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Abstract

A school match, or lottery, is a system in which students are matched to schools through a
process in which they list their most preferred schools and are then matched to one of those
schools using an algorithm. Two algorithms that have been studied in the past are a Deferred
Acceptance model used in New York [1] and a Priority Matching mechanism used in Boston [2].
In this paper we study the performance of these school matching algorithms in Washington,
D.C. and the factors that influence their success. In particular, we focus on the number of
preferences listed by students as well as different ways they put relative importance on the
academic quality of schools and their distance from the schools. We create a program that
generates student data and preferences based on Washington D.C.’s population distribution.
The schools in the program are identical to the ones that participated in the D.C. school match.
The program creates a score for each school for each student that then is used to generate the
preferences for every student. Since we generate preferences based on cardinal scores, we have
information on not just which schools a student prefers, but how much they prefer each school
over the next best one. We study the performance of the two algorithms by comparing the
distribution of student utilities as the number of choices listed varies. We find that the New
York algorithm achieves higher student utility on average than the Boston algorithm when
students list a small number of schools in their preferences and that the Boston algorithm
performs better when they list a larger number of schools.

1 Introduction

In a traditional school system, students are as-
signed to schools based on where they live.
Every school has a designated zone, which
is roughly the neighborhoods for which that
school is the nearest school. Students are then
required to attend the school whose zone they
reside in. One issue with this system is that it
does not allow students any possibility of choos-
ing their own schools if their address is taken as
fixed. To some degree this system does allow for
school choice if people are free to live in any part
of the district they choose. Then parents could
simply choose to live in a neighborhood that is
assigned to the school they want their children
to attend . However, it is generally only wealthy
people that have the freedom to live in any part
of the county that they choose. The quality of
the schools is usually public information, which
leads to the corresponding neighborhoods hav-
ing higher housing prices.

Because traditional school systems only al-
low the richer families to have a choice in the
schools they send their kids to, some school sys-
tems have changed to school matches. A school
match (or lottery) is a system in which students
are assigned to schools based on their priorities
at the schools and their own preferences. A stu-
dent’s priority at a school can be thought of as
the rank the school assigns that student. In this
paper we take the priorities of the students at
each school as randomly determined. We as-
sume that students will decide which schools
they prefer by their academic quality and the
schools’ distance from their home. Students are
then matched to the schools using a matching
algorithm that uses the above information.

Two examples of matching algorithms are a
Deferred Acceptance algorithm, which is in use
in New York City [1], and a Priority Match-
ing algorithm, which is used in Boston [2]. The
two algorithms differ in that the Deferred Ac-
ceptance algorithm only issues one acceptance
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by a school to each student. It prioritizes the
students that have a higher priority number at
each school. It allows for students who matched
with a school early (so, as one of their higher
choices) to be displaced by another student who
preferred the school less but had a higher pri-
ority at it. This algorithm is “strategy-proof,”
meaning that the dominant strategy for stu-
dents is to list their true preferences instead of
deciding to list a school they like less but think
they are more likely to receive near the top as
a “safety school.” The Boston algorithm is dif-
ferent from this in that students may receive
multiple offers from different schools. Addition-
ally, students who rank a school higher on their
preferences cannot be displaced by other stu-
dents who had higher priorities but ranked the
school lower. Unlike the Deferred Acceptance
algorithm, this algorithm is not strategy proof.
Students are advised by Boston Public Schools
to consider ranking a less popular school near
the top of their preferences in order to better
their chances of getting a match.

In this paper we examine the performance of
these school matching algorithms in Washing-
ton D.C. We evaluate the performance of these
algorithms by comparing the utility of each stu-
dent when matched to a school using each algo-
rithm. In 2014, Washington held its first public
school match using an algorithm similar to the
Deferred Acceptance algorithm in New York.
71 percent of students were matched to one of
their choices in the first year.

