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ARTICLE INFO ABSTRACT

JEL codes: In this paper, we show that the public provision of information on Australian schools’ average national test score
121 outcomes via the My School website, launched in 2010, resulted in poorly performing schools testing fewer
128 students in subsequent years. This increased non-participation in testing was driven primarily by formal parental
Keywords: withdrawal, and poorly performing students were much more likely to be withdrawn from testing. This phe-
School accountability nomenon is consistent with schools attempting to ‘game’ the system to improve published test scores. We also
fistzzscr;ent provide weaker evidence that withdrawal responded more strongly to initial poor performance in independent
Numeracy private schools than in government schools.

1. Introduction

The policy of publicly disseminating information on schools’ test
performance has several objectives. One is to increase the overall public
accountability of schools, and a second is to equip parents with school
quality information relevant to their enrolment decisions. Through both
pathways, this type of policy seeks to increase the fraction of students
attending higher-quality schools and thus achieving better outcomes.

The public spotlight, however, can motivate schools to attempt to
raise their measured average test scores by means other than improving
the quality of teaching. Schools may concentrate on high-stakes rather
than low-stakes subjects; disproportionately teach skills that are valu-
able for the tests; and/or intervene disproportionately with students
more likely to make a marginal difference to the school’s performance
(Figlio, Loeb, Hanushek, Machin & Woessmann, 2011). Schools may
also attempt to boost test scores artificially (Figlio & Winicki, 2005), use
selective discipline (Figlio, 2006), or even engage in outright cheating
(Jacob & Levitt, 2003). They may also selectively exclude students from
testing (Cilliers, Mbiti & Zeitlin, 2021; Cullen & Reback, 2006; Figlio &
Getzler, 2006).

In this paper, we investigate how the percentage of students
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participating in national tests in Australian schools responded to the
sudden increase in school accountability brought about by the launch of
the My School website in January 2010. This website displays average
test scores for each school, in each assessed cohort (grades 3, 5, 7 and 9),
in five distinct learning domains, from 2008 onwards. As an advance on
previous work, we can examine and compare the responses of both
public and private schools, because My School affected all sectors in a
manner free of the jurisdictional complexities that exclude private
schools in many other countries from accountability mechanisms."

Private schools provide choice for parents and competition to public
schools. Ex ante we might expect a stronger response to public
accountability by fee-charging private schools, given that on average
they face better-off parents likely to have more schooling options and to
be more focussed on student outcomes. Such schools must compete for
and justify their tuition costs and may face heightened pressure from
parents if school performance does not match expectations.

We find that schools in both the public and private sectors appear to
respond strategically to the increase in accountability. The worse a
school’s initial measured performance as advertised on My School, the
more likely that a lower proportion of students from that school
participated in subsequent testing years. Evidence further suggests that

1" A handful of papers have also compared responses of both public and private schools to public accountability interventions in other jurisdictions: Andrabi et al
(2017) in Pakistan, Carmargo et al. (2018) and Firpo et al. (2014) in Brazil, and Mizala and Urquiola (2013) in Chile. These studies focus on test score, enrolment and

fee responses rather than on manipulation of the testing pool as we do.
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students who do not participate in testing are more likely to be low
performers. These responses threaten the efficacy of the public
accountability mechanism in Australia and undermine the information
provided to parents making enrolment decisions.

The outline of the paper is as follows. We provide details of the
Australian education system and the introduction of the My School
website in Section 2. We describe our data and provide summary sta-
tistics in Section 3. We describe our estimation strategy in Section 4. Our
main estimates are reported and discussed in Section 5, and some
concluding observations are offered in Section 6.

2. Background: the Australian education sector and national
testing system

In Australia, public (government) schools are funded and run sepa-
rately by Australia’s six states and two territories, and do not charge
fees. Private schools include Catholic and independent schools, with
many of the latter also associated with religious organisations. Private
schools charge fees and receive government funding that was, during the
period analysed in this paper, on average equivalent to 70 % of the per-
student government funding received by public schools. Standard public
schools are required to accept students who reside in their catchment
areas. Private schools and a small number of selective public schools, of
which most are academically selective, have more control over the
students they accept.

