public officials
to geocode public facilities. Hence, such data will be available for all states in the near
future.
Education) in 2013 for our main results and with similar data from
DISE in 2011 for auxiliary results. The latter dataset includes infor-
mation on the number of students and their composition across
groups (scheduled caste (SC), other backward castes (OBC) and
muslims), the total number of teachers, the total number of teach-
ers who have different qualifications (graduate, post graduate and
higher) and access to amenities (toilets, classrooms). These data
are also collected by the NUEPA and are used by the administrative
officials for planning.10

The DISE dataset also reports whether the school district is rural
or urban. However, these classifications often do not capture the
level of development of the region. Hence, for each school, we con-
struct an index of economic development measured by night lights
measured from space.11 To construct this index, we calculate the
average luminosity density (total luminosity per square km) for a
radius of 5 km around each school.12

It is also important to know how accessible these schools are. To
construct a measure of accessibility, we extract data on kilometers
of various types of roads in a radius of 0.25 km of each school.13 We
label a school as connected if there are metaled roads within this
radius.14
4. Correlates of schools being teacher deficit or surplus

The Right to Education Act was enacted in 2009 to improve
access to schooling for all children in India. A key component of
this act is access to teachers. However, the progress on PTRs has
been slow in the context of India. The PTR after the third year
annual assessment post RTE came down to 27 in 2012–13 from
32 in 2009–10 (RTE, 2012). However, the percentage of schools
with a single teacher (and therefore violating the minimum
required for school of any size) remained unchanged at 9%. To
address some of these anticipated problems, the act called directly
for teacher transfers, where possible, to ensure that all schools
meet the minimum teacher requirement. Hence, one of the main
objectives of this paper is to suggest teacher transfers that increase
the proportion of schools that meet the legal minimum require-
ment of teachers in public schools.

In Haryana, this act was notified in 2011. A cumulative distribu-
tion of pupil-teacher ratio based on data for primary government
schools in Haryana in 2013–14 reveals that there is a fair hetero-
geneity (Fig. 1). 55 percent of schools have PTR below 30 whereas
10 percent of schools have a PTR above 50. However, the stipula-
tion for pupil teacher ratio is not a fixed number. The act states that
there needs to be no less than 2 teachers for a school with 1–60
students, no less than 3 teachers for a school with 61 to 90 stu-
dents, no less than 4 teachers for a school with 91 to 120 students,
no less than 5 teachers for a school with 121 to 200 students and
that the school should maintain a pupil teacher ratio of 40 if it
has more than 200 students.15

Based on this legal requirement, we classify schools into three
kinds: Deficit schools (that do not meet the mandated threshold),
Just meet schools (that meet the threshold and which wouldn’t if
they lost any teacher) and Surplus schools (that meet the threshold
and which would continue to do so even if they lost one teacher, in
often questioned. However, that discussion is not relevant for this paper since
administrative decisions are made on the basis of these data.
11 This proxy is motivated by Henderson, Storeygard, and Weil (2012).
12 The data is sourced from http://ngdc.noaa.gov/eog/dmsp/downloadV4compos-
ites.html and is extracted using ARC GIS.
13 Road maps are sourced from http://download.geofabrik.de/asia/india.html.
14 We calculate whether there are primary, secondary, tertiary or trunk roads in the
radius of the school. The definitions of these are given in http://wiki.openstreetmap.
org/wiki/India:Tags/Highway.
15 The number of students refers to enrolled students.

http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
http://download.geofabrik.de/asia/india.html
http://wiki.openstreetmap.org/wiki/India:Tags/Highway
http://wiki.openstreetmap.org/wiki/India:Tags/Highway


 

Fig. 1. Distribution of PTR across Govt schools.

Table 1
Meeting pupil teacher ratios: 2011–2013.

Proportion of schools Percent Percent
2011–12 2013–14

Deficit 41.11 32.74
Just Meet the Norm 41.03 60.01
Surplus 17.86 7.25

Total 9396 9287
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some cases more). Based on this classification, 32.74 percent of
schools in 2013–14 are deficit schools. This is accompanied by
7.25 percent of schools that are surplus schools while the rest
(60.01 percent) just meet the requirement (Table 1).16
 

Fig. 2. Proportion of schools that meet mandated PTR: by student size.

19
4.1. Estimation strategy

What characterizes the schools in deficit? To answer this ques-
tion, we undertake a regression analysis to describe such schools.17

Let us define a variable deficitibd, that takes the value 1 if school i sit-
uated in block b belonging to district d is a deficit school, 0 otherwise.

We posit that the probability of being in deficit is correlated
with characteristics of the school as well as that of the neighbor-
hood. Among school level characteristics, we consider enrolment
as an important correlate. Given that the pupil-teacher ratio rules
depend on the size of the school (as defined by enrolment), we
define indicator variables for the size classes of schools that deter-
mine the teacher requirement (the vector of size class indicators
are referred to as enrol). Fig. 2 reveals that the proportion of schools
that meet the deficit vary across size classes, with a higher propor-
tion of larger schools not meeting the PTR requirement. This is
paradoxical since the PTR requirements are more lax for bigger
schools. However, it may be explained partly by the fact that enrol-
ment is endogenous and it could well be the case that some schools
that have seen, in the near past exodus of students, are now less
likely to be in deficit due to the low student population, even with
a small number of teachers.18 Therefore, this should be merely
taken as a characterization of deficit schools that policy makers face
in any given year. We will return to this point later in the paper.

The PTR may be correlated to other characteristics of the school.
Either the school may not get the resources it asks for, or teachers
may be unwilling to join schools without complementary infras-
tructure inputs. To investigate if there is a correlation between
the PTR and other characteristics, we construct an infrastructure
index that takes into account proportion of classrooms that are
deemed good, the proportion of toilets that are deemed good, for
boys and for girls separately; the proportion of toilets that have
16 That there is an improvement compared to 2011 is apparent since the percent of
deficit schools then was around 41 percent. Part of this improvement is misleading
and we return to this in a later section.
17 We make no claims here of causality.
18 Another explanation could be that staffing decisions are made at a different time
to when students decide on enrolment or dropout. But this would have to affect the
larger schools more than the smaller schools for us to observe a greater effect for
larger schools.
functional water supply, for boys and girls separately. The index
is created by a principal component analysis of these variables
(Infra).19 Moreover we include, as a correlate, the proportion of
teachers who have at least a graduate degree to check if there are
less qualified teachers in deficit schools (Teach).