1.1 Literature Review

The merits of a school system with school choice
over a school system where students do not get
a choice in the school they attend are studied
in two papers by Dr. Caroline Hoxby. Hoxby
argues that school choice will lead to net in-
creases in school productivity since less produc-
tive schools will see their students begin to leave
for the more productive schools since they are
able to have some degree of choice in their en-
rollments [4]. Hoxby cites three examples in
Milwaukee, Michigan and Arizona where the
competition posed by charter schools which al-
lowed students to choose other schools lead to a
boost in the productivity seen in public schools.
The theoretical base for this increase in produc-

tivity in public schools is explained as the pub-
lic schools get their funding from local property
taxes. If parents are able to choose between
school districts they will favor ones that are
more productive at equivalent levels of prop-
erty taxes. Therefore if the productivity in the
public schools in an area are low they will also
see a loss in funding over time as parents choose
not to live in the area.

Hoxby also studies the benefits to student
achievement, though first arguing that look-
ing at student achievement is wrong-headed
because studies are usually not able to study
student achievement while holding school re-
sources constant. To study gains in achieve-
ment, Hoxby looks at the specific example of
Edison schools. Edison is a for-profit school-
ing company that is often hired to turn around
failing schools, often in very low income ar-
eas. Hoxby uses test score data and finds that
Edison students are 2.1 percent more likely
to be judged proficient on their states exams
when compared to their best match from pub-
lic schools in the same district. Hoxby finds
the best match by using a measure called the
selected average treatment effect from another
paper to find which public school was closest
to the Edison school in this measure. The in-
crease in achievement by attending these Edi-
son schools provides some evidence that may
suggest that giving more students access to
schools like Edison by implementing school
choice mechanisms may result in increases in
student achievement [5].

Matching algorithms also have applications
outside of matching students to high schools.
Another matching mechanism can be found in
matching recent medical school graduates to
residency programs [6]. The paper talks about
how early matching mechanisms in matching
students to residencies in the United Kingdom
suffered from stability issues. That is, situ-
ations where a student and a hospital would
both prefer to be matched to each other rather
than their current partners as produced by the
matching. The question was asked if there
could be an algorithm that not only produced a
stable matching, but one that would make the
dominant strategy of people participating in the
match the list their true preferences, without
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any sort of safety schools. [6]

2 Methodology

In order to study the performance of these
matching algorithms in Washington, D.C.,
we create a computer program to generate a
dataset based on the characteristics of Wash-
ington D.C. We then run the two matching
algorithms on the district to compare the per-
formance of the two algorithms. In the Deferred
Acceptance algorithm (used in New York and
Washington D.C.), students are matched to
schools as follows [1][3]:

Deferred Acceptance Algorithm (New
York Algorithm)
1. Each student applies to their top choice
amongst the schools they have not been re-
jected from. This means that if in the previous
round of the algorithm the student was not
rejected from the last school they applied to,
they do not apply to a different school in this
round.
2. Schools consider the set of students that
have applied and haven’t been rejected. The
students are ordered by priority number. The
school holds the top n students where n is the
capacity of the school. If more than n students
have applied in this round then the rest of the
students are issued rejections.
3. Steps 1 and 2 repeat until either all students
are matched to a school or there are no schools
left for any student.

In the Priority Matching algorithm, stu-
dents are matched using the following steps [2]:

Priority Matching Algorithm (Boston Al-
gorithm)
1. Each student applies to their ith choice
school in round i, where i starts at 1.
2. Schools consider the students who have ap-
plied in this round. The students are ordered
by priority number and are assigned to the
remaining seats in order until there are no ap-
plicants or seats left. Any remaining applicants
are rejected.
3. Steps 1 and 2 repeat until there are no
schools left for any student.

One key difference is that in the Boston al-
gorithm, acceptances are permanent and stu-
dents in later rounds cannot displace previously
accepted students even if the later round stu-
dent has a higher priority number.