Most Australian schools offer either primary or secondary education.
Primary (elementary) schools generally offer education from the year
prior to grade 12 up to grade 6 or 7, depending on the state. Secondary
(high) schools generally offer education from grade 7 or 8 to grade 12,
the final year of formal schooling in Australia. Some schools — denoted
“combined” schools — offer education over both primary and secondary
levels.

To receive government funding, Australian private schools must be
organised as not-for-profit enterprises. Our conjecture that private
schools may respond more than public schools to public accountability is
thus not based on a profit motive. The objective function of school
leaders is likely multi-faceted, with one component being to meet or
exceed the performance expectations of parents. We conjecture that
parents are likely to set higher performance expectations for private
schools — particularly those charging high fees - than for public schools.

In 2008 - two years prior to the launch of the My School website that
publicised schools’ average test results — Australian students began
taking national tests in the five domains of reading, writing, spelling,
grammar/punctuation and numeracy in grades 3, 5, 7 and 9, via the
National Assessment Program — Literacy and Numeracy (NAPLAN).
Testing is conducted by state school authorities but administered cen-
trally by the Australian Curriculum and Reporting Authority (ACARA).
Prior to NAPLAN, individual states conducted their own literacy and
numeracy tests. NAPLAN testing occurred in May of each year during the
period we examine, about one-third of the way through the academic
year. Appendix A provides a sketch of the yearly testing and reporting
timelines.

It should not be underestimated how contentious the introduction of
national testing and reporting was in Australia. In 2009, there was an
attempt to ban NAPLAN outright within New South Wales which
brought down one of that state education department’s Directors Gen-
eral. This occurred in the very state that had the longest and richest
existing culture of testing students and using those test results to inform
policy.

Ministers of Education in each state and territory responded to the
My School project by putting together a special advisory group that made
recommendations about how to amend or enhance the website. This

2 This grade has different names across states: kindergarten, preparation, or
foundation. Students generally start school in this grade at age five or six.
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advisory group included the heads of principals’ councils, university
academics, statisticians, and others, and worked with ACARA until
August 2010. Many recommendations for changes were made, not all of
which were implemented.

Schools were informed in broad terms about My School and the type
of information it would reveal prior to the website launch. However, as
made clear by the continued consultative process described above, what
would be reported on My School and how exactly it would be displayed
could reasonably be considered as in flux until mid-2009, and the initial
version of the website itself was not made live until January 2010.
Hence, actionable information is unlikely to have reached schools until
after NAPLAN testing in May 2009. Any responses by schools to the
change in accountability represented by My School are thus unlikely to
be evident prior to the 2010 testing year.

The My School website went live on 28 January 2010, near the first
day of school in the 2010 school year (school start dates differ slightly by
state/territory). Schools’ average test score information for both 2008
and 2009 was provided on the website at this time. Average test score
information has subsequently been added annually to My School each
March,” several months after individual schools and parents are sent
their own test score information (around September of each testing
year).

Each school’s scores are compared on My School to two sets of
average scores within testing domain x grade x cohort: (1) averages
over all schools in Australia offering the same grade, and (2) averages for
a group of up to 60 “similar” schools. These “similar” schools are iden-
tified by ACARA using their Index of Community Socio-Educational
Advantage (ICSEA). The ICSEA score of each school is now based on
the education and occupation levels of the parents of enrolled students,
the remoteness of the school, and the percentage of enrolled students
from an Indigenous background.” Comparisons with similar schools
essentially hold constant these background characteristics in evaluating
schools’ test results.

Appendix B provides two screenshots from My School: one for a
relatively high-performing primary school, and one for a relatively low-
performing high school. On each screenshot, the average NAPLAN test
scores of an individual school are shown together with the appropriate
color coding, described below, for each of the five domains of testing
(numeracy, reading, grammar/punctuation, writing and spelling) and
for each of the grades (denoted “year”) tested at the school. Test score
comparisons are shown in the form of numbers and colours against both
the “similar” schools offering the tested grade (denoted “SIM” in the
screenshot) and against all schools in Australia that offered the tested
grade (denoted “ALL”).