There are social dimensions on which the schools could system-
atically vary. We capture this by taking into account the proportion
of students who are from the scheduled castes (SC), Other Back-
ward Classes (OBC) or are Muslim (Muslim). The residual group
consists of those belonging to the forward Hindu castes.20

Further, we take into account the age of the school (Age), as
older schools may have better reputation and may attract teachers.
We refer to the vector of these characteristics: namely enrol, Infra,
Teach, SC, OBC, Muslim and Age, as School.

Let us now consider community level characteristics of the
school. The neighborhood of the school is an important correlate
of the demand for schooling. We take into account the rural-
urban categorization of school district by including an indicator
variable that the school lies in a rural district (Rural). Since teachers
may be hesitant to join schools that are less connected, we include
connectedness (Connected: as defined above) of the school as an
explanatory variable. To take into account that schools may have
both a higher demand for schooling as well as higher supply of
teachers in economically developed regions, we include the
Principal components is a technique for extracting from a set of variables those
few orthogonal linear combinations of the variables that capture the common
information most successfully. Intuitively the first principal component of a set of
variables is the linear index of all the variables that captures the largest amount of
information that is common to all of the variables. It does so by explaining the
maximum variance. Using the tradition of Filmer and Pritchett (2001) who create a
household wealth index based on asset ownership, we use the first principal
component.
20 There are no individuals who are classified as Scheduled Tribes in the state of
Haryana.
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luminosity density (Lum) as a regressor. We refer to these variables
as Neighborhood. The summary statistics for all these variables are
provided in Appendix A.1.

With these variables in mind, we run three sets of probit esti-
mation exercises.21,22 We report marginal effects in all tables.

The empirical model is given by

Prob deficitibd ¼ 1ð Þ ¼ Uðaj þ b0Schoolibd þ c 0NeighborhoodibdÞ ð1Þ

where U is the cumulative density function of the Normal Distribu-
tion. We assume that aj ¼ a in the baseline regression. In other
words, we run the baseline specification without controlling for
any geographical dummy variables. Hence, deficit schools are com-
pared to non-deficit schools from all over the state.

In the second exercise, we include district dummy variables,
that is, aj ¼ ad. This specification makes all comparisons intra dis-
trict. Block level fixed effects, that is aj ¼ abd, are included in the
third exercise to make intra-block comparisons. A comparison of
the three regression results is important to throw light on what
are the difference between deficit and non-deficit schools as we
narrow, on an average, the distance between them.

A similar estimation exercise is run for the probability of being
in surplus. Now Prob deficitibd ¼ 1ð Þ is replace by Prob surplusibd ¼ 1ð Þ
in equation (1). All regression results report robust standard errors,
clustered at the level of the school district.
4.2. Results

The marginal effects for deficit are reported in Table 2: columns
1–3, while those for surplus are reported in columns 4–6. While
columns 1 and 4 report results without controlling for any geo-
graphical dummy variables, columns 2 and 5 report results with
district fixed effects while the estimated marginal effects with
block fixed effects are reported in columns 3 and 6.

The observation in Fig. 2 that schools with larger enrolment
have a greater deficit is borne out even in regression results
reported in columns (1) to (3). As compared to the reference cate-
gory (schools with enrolment between 1 and 60), schools with 201
or more students are 40 percentage points more likely to be in def-
icit (column 3). In other words, even within blocks, larger schools
are more likely to be in deficit. Such a deficit also suggests that
while big schools have a large number of teachers, they are not
able to attract enough teachers given their large student size.

The correlation of social composition of students with the prob-
ability of being in deficit is interesting. A higher proportion of SC as
well as OBC students lower the probability of being in deficit. Some
of this correlation may be driven by the fact that government
schools tend to target disadvantaged communities and hence there
are more teachers in schools with higher proportion of such disad-
vantaged students. There may be deeper local political economy
reasons that are outside the scope of this empirical analysis. In con-
trast, results suggest discrimination against Muslim students since
the partial correlation between the proportion of Muslim students
and the probability of being in deficit is positive.

Are schools that lack adequate number of teachers poorer in
other school infrastructure? When comparing schools within a
block, schools with better infrastructure are less likely to be in def-
icit. This suggests a possible neglect of certain schools in compar-
ison to others in most school inputs. On the other hand, the
proportion of teachers who are graduates does not correlate with
the probability of being in deficit. We also find that older schools
are less likely to be in deficit.
21 Some missing covariates imply that we run these regressions on 8558 schools.
22 Results are similar even if we estimate a Logistic model or a Linear Probability
Model.
Anecdotal evidence often suggests that rural areas have a
greater probability of being deficit in teachers. However, this result
is not borne out in our results. Connectedness, on the other hand, is
an important covariate of a school being in deficit. An intra-block
comparison yields the result that connected schools are 2.4 per-
centage points less likely to be in deficit. Moving on to the level
of economic development, as proxied by light density, results
depend on whether comparisons are intra state, intra district or
intra block. For the whole state, the more luminous places in fact
have a greater deficit. However, as wemake the comparison groups
geographically closer, thus taking into account other region level
unobservable factors, we find that more developed places have a
lower probability of having a deficit school.

These results are consistent with the notion that some schools
were discriminated against, even after 2 years of the enactment
of a policy drive to enact the Right to Education policy in the state.

Given the profile of the deficit schools, in this paper, we will
attempt to transfer teachers locally from surplus schools. However,
are surplus schools very different from deficit schools? Surpris-
ingly, our results (columns 4–6) suggest it is the biggest schools
that are in surplus. Schools with 201 students and above are 3.5
percentage points more likely to be in surplus, as compared to
the reference category of schools (which also includes schools that
just meet the mandated threshold). Hence, it would seem that,
even within a block, big schools are both in surplus as well as in
deficit. Mirroring results from before, schools with higher propor-
tion of SC and OBC students are more likely to be in surplus, while
a higher share of Muslim students reduces the probability of being
in surplus. The surplus schools are more likely to be in a rural dis-
trict even though they don’t correlate with economic development
as measured by luminosity. More connected schools as well as
older schools are more likely to be in surplus, even when we com-
pare the schools within blocks. They are however not better off in
terms of school infrastructure.