2.1 Creating The Washington,
D.C. Dataset

To create a dataset to represent Washington,
D.C., we look at census tract data from the 2010
and a map of the census tracts. The key pieces
of information we use from each district are its
population, the percentage of the district that
is school-age children, latitude and longitude.
We then use this information to generate the
appropriate number of students for each cen-
sus tract area, locating them all at the census
tracts given latitude and longitude. The num-
ber of students for each district is also impacted
by the fraction of students in the tract that
choose to attend private school instead of D.C.
Public Schools (DCPS). In order to create the
schools, we take the capacities and locations of
each school as given by their capacities speci-
fied by DCPS and their locations given by their
latitudes and longitudes.

2.2 Generating Student Prefer-
ences

In this model students generate preferences on
schools based on the rankings and the locations
of the schools. Students create an academic
score for each school based on the schools per-
formance on a countywide exam. Specifically
for student i and school j, student i’s academic
score of school j is given by

aScorei,j =
testScorej

maxk{testScorek}
for all schools k.

Students also create a distance score for
each school which is based on the location of
the school, the location of the student and the
size of the county. For student i and school j,
and length of the county given by D, student
i’s distance score of school j is given by

dScorei,j = 1− ‖locationi − locationj‖
D
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The distance score is subtracted from 1 in order
to have shorter distances be mapped to higher
scores. The student’s final score is created by

scorei,j = aScorei,j ∗ α+ dScorei,j ∗ β + ε

where α > 0, β > 0, α+ β = 1. ε is a random
term that is uniformly distributed between 0
and 1. The values of α and β are given in
three different scenarios for the district. Sce-
nario one is “typical” scenario, where students
mostly care about the academic scores of the
schools but also factor in distance score as well
since they prefer shorter commutes. In this sce-
nario they put 75% of the weight on academics
(α = 0.75) and 25% on distance (β = 0.25).
Scenario two is used to represent a situation
where the schools are all perceived as being of
similar quality and allows for students to put
additional value on distance with α = β = 0.5.
Scenario three is used to represent a situation
where travel costs are largely negligble rela-
tive to the difference in academic scores of the
schools and sets α = 0.9 and β = 0.1.

In the New York model, students then gen-
erate their preferences simply based on the
scores of each school i.e. if school i is scored
higher than school j, then school i is ranked
higher than school j. However in the Boston
model, preferences cannot be generated this
simply, as simply stating true preferences is not
necesarily the best strategy for each student.
Students in the Boston model will also take into
account their perceived chances of getting into
each school when generating their preferences.
To generate the chances, we run the Boston al-
gorithm four times and calculate the acceptance
rates for the schools each time. We then run the
algorithm one final time where students base
their expectations on acceptance rates for each
school based on data from the previous runs.
Letting xi,j represent the acceptance rate for
school i in year j we calculate

xi,j = 0.2 ∗ xi,j−3 + 0.3 ∗ xi,j−2 + 0.5 ∗ xi,j−1

Using this information, for the Boston algo-
rithm students generate their preferences based
on the score of the school and the schools ac-
ceptance rate. For student a, school i is ranked
before school j if

scorea,i ∗ acceptRatei ≥ scorea,j ∗ acceptRatej

The matching algorithms are then evaluated
based on the percentage of students that re-
ceived their top choice and the percentage of
students that do not receive any of their choices.
Additionally we evaluate algorithms based on
the average score of the school each student re-
ceives based on their preferences. We run these
tests on the district representing Washington,
D.C. intially studying the effect of the number
of choices given by each student when using the
first scenario (α = 0.75, β = 0.25) and then also
on the other scenarios.

3 Results

3.1 Effect of Number of Choices
on Performance After One
Round

In this section we study the performance of the
New York and Boston algorithms on D.C. data
after one round. After one round, not all stu-
dents are guaranteed to be matched to a school.
A student’s utility is given by:

ui =

{
scorei,j if student imatched to school j
0 if student i is unmatched

The simuaions run for section 3 are all based on
the first scenario for α and β described above.

Figure 1: Performance of New York algorithm

The New York algorithm sees large increases
in performance when increasing the number of
choices listed by each student. The marginal
increase, however, decreases at high numbers of
choices. This is not surprising as with a small
number of choices, many students are being left
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unmatched. As students list more choices their
odds of receiving one increase. Since students
cannot be matched to more than one choice
we also do not have some students taking up
multiple spots so more students can be given a
match.