The color of each indicator is determined by the distance from the
school’s score in that domain x grade x cohort to the mean score of the
relevant comparison group. Dark green (dark red) colouration is used to
denote a score that is “substantially” higher (lower) than the
comparison-group mean. Light green (light red) denotes a score that is
“somewhat” higher (lower) than the comparison-group mean. Colour-
lessness denotes a score that is approximately the same as the
comparison-group mean. The thresholds that define “substantially” and
“somewhat” higher or lower than the comparison-group mean score are

3 For example, schools’ average scores for tests taken in May 2010 were
added in March 2011.

4 These three components are combined to form the ICSEA measure in a
manner that best predicts student test scores. Prior to 2010, ICSEA was based on
the socio-economic status of the postcode where students resided, as informa-
tion on parental education and occupation has been collected since 2010 only.
For more details: http://www.acara.edu.au/verve/_resources/Guide_to_unders
tanding_2013_ICSEA _values.pdf.
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that mean score plus or minus 0.5 and 0.2, respectively, of the standard
deviation of scores in that domain x grade x cohort across all students in
Australia.”

According to the National Protocols for Test Administration,® there
are three reasons why a student may not participate in NAPLAN testing:
(1) exemption due to diagnosed learning difficulties, or residence in
Australia for less than one year and being from a language background
other than English; (2) absence from school on testing day; or (3) being
withdrawn from testing by formal parental application. Unlike in some
jurisdictions (e.g., Florida, see Florida Department of Education, 2014),
Australia sets no minimum percentage of students in each school and
grade who must participate in testing.

Parents can formally apply to the school principal for the withdrawal
of their child from NAPLAN testing “in the manner specified by the local
testing authority” (usually the state’s department of education). The
NAPLAN testing protocols indicate that withdrawals are intended to
address issues “such as religious beliefs and philosophical objections to
testing,” but providing a considered explanation for withdrawal does not
appear necessary. Recent examples of forms used by local testing au-
thorities for withdrawal of students from NAPLAN testing are provided
in Appendix C.

The process of applying for withdrawal was not actively promoted by
governments or the testing authority. We believe that knowledge of the
process was provided to parents directly by schools. As noted above,
parents apply for withdrawal directly to the school, not to the testing
authority or government.

Parents have reported pressure from schools to withdraw children
from testing in a survey related to a review of NAPLAN conducted by one
state education authority.” The popular press has also reported on claims
by parents that schools have instructed children not to sit the NAPLAN
tests “...in order to boost their chances of obtaining higher overall
scores...”.® These reports date back as far as 2010, the first year of
testing after the launch of My School. The volume of such reports led the
NSW Minister for Education to warn that principals or teachers found
encouraging children not to sit the tests may face disciplinary action.
Reports of parents coordinating the withdrawal of their children from
testing so their school would not be included on the My School website
have also been made.’

In the Australian setting prior to My School, parents likely already
had expectations of the overall performance or “quality” of a school
based on the types of students serviced by the school. Parents may not,
however, have had an informed view of how a school was performing
relative to schools serving similar student cohorts. The similar-schools
comparisons provided on My School are thus likely to have constituted
an “information shock”, to the minority of parents who looked at My
School, and more than likely to school leaders too. Consistent with this
conjecture, the most negative views of school leaders about the My
School website were reported by schools that had the weakest perfor-
mance in similar-school comparisons (Coelli, Foster & Leigh, 2018).

5 Thresholds are calculated using the standard deviation across all school
students in Australia, even when the resulting colouration reflects a comparison
to the similar-school mean.

6 http://www.nap.edu.au/naplan/school-support/student-participation

7 https://qed.qld.gov.au/programsinitiatives/education/Documents/naplan-
2018-parent-perceptions-report.pdf.