It is clear that deficit and surplus schools are different in many
dimensions. A teacher would be unwilling to move between
schools which differ a lot in characteristics. Even if the administra-
tive authorities were to comprehend this point, it may be infeasible
for them to design rules that match schools on the basis of charac-
teristics. In this paper we suggest a second best solution that is
more feasible to implement: local transfers. The implicit assump-
tion behind local transfers is that schools are likely to be similar
in observable characteristics (total enrolment, classrooms, toilets,
qualification of teachers, proportion of students who belong to dis-
advantaged communities, age of the school, location, connected-
ness and level of development of adjoining area) if they are close
to each other. Moreover, given that the displacement between
schools is less, this may be less opposed, as compared to transfers
to other parts of the district (or even state) which would require a
big dislocation.

How local do such transfers have to be? Some of the differences
between deficit and surplus schools, even in intra block compar-
isons, imply that block level transfers are unlikely to match source
(the school that provides the teacher) and destination schools (the
school which gets a teacher) in terms of many characteristics. The
transfers therefore have to be even more local to have any chance
of matching source and destination schools. Hence, we investigate
possibilities of distance based local transfers in the next section.

5. Distance based transfers

In this section, we discuss algorithms that transfer teachers
within a distance of 5 km. We also conduct these exercises for a
maximum distance of 10 km. To begin with, in Fig. 3, note the spa-
tial distribution of surplus and deficit schools. As can be seen there
are many pockets where surplus and deficit schools are contiguous



Table 2
Correlates of schools deficit and surplus in teachers: probit marginal effects.

(1) (2) (3) (4) (5) (6)
VARIABLES deficit deficit deficit surplus surplus surplus

Reference Category: School with No of Students 1–60
Dummy: School with No. of Students 61–90 0.106*** 0.129*** 0.143*** 0.0303*** 0.0211*** 0.0196**

(0.0203) (0.0209) (0.0215) (0.0105) (0.00759) (0.00813)
Dummy: School with No. of Students 91–120 0.222*** 0.274*** 0.286*** 0.00824 0.00619 0.00200

(0.0211) (0.0221) (0.0228) (0.0104) (0.00724) (0.00746)
Dummy: School with No. of Students 121–200 0.160*** 0.228*** 0.253*** 0.00214 0.000318 �0.00436

(0.0192) (0.0206) (0.0216) (0.00883) (0.00605) (0.00656)
Dummy: School with No. of Students 201 and above 0.288*** 0.372*** 0.394*** 0.0445*** 0.0359*** 0.0351***

(0.0204) (0.0219) (0.0231) (0.0127) (0.00979) (0.0103)
School Infrastructure Index 3.30e�06 �0.00524 �0.00956** �0.00970*** �0.00211 �0.00153

(0.00418) (0.00440) (0.00471) (0.00213) (0.00147) (0.00170)
Proportion of teachers who have a grad. degree 0.0300 0.0149 0.00435 �0.0230*** �0.00276 0.00359

(0.0210) (0.0223) (0.0229) (0.00855) (0.00627) (0.00719)
Proportion of Student who are SC �0.118*** �0.131*** �0.167*** 0.00892 0.0300*** 0.0400***

(0.0321) (0.0320) (0.0346) (0.0135) (0.0101) (0.0114)
Proportion of students who are OBC �0.0311 �0.0625** �0.114*** �4.76e�05 0.0146 0.0311***

(0.0323) (0.0309) (0.0334) (0.0145) (0.0104) (0.0120)
Proportion of students who are Muslim 0.415*** 0.253*** 0.191*** �0.0773*** �0.0333** �0.0315*

(0.0333) (0.0389) (0.0393) (0.0194) (0.0169) (0.0188)
Dummy: Rural India �0.0121 �0.0354 �0.0377 0.0205* 0.0200*** 0.0227***

(0.0287) (0.0281) (0.0279) (0.0114) (0.00609) (0.00649)
Dummy School is well connected �0.0202* �0.0147 �0.0244* 0.00516 0.00589 0.0104**

(0.0122) (0.0124) (0.0131) (0.00584) (0.00400) (0.00447)
Total Local Night Lights Luminosity 0.00293*** �0.00101 �0.00190** �0.000966*** 5.70e�05 9.43e�05

(0.000672) (0.000764) (0.000841) (0.000329) (0.000239) (0.000284)
Years in Operation �0.00196*** �0.00208*** �0.00201*** 0.000997*** 0.000593*** 0.000667***

(0.000281) (0.000278) (0.000300) (0.000127) (9.25e�05) (0.000104)
District Fixed Effects No Yes . No Yes .
Block Fixed Effects No No Yes No No Yes
Observations 8558 8558 8285# 8558 8558 8010#

Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1, #: Observations dropped because Block dummies perfectly predict outcome.
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Fig. 3. Spatial distribution of schools.

23 More sophisticated exercises that use genetic algorithms do a better job in more
complicated settings where there are lesser restrictions imposed (Chen, Liu, Chou,
Tasi & Wang, 2015). However, experience from policy implementation of some recent
matching algorithms have suggested that if the exact reasoning of the algorithms
does not seem clear and fair to agents (teachers in this case) and policy makers (state
education departments), these are protested and often reversed. For example, in a
slightly different context, Pathak (2016) makes the point that school authorities often
feel that algorithms that match students to schools are ‘‘unnecessarily complex”.
24 Shortfall is defined as the number of teachers needed to meet the teacher
requirement as defined by the right to education act.
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and thus amenable to local teacher transfers. It is important to
point out, though, that given the relative differences in proportions
of deficit and surplus schools, the gap can only be bridged by more
teachers being hired in the aggregate. However, as the figure
shows, there is a margin on which improvements can be made
by such local teacher transfer policies.

There can be many possible objectives in designing redistribu-
tion rules.