Figure 2: Performance of Boston algorithm

Increases in student utility as the number
of choices increases are smaller in the Boston
algorithm. One of the differences between the
two is that the Boston algorithm allows stu-
dents to be matched to multiple schools. This
means that in the context of one round, many
more students may be left unmatched as schools
appear full. Though the schools will later be
open for more applications the result is that
after one round we see far more students left
unmatched. This can be seen in the following
histogram showing the distribution of student
utilities when students are given 11 choices un-
der both algorithms.

Figure 3: Distributions of utilities under both al-
gorithms with 11 choices per student

As seen in the figure, the utilities amongst
students that have been matched is often higher
under the Boston algorithm than the New York
algorithm. The New York algorithm, however,
leaves far fewer students unmatched.

Figure 4: Comparison of Boston and New York
algorithms - the y-axis is the probability
that a random utility from the Boston
distribution of utilities is greater than a
random utility from the New York dis-
tribution

For a number of choices between 3 and 21
we observe that a random utility taken from the
New York algorithm is expected to be higher
than one taken from the Boston algorithm,
Boston is expected to be better for number of
choices equal to 1 or 2. However at both ends of
the graph we find that the probability is close
to 0.5 and that even in the center it remains
relatively close to even. This contrasts from
looking at the averages in the previous graphs
where the New York algorithm’s average utility
is significantly higher at these points. This fits
with the distribution seen in Figure 3 showing
that while the Boston algorithm often performs
better amongst matched students, it still leaves
many unmatched after one round which is low-
ering the average utility of the students.

3.2 Effect of Number of Choices
on Final Performance

In this section we continue running the algo-
rithms for multiple rounds until all students
are matched to a school. After each iteration
of the algorithm, students who were matched
to a school are matched to that school (or, in
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the Boston algorithm simulation, the top school
amongst the ones they were matched to) and
are removed from the simulations. Any full
schools are removed and the other schools have
their capacities reduced appropriately. The
simulations are then rerun with the remaining
students.

Figure 5: Performance of New York algorithm

With the New York algorithm we see a dif-
ferent effect of increasing the number of choices
on average student utility. When just looking at
performance after one round we saw utility in-
crease as the number of choices by each student
given increased. This is largely due to far fewer
students being left unmatched, rather than stu-
dents getting more preferred choices. When
looking at final performance the algorithm is
re-run and no students are left unmatched re-
gardless of the number of schools listed by each
student. Thus this positive impact on the av-
erage utility is lost. However by increasing the
number of schools on students’ preferences we
are actually increasing the probability that a
student who listed a school as their top choice
gets displaced by another student who liked the
school less but had a higher priority number.
In this case the decrease in utility may be ex-
plained by a student with higher preferences for
the school being displaced by another student
who actually does not prefer the school that
much.

Figure 6: Performance of Boston algorithm

We see that the Boston algorithm’s perfor-
mance is relatively constant (compared to the
changes seen in the New York algorithm) even
as the number of schools allowed on students’
preferences changes. There is just a small in-
crease in average student utility as the number
of choices increases.

Figure 7: Comparison of Boston and New York
algorithms

In this graph we see the trend between num-
ber of choices given by students and the prob-
ability that a random utility taken from the
Boston distribution is higher than a random
utility taken from the New York distribution.
For number of choices between 1 and 10 we see
that the New York algorithm achieves a bet-
ter final result and that the Boston algorithm
achieves a better final result for higher number
of choices.

When deciding how many schools to allow
students to list on their preferences we find that
in the Boston algorithm the decision is rather
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simple. Increasing the number of choices is
good because it improves the end result by a
small amount and will lead to algorithm to fin-
ish faster. Increasing the number of choices be-
yond a certain point however may not be prac-
tical in real scenarios, as students may not thor-
ough enough in ranking the schools to list that
many choices at once.