8 Examples include: https://www.heraldsun.com.au/news/schools-can-ch
eat-naplan-exams/news-story/8160b68c1e79ce869538913e730cdad4#: ~:
text=The%20Herald%20Sun%20was%20told,who%20did%20not%20do%
20tests;  https://www.news.com.au/lifestyle/parenting/school-life/the-little
known-naplan-fact-parents-can-withdraw-their-child-without-a-reason/news
-story/159deb3f3e81cd61e4afaa98451d26d2;https://www.smh.com.au/educa
tion/naplan-2016-parent-says-school-asked-student-to-sit-out-exam-20160512-
got9tu.html.

9 See https://www.smh.com.au/education/parents-pull-children-out-of-nap
lan-tests-to-avoid-my-school-ranking-20110510-1ehc6.html.
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Table 1
School summary statistics, overall and by sector.

Statistic Public Independent  Catholic All
Total school enrolment 428.6 634.9%** 419.0 447.5
(323.0) (498.8) (310.8) (348.3)
Combined school (%) 5.0 73.7%%* 5.7 12.1
Students per tested grade (2009)  65.5 59.2%x* 63.5 64.4
(60.6) (46.9) (54.5) (8.1)
Student / faculty ratio 15.5 13.1%%* 16.3%** 15.4
(6.3) 4.1) (2.9) (5.6)
Total funding ($A, 2009) 10,894 13,623 9910%*** 10,965
per student (2992) (4428) (2465) (3221)
Fees / contributions ($A, 2009) 358 6206%** 1698%*** 1231
per student (255) (5144) (1442) (2496)
Parental socioeconomic —0.241 0.811%*** 0.399%** 0.000
status (standardised, 2010) (0.982) (0.896) (0.738) (1.000)
Aboriginal and Torres Strait 5.54 1.40%** 1.87%%* 4.35
Islander
students (%) (8.79) (3.50) (4.52) (7.87)
Students from language 17.6 15.2%%* 19.8%x* 17.8
backgrounds
other than English (%) (2009) (22.6) (21.5) (24.2) (22.9)
Female students (%) 48.7 54.2%** 52.5%** 50.0
(5.8) (17.4) (12.2) 9.4)
Average test scores (2008/09) —0.096 0.270%** 0.155%** —0.006
(standardised, all schools) (0.414) (0.362) (0.284) (0.409)
Average test scores (2008/09) —0.037 0.104%** 0.088%*** 0.003
(standardised vs similar schools) (0.253) (0.227) (0.210) (0.249)
Non-participation (%) 5.61 3.79%%* 3.19%%* 4.92
(5.43) (6.09) (3.32) (5.24)
Absence (%) 3.87 2.56%** 2.07%** 3.36
(4.18) (3.22) (2.41) (3.86)
Exemption (%) 1.42 0.577%* 0.90%** 1.22
(2.94) (1.51) (2.02) (2.67)
Withdrawal (%) 0.31 0.67%*** 0.23 0.33
(1.35) (4.42) (0.87) (1.85)
Schools 4811 708 1462 6981

Notes: ACARA data from the My Schools website for 2008 (except where indi-
cated) for our estimation sample of a balanced panel of schools that excludes
Special and remotely located schools. Standard deviations across schools are
provided in parentheses. Statistical significance of tests of differences with
public schools denoted by *** at 1% level, ** at 5% level and * at 10% level.

3. Data and descriptive statistics

Our main source of data is annual school-level information for the
years 2008 to 2015. This information is precisely the same information
as is provided on the My School website. Our analysis focuses on a
balanced panel of 6981 schools, excluding Special and remotely located
schools, whose test scores and non-participation rates are observed in all
years on My School from 2008 to 2015."°

Average school characteristics differ across school sectors, as shown
in the top panel of Table 1. Independent schools charge higher fees on
average than Catholic schools. Overall resources per student are highest
in independent schools and lowest in Catholic schools. Combined
schools — offering education over both primary and secondary levels —
are more common in the independent school sector.