OBJECTIVE 1: To minimize the proportion of schools in deficit.
Even with this fixed objective, there can be many algorithms. Since
the characterization of the optimal algorithm will depend on the
specific spatial distribution of schools, we focus here on simple
algorithms that are feasible for policy. The algorithms involve a
transfer between a surplus and a deficit school as long as they
are within a specified distance cut off. To consider what is ruled
out is an algorithm of the following type: Say the distance cut off
is 10 km. Consider three schools A, B and C on a line where B is
in the centre and A and C are on either side of it within the speci-
fied distance. Let A be surplus and C be deficit and B just meet the
teacher requirement. Now, one can consider a transfer from A to B
and then another transfer from B to C. This would not violate the
distance criterion. However, this would involve multiple transfers
and would include a transfer from a surplus school to a school that
meets the teacher requirement already. This would involve a sub-
stitution of a teacher in school B. However, once one allows trans-
fers involving school B, while one can do better, it is hard to
compute what the optimal algorithm is, especially with the large
number of schools involved. Hence, in this paper we stick to simple
transfers that always have as the source a surplus school and a def-
icit destination school, and we allow transfers within the stated
distance range.23

Our first teacher transfer algorithm protocol is the following:
Among schools that have a shortfall, we rank them in an ascending
order: that is, starting with those with the least shortfall in teach-
ers to those with the most shortfall.24 The motivation for doing this,
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as mentioned above, is that we would like to minimize the propor-
tion of schools with deficit. Moreover, we rank surplus schools in
descending order of surplus teachers. The motivation for doing this
is that taking away teachers from schools that have a higher surplus
is perhaps less harmful than transferring teachers from a school that
has fewer teachers in surplus. The algorithm is as follows: Begin with
the first deficit school in the ordered list. The set of feasible surplus
schools contains the surplus schools within the prescribed distance
cut off. The surplus schools in this set are ordered by the initial rank-
ing. Transfer as many surplus teachers from the most surplus school
in the set as the deficit school needs. If the deficit is completely met,
then we move to the school with the next rank in the deficit set and
continue the same exercise. If the deficit is not met, then we transfer
teachers from the next ranked school in the surplus set and continue
the process till the deficit is filled up. In case of ties, we choose ran-
domly.25 We refer to this algorithm as Algo1a.

We consider a slight variant of this protocol in Algo1b. Here
everything stays the same with the exception that we sort surplus
schools in ascending order of surplus. The rationale for this modi-
fication is that schools with a large surplus may be schools where
everyone wants to be posted and may be fundamentally different
from schools with shortages. On the other hand, schools with small
surplus may be similar to schools with small shortages.

OBJECTIVE 2: To reduce the variance of shortfall
It can be argued that while prioritizing schools with least deficit

is good for Objective 1, this merely maximizes schools that satisfy a
law (the RTE act) and may not be optimal. It may be better to
remove deficit in schools that have the largest short fall. The objec-
tive would then be to reduce the shortfall more in schools more
deficient in teachers. This can be restated as an objective of mini-
mizing the variance of shortfall across schools.26

To implement this, we follow an algorithm similar to that fol-
lowed in Algo1a, except that when we fill shortages in deficit
schools, we begin with schools that have the largest shortfall. We
refer to this algorithm as Algo2.

OBJECTIVE 3: To maximize ‘‘matched” transfers.
Since one of the compelling reasons behind local transfers is

that this may lead to source and destination schools being, on an
average, similar in characteristics, one can incorporate such match-
ing objectives directly into the algorithm. To elaborate, one can
design local transfers such that for every deficit school, transfers
are made from the surplus school in the local neighborhood that
is nearest to it in terms of school characteristics.

Since there are multiple observable characteristics of the school,
we aggregate selected school characteristics into an index using
principal component analysis. The characteristics we consider are
the different components that constitute Infra (good classrooms,
good toilets for boys and girls), Teach, SC, OBC, Muslim and Age.
As before we use the first principal component and construct a
school index (School_Char). The algorithm has the following proto-
col: we order deficit schools as in Algo1a and match first, the sur-
plus school that is closest to the deficit school in terms of
School_Char. This ensures that the transferred teachers from the
surplus school are matched to a ‘‘similar” deficit school. We refer
to this algorithm as Algo3.

We offer this algorithm not as a practical solution but as a
benchmark to evaluate which of the previous three algorithms ren-
ders similar outcomes.

An important piece of information that is needed for the local
teacher transfer is the latitude and longitude of where the school
is located. While the record for this state is fairly good, even here
25 As an alternative, one can begin with surplus schools and make transfers to deficit
schools around. We find that these are equivalent procedures for most of the cases. In
some cases, with ties, there can be some minor differences.
26 A surplus would be counted as a negative shortfall.
this information is lacking for 575 schools. Hence, we use informa-
tion on the 8712 schools for which this information is available.
The results provided can therefore be potentially improved if these
latitude-longitude information are available.27 Among 8712
schools, 31.94 percent of schools are in deficit whereas 7.37 percent
are in surplus.

The results of Algo1a and Algo1b are encouraging (Table 3a).
Given a surplus of 819 teachers, we find that the Algo1a is able
to make 636 transfers in the case of 10 km transfers and 484 trans-
fers in the case of 5 km transfers. The proportion of deficit schools
falls to 27.10 (from 31.94) in the case of a 5 km transfer. In the case
of a 10 km transfer, the proportion of deficit schools is 25.42. In the
case of the 5 km transfer this represents a fall in deficit schools by
14 percent whereas the corresponding fall is 19.4 percent for a 10
km transfer (The base for these percentages is 3041 deficit schools:
this assumes that the deficit for 252 schools with missing geocodes
would not be met even if location information were available for
them). Even with this conservative assumption, this represents a
non-trivial lowering of deficit, a fall in deficit of 400 to 600 schools,
depending on the cut off distance for transfer. The algorithm
changes largely the proportion of schools with shortfalls of 1 tea-
cher (Table 4). The variance of shortfall falls from 1.95 to 1.78
under the 5 km transfer and to 1.73 under the 10 km transfer.
Algo1b performs worse, but only slightly, with proportion of deficit
schools falling to 27.17 percent under the 5 km rule and to 25.53
under the 10 km rule (Table 3a). For ease of reading, we will refer
to both algorithms as Algo1 as the arguments for and against the
two are the same. We will differentiate between them again in
Section 6.

As explained above, another objective could be to lower the
variance of shortfall across schools. Table 3b reports the results
from Algo2. With this algorithm, the variance of shortfall falls to
1.66 under the 5 km transfer and to 1.53 under the 10 km transfer.
Understandably the proportion of schools that are in deficit (28.7
percent in the case of 5 km transfer and 28 percent in the case of
the 10 km transfer) is larger than for Algo1, which specifically tar-
gets reducing the proportion of deficit schools by filling up the
schools with the smallest shortfall. The distribution of shortfalls
post transfer is given in Table 4. While the differences do not seem
too large between the two algorithms, this algorithm removes def-
icit in 138 less schools. However, it is important to point out that
this may well be a better outcome for students, since the returns
to removing shortage in high shortage schools may be much higher
than removing shortage in low shortage schools.