For the New York algorithm districts should
consider whether they want to have a better re-
sult after the first round, or have a better final
result, as a smaller number will lead to a better
final result but a worse first round. Although
it might seem better to maximize the final util-
ity for all students after the completion of the
matching program, there may be justification
for maximizing the utility after round 1 as well.
Even if the end result is better, students may
not be satisfied if a large number of them are
told that they were unmatched after the first
round and will have to go through the lottery
again with fewer available spots in schools re-
maining.

In an effort to find an “optimal” number of
choices for students when using the New York
algorithm, we look at the marginal effect of in-
creasing the number of choices on both the per-
formance after one round and the final perfor-
mance after all students are matched.

Figure 8: Effect of increasing number of choices
on performance of the New York algo-
rithm

The marginal benefit and marginal cost
curves first intersect between 11 and 12 choices.
Beyond that the cost curve is mostly above the
benefit curve but they intersect again and the
difference is small. For the D.C. district it

is then good to have students list at least 11
choices because for numbers of choices between
1 and 10 the marginal cost for the end result
is significantly below the marginal benefit for
the result after one round. At low numbers of
choices the benefits to increasing the number of
choices outweigh the costs.

4 Simulations With Differ-
ent Weights for Aca-
demics and Distance

As in the previous simulations, students score
schools by computing:

scorei,j = aScorei,j ∗ α+ dScorei,j ∗ β + ε

In this section we study how the perfor-
mance of the two algorithms changes when
the weights for academic quality and distance
change. The above figures were all generated
with the assumption that students weigh aca-
demic quality 75% (α = 0.75) and distance 25%
(β = 0.25). Here we consider two alternatives,
α = 0.5 (scenario two) and α = 0.9 (scenario
three). For these sections we always run simu-
lations to completion and analyze performance
after all students have been matched.

4.1 Scenario Two

In this section we consider a scenario where
students perceive the academic quality of the
schools as relatively similar and do not care
so much about how much better one school is
academically than another. So we increase β
while maintaining α+β = 1 and use the values
α = β = 0.5. Students here weigh the distance
to schools and academics equally when making
their choices.
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Figure 9: Performance of New York algorithm

Figure 10: Performance of Boston algorithm

We observe the same relationship between
number of choices and average utility for both
algorithms that we did in scenario one. The
main difference is that utilities are overall
higher in scenario two. This is not surprising
as if students are more likely to prefer schools
closer to them then students’ preferences will
be more varied and will lead to more students
being given their top choices.

Figure 11: Comparison of Boston and New York
algorithms

Overall we see the same trend as in scenario
one - that a random utility from the Boston
algorithm is more likely to be higher than a
random utility from the New York algorithm
as the number of choices listed goes up. How-
ever, compared to scenario one, we see that
this probability increases faster at first. The
Boston algorithm performs better for all num-
ber of choices greater than 7 (and also at 5)
compared to all number of choices greater than
11 in scenario one.

4.2 Scenario Three

In this section we consider a scenario where stu-
dents consider travel cost to be relatively negli-
gible relative to the differences between schools
academically. A scenario for this might be a
highly dense county that subsidizes transporta-
tion costs for students. Here we take α = 0.9
and β = 0.1. Students consider academics to be
far more important than distance when making
preferences in this scenario.
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Figure 12: Performance of New York algorithm

Figure 13: Performance of Boston algorithm

We again observe the same relationship be-
tween number of choices and average utility for
both algorithms that we did in scenario one. We
also expect that utilities are lower in this sce-
nario. If students care mostly about academic
quality of schools over distance then students’
preferences will be more similar and there will
be more competition for the same schools. The
utilities at higher numbers of choices are lower,
but the difference is small.

Figure 14: Comparison of Boston and New York
algorithms

The Boston algorithm performs better than
the NYC algorithm in this scenario when num-
ber of choices is larger than 12. This is higher
than it was in scenario one (11) and two (7).
The increase in probability is relatively con-
stant when number of choices is small and
becomes increasingly small when number of
choices is closer to 21.