Regarding student demographics, independent schools serve more
advantaged students as measured by parental education and occupation,
while public-school students are least advantaged, on average. Public
schools serve the highest percentage of Aboriginal and Torres Strait
Islander students. Catholic schools enroll the highest percentage of
students from a language background other than English, and inde-
pendent schools enroll the lowest percentage of such students. The
percentage of female students is highest in independent schools. The
higher standard deviation across independent schools relative to public

10 gpecial schools enrol students with disabilities, and such students are
generally exempt from NAPLAN testing. My School only provides information
on schools with at least 5 students in tested grades.
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or Catholic schools in female percentage is due to the higher prevalence
of single-gender schools in this sector.

Given these differences in student background by sector, it is perhaps
not surprising that NAPLAN test scores are on average lowest among
public schools and highest among independent schools (middle panel of
Table 1).'! Differences in average standardised test scores across school
sectors are also considerably lower (though still statistically significant)
when comparisons are run amongst “similar” schools.'? Kernel density
estimates of the distributions of standardised scores using both com-
parison groups over the 2008 and 2009 years, by sector, are shown in
Fig. 1.

The bottom panel of Table 1 shows that non-participation rates were
initially highest among public schools and were driven by higher ab-
sences and exemptions. Withdrawal rates were initially highest among
independent schools. A larger standard deviation in withdrawal rates
was evident among independent schools even in 2008, prior to My
School.

Fig. 2 shows the evolution of non-participation rates over time,
decomposed by reason. The overall rate of non-participation rose from
around 5 % in 2008 and 2009 to close to 6 % in 2010, the first year of
testing after the release of My School, and then rose even further to
around 6.7 % by 2015. The main driver of the increase in non-
participation over time is withdrawal. Rates of the remaining two rea-
sons for non-participation have barely moved over the period.

The top left panel of Fig. 3 shows non-participation rates over time,
with schools split into three equal-sized groups based on their average
NAPLAN performance in 2008 and 2009 relative to similar schools.
While non-participation rose over time for all three groups, the largest
increase, with a jump in 2010, was among those schools performing
least well compared to similar schools. The top right panel of Fig. 3
shows trends in withdrawal split into the same three groups. The rise in
withdrawal, detectable for all schools from 2008 to 2010, was much
larger among those schools that initially performed poorly. The gap
continues to grow up until 2015. Corresponding graphs for absence
(bottom left) and exemption (bottom right) reveal large differences by
initial relative performance, but trends (if any) are similar across these
three groups.

Table 2 provides further statistics about the non-participation rate
and its three components from 2008 to 2015. The evident increase in
both prevalence and dispersion of non-participation are both driven by
withdrawal. Absence is quite common on testing day, but its prevalence
remained stable over the period. Exemption increased marginally, but
its dispersion across schools remained quite stable, with a consistent
56—58 % of schools exempting no students each year. By contrast, both
the prevalence and dispersion of withdrawal increased considerably.
The share of schools withdrawing no students fell from 83.5 % in 2008 to
44.4 % in 2015.

4. Estimation strategy and identification

We estimate schools’ responses to My School using the following
main equation:

11 These average standardised scores are constructed by first standardising
individual school average test scores separately by testing domain, grade and
year. Australia-wide student-level means and standard deviations by domain,
grade and cohort are employed to construct the standardisations.

12 The Australia-wide student-level standard deviations are also employed
when constructing the similar-school average standardised scores.
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Here, y; is the average percentage of enrolled students in tested
cohorts who do not participate in testing in school i in year ¢; ss; and as;
are the differences between school i’s mean standardised test score'®
averaged over 2008 and 2009 and the mean standardised test score of
“similar” and all schools respectively; y; are school indicators; y, are year
indicators; and ¢; are random errors.