The results of Algo3 are very close to that of Algo1 (Table 3c). The
number of deficit schools are lowered by almost the same propor-
tion in the case of both the 5 and 10 km transfers. This result is
important. It is unlikely that Algo3 is a practical algorithm for pol-
icy makers to follow. For example, it involves making a school
index which will immediately raise a debate on what to include
in the index. But its evaluation may throw light on the choice
between Algo1 and Algo2.

Note that choice between Algo1 and Algo2 requires a systematic
evaluation of which outcome is better: of decreasing the propor-
tion of deficit schools or decreasing the shortfall in the worst-off
schools. But there is no evidence to judge which is better in the
context of India (and or in any other developing country that we
are aware of). We therefore view this choice from a different lens.
While the evaluation on student outcomes is important, there are
at least two other dimensions that one needs to bring into the pic-
ture. First, will teachers be willing to accept passively such trans-
fers? Our assumption is that if the destination schools are
27 Interestingly, it’s the deficit schools that are more likely to have missing geo-
codes.



Table 3a
Results of transfer Algo1 and Algo2 (deficit reduction).

Pre transfer Algo 1a Algo 1b

5 km 10 km 5 km 10 km

Status Pre transfer
(All)

Pre transfer
(GPS coded data)

Post transfers Change Post transfers Change Post transfers Change Post transfers Change

Deficit 3041 (32.74) 2783 (31.94) 2361 (27.10) �422 2215 (25.42) �568 2367 (27.17) �416 2225 (25.53) �558
Just Meet 5573 (60.01) 5287 (60.69) 6095 (69.96) 808 6350 (72.89) 1055 6108 (70.11) 821 6385 (73.28) 1098
Surplus 673 (7.25) 642 (7.37) 256 (2.94) �386 147 (1.69) �495 237 (2.72) �405 102 (1.17) �540

Total 9287 8712 8712 8712 8712 8712

Table 3b
Results of transfer Algo2 (variance reduction).

Pre transfer 5 km 10 km

Status Pre transfer
(All)

Pre transfer
(GPS coded data)

Post transfers Change Post transfers Change

Deficit 3041 (32.74) 2783 (31.94) 2499 (28.68) �284 2439 (28.00) �344
Just Meet 5573 (60.01) 5287 (60.69) 5969 (68.51) 682 6135 (70.42) 848
Surplus 673 (7.25) 642 (7.37) 244 (2.80) �398 138 (1.58) �504

Total 9287 8712 8712 8712

Table 3c
Results of transfer Algo3 (matched transfers).

Pre transfer 5 km 10 km

Status Pre transfer
(All)

Pre transfer
(GPS coded data)

Post transfers Change Post transfers Change

Deficit 3041 (32.74) 2783 (31.94) 2361 (27.10) �422 2219 (25.47) �564
Just Meet 5573 (60.01) 5287 (60.69) 6109 (70.12) 822 6368 (73.09) 1081
Surplus 673 (7.25) 642 (7.37) 242 (2.78) �400 125 (1.43) �517
Total 9287 8712 8712 8712
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sufficiently close to source schools, and if the schools are not too
different in terms of characteristics, such transfers may be practical
to implement. Second, if there are strong complementarities
between teachers and other school characteristics, then transfers
between schools similar in school characteristics may be efficiency
neutral while improving equity.

Our results show that Algo1 leads to transfers more similar to
that under Algo3. Hence, given our arguments, it is more likely to
be the case that Algo1 is more feasible to implement and may
not compromise efficiency too much to gain equity.

An important consideration that remains is how the distance
cut offs correlate with time taken to travel. We calculate the time
taken to travel in a motorized transport from one school to the
other (This is done using GIS coordinates on google maps which
takes into account the existing road network and topography).28

The average time taken to travel was 10 min (with a median of 8
min) in the case of the 5 km transfer (under Algo1a). The correspond-
ing average time taken is 18.7 min (median of 18 min) for a 10 km
transfer. These travel times do not suggest great displacements.

There does remain, as one would imagine in such simple local
transfers, some inefficiency. For example, under Algo1b there are
still 102 schools that are left with a surplus, whereas there are still
2225 deficit schools (under a 10 km transfer policy). Fig. 4 shows
why this inefficiency remains. The spatial distribution of deficit
schools are in many cases such that there are no neighboring sur-
plus schools around them. Hence, they are stuck with deficits. A
district-state wide transfer could of course eliminate such ineffi-
ciencies but would require, in many cases, large dislocations:
28 This was manually done during the day time keeping in mind that the time taken
depends on the traffic.
something that we are trying to avoid through local teacher trans-
fers. However, our interpretation is that even with such simple
rules, one can easily reduce the proportion of deficit schools by
14 to 19 percent.
6. Source and destination schools: characteristics

In the earlier section, we provided indirect evidence that the
algorithms that lower the proportion of deficit schools (Algo1) pro-
vide post transfer outcomes that are very close to that of local
school characteristic matching algorithm (Algo3). However, we test
this more directly. We test if the source and destination schools
under Algo1a, Algo1b and Algo2 differ in terms of characteristics.

Using Algo1a, we find that there is no difference between the
source and destination schools in terms of whether they are in a
rural school district or in terms of the luminosity based develop-
ment indicator (Table 5 columns 1 and 2).29 Similarly, we find no
difference in the connectivity between source and destination
schools. This is especially important because, as we saw earlier, even
at the level of a block, there were differences in connectivity
between deficit and surplus schools.

We also find that the source and destination schools match with
each other, on an average, in terms of school level infrastructural
characteristics, proportion of teachers that have at least graduate
education, proportion of SC students (for 10 km transfers), propor-
tion of OBC students and proportion of Muslim students.

There are two characteristics for which source schools are
higher than destination schools. Source schools are statistically
29 A t test of the difference in means is reported in Table 4.



Table 4
Shortfall of teachers: pre and post transfers.