4.3 Comparison of Scenarios

Figure 15: Performance of New York algorithm
in each scenario

As mentioned earlier, we expected the utili-
ties in scenario one to be smaller than those in
scenario two and larger than those in scenario
three. Interestingly, we see that the opposite is
true for small number of choices although the
difference between the scenarios is small. At
the other end of the spectrum, we see the or-
dering of the scenarios that was expected and
that the difference between them is larger.

9



Figure 16: Performance of Boston algorithm in
each scenario

For the Boston algorithm the we also ex-
pected scenario one to do worse than scenario
two and better than scenario three. In this case
the results are as expected across all numbers
of choices and the differences between them is
about the same as in the New York algorithm
when number of choices is close to 21.

Figure 17: Comparison of Boston and New York
algorithms in each scenario

We see that the probability that a random
utility taken from the Boston distribution is
larger than one taken from the New York dis-
tribution increases as the number of choices in-
creases in all three scenarios. When the number
of choices is small the Boston algorithm per-
forms best in scenario two and worst in scenario
three. This difference between the three scenar-
ios becomes much smaller when the number of
choices is larger.

5 Future Work

The methodology with which we create the
acceptance rates for the Boston algorithm re-
quires additional study. In practice we normally
see acceptance rates for schools remain largely
the same from year to year with sometimes a
small downward trend. However currently in
the simulation the acceptance rates for schools
can vary tremendously from year to year. The
program in the future should be modified to find
an equilibrium acceptance rate for each school
that only varies a small amount over time.

It would also be beneficial to the general
study of the algorithms to create additional dis-
tricts based on other cities such as New York
or Chicago to see how performance of the algo-
rithms varies in these cities compared to Wash-
ington D.C. We would also like to study how
characteristics of the school district such as den-
sity, demographics, average commute times and
average school qualities affects how well the al-
gorithms are able to match students to their
schools of choice. Currently with just the data
based on Washington we are only able to test
out some of these effects by altering how stu-
dents weigh their preference for academic qual-
ity vs. distance to schools.

Another thing to study would be to look
at other ways in which students’ priority num-
bers at schools are determined. In this paper
for all simulations we had students’ priorities
at schools randomly determined as in a lottery.
However, many school systems do not generate
priorities completely randomly and instead also
have schools creating preferenes for certain stu-
dents. One example of this is allowing students
to be guaranteed their “home school,” which
is generally the school they are located clos-
est too. One interesting alteration to the algo-
rithms would be to add in a check so that if a
student lists their neighborhood school as their
top choice, their admittance would be guaran-
teed.

We would also like to examine the per-
formance of a third method of matching stu-
dents to schools. This third method would be
given by running a linear programming problem
solver that is set up to maximize student utility.
It would be interesting to see if it does beat, and
if so by, how much, the New York and Boston
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algorithm distributions in terms of maximizing
student utilities. We would also look at how
many students are receiving their top choices.
Running a linear program in real life may prove
more difficult, as it would be harder to get stu-
dents to express how much they like each school
with scores as they do in this simulation. While
the Boston and New York algorithms are run
using only ordinal preferences, additional infor-
mation is required in this case.
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APPENDIX

Table 1: Performance of both algorithms after one
round (scenario one)
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Table 2: Performance of both algorithms after all
students matched (scenario one)

Table 3: Probability that a random utility after
one round is greater from the Boston al-
gorithm distribution than the New York
algorithm distribution (scenario one)

Table 4: Probability that a random final utility is
greater from the Boston algorithm distri-
bution than the New York algorithm dis-
tribution (scenario one)

Table 5: Performance of both algorithms after all
students matched (scenario two)
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Table 6: Probability that a random utility is
greater from the Boston algorithm distri-
bution than the New York algorithm dis-
tribution (scenario two)

Table 7: Performance of both algorithms after all
students matched (scenario three)

Table 8: Probability that a random utility is
greater from the Boston algorithm distri-
bution than the New York algorithm dis-
tribution (scenario three)
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