The p, coefficients are of primary interest, as they capture differences
in non-participation rates (overall and by reason) each year from 2008
to 2015, relative to 2009 (the omitted year), as a function of schools’
initial test scores relative to similar schools. These similar school com-
parisons were likely the main “shock” to schools and their leaders once
released on My School.'* We control for a flexible fourth-order poly-
nomial in standardised test scores relative to all other schools (as;) to
allow for the potential influence of individual student poor performance
on non-participation (the second large term in Eq. (1)). These controls
are also interacted with year indicators, allowing for differential trends
over time in non-participation rates based on absolute initial school
performance. Low-performing students are potentially less likely to
participate in testing for reasons unrelated to the potential school
“gaming” we are interested in understanding. By flexibly controlling for
the effect of overall initial poor performance on trends in non-
participation, we can isolate any effect of the potential “shock” of the
similar-school comparisons.'®

While initial test score comparisons with all and similar schools are
correlated, there remains significant variation in similar school com-
parisons among schools grouped by overall test scores. Fig. 4 shows
boxplots for each decile of initial test scores relative to all schools that
reveal higher similar school score comparisons for schools with higher
overall scores, as we might expect. There remains, however, significant
overlap in the distributions of similar scores comparisons within overall
score groups, providing the variation we rely upon during estimation.

As school-specific fixed effects are included in Eq. (1), the relation-
ship between initial similar scores and non-participation rates is not
identified.'® Our model exploits variation over time within schools,
allowing us to observe if there are changes over time in the relation
between non-participation rates and initial similar score comparisons.
Of most interest, we are looking for whether this relationship changes
after the release of My School.

By focussing on a balanced panel of 6981 schools over all 8 years, we
exclude 441 schools (5.9 %) observed on My School at website launch
(2008 and 2009 data available). Of these schools, at most 129 had closed

13 Average percentages and test scores are calculated across all NAPLAN do-
mains and grades tested in the school.

14 While test score comparisons to all schools may also have been a “shock” to
many parents, in this study we are primarily interested in identifying the
gaming responses of schools.

15 It is possible that schools may also respond to poor initial performance
relative to all schools via “gaming”. By including all-school score comparisons
as controls, we may well be estimating a lower bound of the overall “gaming”
effect. Our estimates may thus be conservative.

16 Note, however, that the top left panel of Fig. 3 reveals a negative relation
between non-participation and initial test score performance prior to My School
(in 2008 and 2009), a finding confirmed by regression analysis. This is driven
mostly by absences, with a minor role also played by exemptions. No rela-
tionship between initial test score performance and withdrawn percentages is
evident either in the top right panel of Fig. 3 (in 2008 or 2009), or in regression
analysis.
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All schools

Fig. 1. Distribution of school NAPLAN scores over 2008 and 2009 by sector
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Notes: ACARA data for schools observed from 2008 to 2015, excluding remote and Special schools.
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Fig. 2. Non-participation in NAPLAN testing by source and year (%)
Notes: ACARA data for 6981 schools observed from 2008 to 2015, excluding
remote and Special schools.

or merged by 2015. The remaining “missing” schools are small, drop-
ping below the threshold size for reporting on My School during some
years. Given the very small amount of sample selection, any potential
bias in our estimates is likely to be minimal.

The specific accountability intervention we study, and our estima-
tion strategy, has important implications for the interpretation of the
effects we can potentially identify, and the assumptions required for
such identification. Our estimation strategy is essentially a two-way
fixed effects (TWFE) model, with a “treatment” that is continuous (the
similar school score comparisons) and where there are no “control”
schools observed post-treatment that remain untreated (i.e., unobserved
on My School).

Recent work by Callaway, Goodman-Bacon and Sant’Anna (2021)
provides important insights into what can potentially be identified in
our case and the assumptions required to do so. The authors delineate
two effects that could potentially be identified in a multi-valued treat-
ment setting. One is the treatment effect of some “dose” or treatment level
(d), which “equals the difference between a unit’s potential outcome
under treatment d and its untreated potential outcome”. This can be
interpreted as the “level” effect of treatment: what happens if treated
with dose d relative to not being treated at all. The second is the causal
response: the effect of an incremental change in the dose at d (or the
“slope” effect).