Shortfall 5 km transfer 10 km transfer

Pre-transfer (%) Algo1a (%) Algo1b (%) Algo2 (%) Algo3 (%) Algo1a (%) Algo1b (%) Algo 2 (%) Algo 3 (%)

0 teachers . 15.16 14.96 10.2 15.2 20.5 20.06 12.37 20.3
1 teacher 64.3 50.84 51.03 57.91 50.78 45.62 46.21 57.45 45.96
2 teachers 18.7 17.28 17.29 16.11 17.35 17.28 17.01 14.84 17
3 teachers 6.94 6.71 6.75 6.63 6.69 6.7 6.75 6.04 6.76
4 teachers 3.86 3.81 3.77 3.31 3.77 3.7 3.77 3.48 3.78
5 teachers+ 6.2 6.2 6.2 5.84 6.21 6.2 6.2 5.82 6.2

(Sample: Deficit Schools with Geocoded data available).
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Fig. 4. Post transfer distribution of schools (5 km) (Algo1a).
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bigger in terms of enrolled students than destination schools. To an
extent, this is an outcome of our transfer protocol. Bigger schools
(in terms of enrolment) are not just more likely to be in surplus,
Table 5
Difference between the source and destination schools.

Difference: Source – Destination Algo1a

5 km 10 km

Location: Rural India 0.008 0.015
(0.015) (0.015)

School is Connected 0 0.012
(0.028) (0.026)

Night Luminosity �0.057 �0.103
(0.21) (0.335)

School Infrastructure Index 0.011 �0.073
(0.076) (0.07)

% of At least Graduate teachers 0.025 �0.0003
(0.016) (0.014)

Total Students 14.13** 12.31**

(6.47) (5.45)
% of SC students 0.03** 0.003

(0.12) (0.011)
% of OBC students �0.11 0.013

(0.12) (0.011)
% of Muslim students �0.009 �0.007

(0.317) (0.008)
Years in Operation 4.97*** 5.65***

(1.27) (1.13)

484 636

*** p < 0.01.
** p < 0.05.
* p < 0.1.
but in fact have larger number of surplus teachers. On the other
hand, schools with the lowest shortfall are in fact small. Hence, a
local transfer protocol that starts with the most surplus schools
and least deficit schools will involve transfers from bigger schools
to smaller schools. Coincidently, this matches the evidence from
Operation Blackboard analyzed by Chin (2005) where there was
a de facto re-distribution from larger schools to smaller schools.

There is a big difference in vintage between the source and des-
tination schools. Source schools are at least 4 to 5 years older than
destination schools. This is an extension of the characterization
obtained earlier and it remains intact even after a local transfer.
We will come to an explanation of this later in the paper and show
that this is a construct of a previous transfer policy.

While Algo1b should, in principle match schools better, this is
not necessarily the case. Given the sequential nature of transfers
and the complicated network structure, the final outcome may
well be different. Algo1b is more or less similar to Algo1a, though
the matching is somewhat worse with source schools being more
rural in the 10 km transfers and the percentage of graduate teach-
ers being higher in source schools for the 5 km transfer. Hence, in
terms of matching characteristics, Algo1a does better. This points
out to some of the complications that emerge when looking at
schools as a network.

The matching of Algo2 in contrast produces differences on many
dimensions between the source and destination schools (Table 5,
columns 5 and 6). Hence, as stated above, it is unlikely that such
transfers will be feasible.
Algo1b Algo2

5 km 10 km 5 km Transfer 10 km Transfer

0.008 0.027* 0.026* 0.055***

(0.016) (0.015) (0.015) (0.015)
�0.017 �0.027 0.018 �0.011
(0.029) (0.026) (0.029) (0.026)
�0.17 �0.23 �0.81 �1.28***

(0.22) (0.35) (0.22) (0.36)
�0.019 �0.063 �0.051 �0.024
(0.076) (0.07) (0.06) (0.07)
0.03** 0.0006 0.015 0.0006
(0.016) (0.014) (0.016) (0.015)
12.98* 8.88* �48.6*** �93.78***

(6.83) (5.35) (9.45) (9.42)
0.04*** 0.009 0.05*** 0.028**

(0.012) (0.011) (0.012) (0.012)
�0.12 0.011 �0.037*** �0.009
(0.012) (0.012) (0.013) (0.011)
�0.012 �0.005 �0.05*** �0.045***

(0.018) (0.008) (0.01) (0.008)
4.25*** 4.65*** 6.66*** 6.09***

(1.34) (1.17) (1.37) (1.19)

478 628 496 644



Table 6
Change in the number of students (2011–2013): probit marginal effects.

Less Students = 1 if students in
2013 is less than students in 2011,
0 otherwise

(1) (2) (3)

VARIABLES Less
Students

Less
Students

Less
Students

Pupil-Teacher Ratio (2011) 0.000364 0.00220*** 0.00277***

(0.000282) (0.000385) (0.000412)
Dummy: Rural India 0.0941***

(0.0266)
Dummy School is well connected 0.00794

(0.0109)
Total Local Night Lights

Luminosity
�3.41e�05***

(7.07e�06)
Years in Operation 0.00252***

(0.000259)
Block Fixed Effects No Yes Yes
Observations 9216 8761$ 8497#

Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.
$: Block Dummies predict perfectly. Hence, observations dropped.
#: $ plus Missing data on covariates.
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To conclude, if one assumes that the practicality of a transfer
policy depends on matching school characteristics, our results sug-
gest that Algo1a is the best algorithm in this context. It is possible
in other contexts that Algo1bwould be a better choice but it is unli-
kely that Algo2 would be able to match source and destination
schools. In the latter case, if such an algorithm is indeed used, it
would also need a huge investment in complementary resources.
For the rest of the discussion we use Algo1a.

Before moving on, it is important to note that the effect of the
Algo1a, while not huge, is not small either. The recommended local
algorithm provides extra teachers to 71,395 students in the deficit
schools.