Given we do not observe untreated schools after the publication of

My School, we cannot identify treatment effects as defined in Callaway
et al. (2021). We can potentially identify causal responses, but this re-
quires invoking what Callaway et al. (2021) call a “strong” parallel
trends assumption. It is “strong” in the sense that it is not simply based
on potential outcomes without treatment, equivalence of which across
groups is all that is required to identify treatment effects in standard
difference-in-differences designs. The “strong” version requires that the
average change in potential outcomes across all units from
pre-treatment to receiving some dose level d is equal to the average of
the same change among those specific units that actually experienced
dose d. This “strong” assumption is thus not based solely on potential
outcomes without treatment. It requires a specific type of homogeneity
in treatment effects, where the average effect of treatment among those
units experiencing some dose d is equal to the (hypothetical) overall
average effect across all units if they all had experienced dose d. It
essentially rules out self-selection into dose levels. That is, it rules out
units choosing a specific dose level based on their own potentially het-
erogeneous gains from treatment.

While this assumption may be stronger than standard parallel trends
assumptions, we contend that it is reasonable in our setting. Schools do
not have the ability to “choose” their similar school score comparisons.
They have no role in selecting the “similar” schools used in the calcu-
lation (ACARA does this based on school ICSEA scores), and they are
unlikely to be able to influence the test score outcomes of these “similar”
schools.

Callaway et al. (2021) also provide insights into the specific
weighted average of potentially heterogeneous causal responses across
dose levels d that the TWFE estimator produces. This estimator puts
more weight on units that receive doses near the mean dose E[d] and the
weights are “hump-shaped”. This weighting may thus potentially yield
an estimate that differs from the average causal response across all units
in our setting if the doses observed in our data are not also “hump--
shaped”. The right-hand panel in Fig. 1, however, shows that our “doses”
of similar school score comparisons are close to normally distributed.
The TWFE estimator we employ may thus provide a reasonable
approximation to an average causal response.

5. Results
5.1. Main estimates, all schools

The main results from estimating Eq. (1) for test non-participation
overall and separately by reason are plotted in Fig. 5 (also reported in
Appendix Table A1). We focus on the test score comparisons relative to
similar schools: the “shock” in our setting. From 2010 onwards, we see
negative coefficients on the year-by-initial-score interactions for non-
participation overall (top left panel) and for withdrawal (top right).
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Table 2
Distribution of non-participation in testing overall and by source over time (%).
2008 2009 2010 2011 2012 2013 2014 2015

Non-participation
Mean 4.92 5.11 5.85 5.65 6.18 6.23 6.77 6.70
standard deviation 5.24 5.58 6.17 5.79 6.15 6.18 6.68 6.64
percent zero 9.0 8.2 7.0 7.1 6.2 6.6 6.2 5.9
Median 3.60 3.70 4.20 4.20 4.60 4.60 5.00 5.00
75th percentile 6.60 6.70 7.80 7.40 8.30 8.45 9.10 9.00
90th percentile 10.90 10.90 12.60 11.80 13.00 13.30 14.70 14.60
Absence
Mean 3.36 3.15 3.16 3.17 3.27 3.07 3.07 3.07
standard deviation 3.86 3.41 3.41 3.32 3.53 3.32 3.47 3.48
percent zero 13.1 13.1 12.3 12.2 11.6 12.6 13.2 12.5
Median 2.30 2.30 2.20 2.40 2.40 2.25 2.20 2.20
75th percentile 4.60 4.40 4.30 4.33 4.40 4.15 4.10 4.10
90th percentile 7.80 7.00 7.20 7.00 7.30 7.00 6.80 7.00
Exemption
Mean 1.22 1.28 1.40 1.32 1.38 1.32 1.46 1.34
standard deviation 2.67 2.84 3.15 2.86 2.96 2.90 3.15 3.02
percent zero 55.8 55.4 55.6 56.2 55.5 57.1 55.9 58.5
75th percentile 1.50 1.50 1.50 1.50 1.50 1.50 1.50 1.50
90th percentile 3.65 4.00 4.00 4.00 4.00 4.00 4.50 4.00
Withdrawal
Mean 0.33 0.68 1.30 1.16 1.53 1.84 2.24 2.29
standard deviation 1.84 291 3.50 3.24 3.69 3.97 4.33 4.40
percent zero 83.5 77.5 61.8 62.8 54.7 50.1 44.9 44.4
75th percentile 0.00 0.00 1.00 1.00 1.67 2.10 2.67 3.00
90th percentile 0.60 1.67 4.00 3.50 4.50 5.33 6.50 6.50