How does the suggested algorithm compare to teacher transfers
that have occurred in the past? An argument can be made that
what we suggest is not novel and that while not transparent, tea-
cher transfers followed by the government also aim at low dis-
placement. Hence, we contrast our suggested redistribution rule
to an actual policy that was followed post the passage of the Right
to Education act in the state of Haryana in 2011.30 A contrast would
also help us evaluate how our algorithm compares to a real teacher
transfer exercise in terms of the number of deficit schools that meet
the law. We undertake such an exercise in the next section.
7. Comparison to an actual transfer policy

A large teacher transfer program was undertaken in the state
under study. This was done post the passing of the Right to Educa-
tion Act in 2011 by the state legislature. While details on the exact
transfers are not available, a comparison of school level data on
teachers for the years 2011–12 and 2013–2014 shows a rapid
decline in the proportion of schools that were in deficit: a fall from
41 percent to 32.5 percent. In this section, we attempt to bench-
mark our algorithm against the actual outcome of this transfer pol-
icy. There are however three complications that arise in such a
comparison. First, the rapid fall may hide a perverse fall in the
PTR owing to a decline in students studying in government schools.
In other words, if the schools that were initially in deficit saw an
exit of students, then the proportion of deficit schools would fall
without any increase in teachers. This is not what an ideal policy
to improve equity across government schools should aim for.
Whether this is indeed the case is therefore important to ascertain
for a fair comparison of the algorithm to reality. A second compli-
cation is that since teacher transfers are not documented in gov-
ernment documents available publicly, it is not possible to match
the source and destination schools. Third, there may be some tea-
cher attrition due to natural causes (for example, retirement) that
may cause teacher shortage in erstwhile non-deficit schools.

To address these complications, we first explore whether, by
2013, the number of students had declined in schools with low
PTR in 2011–12. We use data from 9236 common schools between
the two years and define as a dependent variable, Less Students,
which takes the value 1 if there is a fall in total number of students
in 2013, 0 otherwise.31 Comparing across all schools, there is a pos-
itive correlation between initial PTR and the probability of lesser stu-
dents in 2013 (Table 6), but this result is not statistically significant.
However, once we control for block fixed effects, the coefficient of
PTR becomes significant. It continues being significant even after
we control for other covariates. These results are similar if, instead
of PTR, we include a dummy for deficit schools. Hence, the number
of students in 2013 is endogenous to the initial deficit in teachers
30 The Right to Education act was passed by the Indian Parliament in 2009. But it
had to be passed also by each state legislature.
31 The marginal fall in number of schools in 2013–14 is mostly due to issues of
missing data in enrollment.
in 2011. Therefore, in order to compare with the algorithm, we fix
the number of students to the 2011 level.32

Secondly, in order to lessen the impact of teacher loss which
may render a non-deficit school in 2011 as a deficit school in
2013, we restrict our analysis to only deficit schools in 2011. We
compare what proportion of these schools continues to be in deficit
in 2013 with what our redistribution rule would have implied.

Since we compare the changes over 2011–2013 to outcomes of
the 5 and 10 km transfer algorithms, we restrict our results to
those schools for which we have geocoded information. There are
8794 schools for which we have such information. If we fix the
number of the students in each school to what it was in 2011, then
26.62 percent of the 3625 deficit schools in 2011 would cease to be
in deficit given the actual number of teachers in 2013.33 If instead,
one implemented a 5 km transfer rule, a larger 38.3 percent of deficit
schools would come out of deficit. If a 10 km transfer rule were
implemented, then 48.25 percent of the deficit schools would not
remain in the red. Hence, our algorithm outperforms the actual
transfers made.

While the protocol of a distance based transfer is transparent,
actual transfers are not always so. As a concluding exercise, it is
interesting to contrast the results of the transfer from the algo-
rithm (Algo1a) to the actual transfer (Table 7). We look at the prob-
ability of a deficit school in 2011 remaining in deficit in 2013.
Hence, we define a variable Still deficit that takes the value 1 if
the school is short of teachers, 0 otherwise. We correlate this prob-
ability to observable characteristics: development, connectedness,
school infrastructure and vintage of school. For calculating actual
deficits, we consider deficits at 2011 student strength (Column 3)
as well as 2013 student strength (Column 4). The actual deficits
(Column 4) show that there is no correlation with any characteris-
tic except the vintage of the school. However, we have argued
against using 2013 student strength given that it is a function of
initial PTRs. Hence, the relevant results are in column 3. Interest-
ingly, the results are different using the local redistribution rule
(columns 1 and 2) as compared to results obtained in column
(3). We find that more developed areas (see coefficients of rural
dummy as well as luminosity) are more likely to remain in deficit
32 An interesting result is that the number of enrolled students has fallen in older
schools. This also explains why when we characterize the schools in 2013, we find
that older schools are less likely to be in deficit.
33 If we did not take into account the fall in students, 51 percent of the schools
would not remain in deficit.



Table 7
Probability of deficit schools in 2011 remaining deficit in 2013: marginal effects.

Dependent Variable:
Still Deficit = 1 if school in deficit, 0 otherwise

(1) (2) (3) (4)

VARIABLES 5 km 10 km Deficit (2011 student strength) Deficit (2013 student strength)

Dummy: Rural India �0.166*** �0.164*** 0.0535 �0.0650
(0.0325) (0.0393) (0.0339) (0.0406)

Dummy School is well connected �0.00795 �0.00999 0.00891 0.00806
(0.0203) (0.0219) (0.0174) (0.0220)

Total Local Night Lights Luminosity 0.000410 0.00257** �0.003*** �0.000926
(0.00112) (0.00122) (0.000927) (0.00118)

School Infrastructure Index (2013) �0.00372 0.00124 �0.00653 0.000671
(0.00713) (0.00765) (0.00639) (0.00743)

Years in Operation 0.000374 �7.34e�05 0.000525 �0.0010**

(0.000415) (0.000471) (0.000372) (0.000450)
District Fixed Effects Yes Yes Yes Yes
Observations 3440 3440 3440 3440

Robust standard errors in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1.
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under our algorithm. When we consider the outcome of transfers
in column (3), we find that the more developed areas are less likely
to still remain in deficit. This means that transfers that have taken
place have largely favored deficit schools in more developed
regions.34 Thus while the objective algorithm favors rural and less
developed areas, the actual transfers favor the more developed
regions.

Given that the actual transfers differ from outcomes of the
objective algorithm, does it imply that transfers of the proposed
algorithm are infeasible? Recall that the basic problem in transfers
emanates from the reluctance of teaching staff to locate to rural
areas from urban areas. Large differences (observable and unob-
servable) between schools, which would typically be true for urban
to rural transfers, would make such transfers infeasible. Our pro-
posed algorithm circumvents the problem in two ways: first, recall
that our algorithm showed no difference in location for source and
destination schools: so the algorithm does not involve urban to
rural transfer and that is the most attractive feature of the algo-
rithm that makes such transfers feasible; second, given the local
nature of transfers, since the schools are matched in large number
of observables, it is reasonable to assume that they do not differ
greatly on unobservables.
8. Conclusion

Most developing countries of the world are marked by unequal
access to teachers. Redistribution through transfers is a mecha-
nism to bring equity to the system. However, teachers have pref-
erences on where they want to work. Hence, there is push back
against an iron-handed approach to transfers. For example, teach-
ers in urban centers often refuse to move to rural places. Against
this back-drop, we propose a transparent redistribution mecha-
nism that dislocates teachers in surplus schools by less than a
pre-decided distance cut off. In this paper, we show that this
has the potential to reduce the proportion of deficit schools that
meet the law post transfer by 14 to 19 percent depending on
whether we fix the cut off at 5 or 10 km. Further, given the local
nature of the transfers, the donor and recipient schools are not
significantly different, on an average, in terms of the development
and connectivity of the area around the work place and many
school characteristics.

Is there any evidence to suggest that such a transfer may have
positive effects on educational outcomes? While there is no recent
34 We get similar results if consider the net increase in teachers as the dependent
variable.
evidence of this kind of evaluation, past evidence does point to
positive effects of redistribution of teachers. Chin (2005) evaluated
the impact of redistribution of teachers in the context of Operation
Blackboard in India. The study found that redistribution of teachers
had a positive impact on girls’ primary school completion rates,
and schooling rates of children from poor households. Since the
study is dated, it may be hard to extrapolate from it, but the fact
that such a redistribution did have an effect is significant for this
paper. Redistribution of teachers always raises a standard criti-
cism. Will transferred teachers attend to their duties? But some
of these questions can be asked for all public school teachers. In
the context of India, teacher attendance is a problem with all
public school teachers (Kremer et al., 2005; Muralidharan, Das,
Holla, & Mohpal, 2017). Perhaps a more relevant question is
whether transferred teachers perform worse, for example, in
attending school, than they would if they remained in their original
school. But this is a concern also in the period of study of Chin since
she studied the implementation of Operation Blackboard in the
late 1980s. The fact that she found positive impacts on schooling
outcomes does point out that there may be some gain to be reaped
from redistribution.

While the results from Chin (2005) are supportive of trans-
fers, it is important to point out that our paper does not claim
that such transfers will necessarily be better on aggregate effi-
ciency. We have assumed that teachers would not push back
on transfers between schools that are matched on observable
characteristics. However, there may still be unobserved differ-
ences that make the transfers infeasible. Moreover, we have no
way to quantify the benefits of this algorithmic approach to
transfers on real outcomes, for example on child attendance or
test scores. This would require not only information on the pro-
duction function that incorporates teacher supply, but would
also need more information on behavior of transferred teachers.
These are unknown in the context of most developing countries.
Hence, this is an unexplored area of research that requires
urgent attention and study.

Keeping the need for subsequent studies in mind, the suggested
algorithms can also be relevant for experimental studies on trans-
fers. An alternate way to think of the relevance of our paper is to
start with an open mind about the efficacy of transfers. If one
wanted to examine what are the effects of teacher transfers, one
would want to think of transfers that are relatively less disruptive
to teachers. Since the transfers suggested by this paper are local
and increase commute time only by an average of 10 min for
teachers, they serve as obvious candidates for any government or
experimenter who wants to conduct such evaluations. Another
desirable property of our suggested protocols is that they are rela-



Appendix A.1
Summary statistics.

Variables Observations Mean St.
Dev.

Dummy: Deficit School 8558 0.32 0.47
Dummy: Surplus School 8558 0.07 0.26
Dummy: School with No of Students 61 to

90
8558 0.16 0.37

Dummy: School with No of Students 91 to
120

8558 0.14 0.34

Dummy: School with No of Students 121 to
200

8558 0.22 0.42

Dummy: School with No of Students 201
and above

8558 0.20 0.40

School Infrastructure Index (Infra) 8558 0.03 1.38
Prop. of teachers with at least graduate

degree (Teach)
8558 0.73 0.28

Prop. of students who are SC (SC) 8558 0.42 0.26
Prop. of students who are OBC (OBC) 8558 0.38 0.28
Prop of students who are Muslim (Muslim) 8558 0.09 0.24
Dummy: Rural India (Rural) 8558 0.92 0.27
Dummy: School is well connected

(Connected)
8558 0.49 0.50

Total Local Night Lights Luminosity (in 00 s)
(Lum)

8558 17.28 11.91

Years in Operation (Age) 8558 49.31 20.56
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tively easy to implement on scale. They require information that
the department of education already has.

We would also like to point out that there is an urgent need for
such an evaluation of teacher transfer policies. Irrespective of what
position one might take about the efficacy of teachers, teacher
transfer is a tool that is used by education departments all over
the world. As has been pointed out, this is an opaque process. How-
ever, while some of this non-transparency is intentional (catering
to vested interests), a part of the opaqueness is also driven by a
lack of feasible alternatives on the table. Our paper suggests a
few transfer protocols that are easy to understand and relatively
straightforward to implement.

Since the paper suggests a redistribution, it is important to
point out that lowering PTRs cannot be a substitute for other poli-
cies: for example, those that incentivize teachers. This paper in no
way suggests teacher redistribution as a silver bullet to solve
problems of schooling in India. Instead, it suggests a low-cost
intervention that sets the pre-requisites for any subsequent large
policy change. Moreover, this paper takes the stand that equal
access to teachers is an outcome of importance that policy must
address.

Most of the results obtained in this paper are dependent on the
spatial distribution of schools and the distribution of characteris-
tics across schools. Our work brings out the possibility that such
local transfers may have the potential to make distributions of
PTR better. How relevant are our results to the overall Indian as
well as developing country context? Teacher shortages are ubiqui-
tous in the developing world. Some of the patterns of shortages
may be very localized. For example, tribal areas tend to have bad
schools in general: in such cases, there may be no possibilities of
beneficial local redistribution. But as our paper finds, even in a
somewhat prosperous state like Haryana, there are imbalances
within neighborhoods. These are both intra-urban and intra-rural
and it is in contexts like these, not uncommon in the developing
world, that local redistribution rules may be useful.

Our paper also shows the power of using GIS tools for policy.
Given the recent availability of geocoded information for a vast
number of public goods, our analysis calls out to a larger role for
using spatial location information for policy and planning.
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