Notes: ACARA data for 6981 schools observed from 2008 to 2015, excluding remote and Special schools.
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Fig. 5. Estimates of the relation each year of test non-participation (%) to initial (2008/09) school performance measured relative to similar schools

Notes: The points (lines) represent coefficient estimates (95% confidence intervals) for the beta coefficients (f,) from Eq. (1) predicting school average test non-
participation percentages as a function of test scores standardised with respect to the similar-schools average (ss;). Estimates based on TWFE regressions (year
and school) using a balanced panel of 6981 schools, excluding remote and Special schools. Regressions also include a fourth order polynomial (quartic) of average
test scores standardised relative to all schools (averaged over 2008 and 2009) interacted with year indicators.

This implies that a smaller fraction of students participated in testing panel) and exemption (bottom right).

from 2010 onwards in Australia’s worst-performing schools relative to These relationships between similar-school comparisons and with-
similar schools, with this phenomenon driven by withdrawal. We see no drawal rates become increasingly more negative until 2014, with a
significant relations between similar-school comparisons and changes in smaller initial effect in 2010, the first year after release of My School.
the remaining two reasons for non-participation: absence (bottom left Interpreting the —1.63 coefficient on the interaction in 2015, schools
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with scores that are one standard deviation lower than similar schools
(the standard deviation is 0.249, as shown in Table 1) have withdrawal
rates that are 0.41 percentage points, or about 18 % (on the mean
withdrawal rate of 2.29 in 2015, as shown in Table 2), higher than
schools with average scores.

Fig. 5 shows that we also see no changes in the relationship between
non-participation rates and scores relative to similar schools between
2008 and 2009, the period prior to release of My School. While this
suggests that parallel pre-trends are evident in our setting (which is
comforting), as explained above we require “strong” parallel trends for
identification in this setting, a requirement that cannot be evaluated by
looking at pre-trends alone.

Any of the reasons for non-participation in testing (absence,
exemption or withdrawal) can potentially be manipulated by schools.
Schools may catalyze learning-disability diagnoses for poorly perform-
ing students, resulting in exemption. They may also encourage parents
to request withdrawal or to keep certain students at home on testing day.
As illustrated in Fig. 5, increases in non-participation over the period
were driven almost solely by increased withdrawal. This may be the
least costly avenue to non-participation for both parents and schools. It
does not appear that more poorly performing schools were enrolling a
larger proportion of students with learning difficulties or who were more
likely to be absent on testing day.

Our focus here is on the estimated coefficients of initial scores rela-
tive to similar schools. Test score comparisons relative to all schools are
included as controls. The estimated effects of these controls at the mean
level of zero are presented in Appendix Figure Al. All three components
of non-participation are negatively related to initial test scores relative
to all schools, with a delayed response (starting in 2012) for withdrawal
and absence. These estimates may, like the estimates for similar-schools
test score comparisons, reflect potential gaming, but they could also be
due to changes in school composition (see Section 5) or to individual
student responses to initial poor performance.

5.2. Estimates by school sector

We provide estimates broken down by school sector using the
following expanded version of Eq. (1):

2015

Yiu =7+ Z

1=2008 #2009

where P;, I; and C; indicate public, independent and Catholic schools
respectively. The gl and f° coefficients capture potential sectoral dif-
ferences in effects relative to public schools. We include sector-specific
unrestricted time indicators to accommodate sectoral differences in
the overall trajectory of non-participation. We also control flexibly for
overall test score comparison effects specific to school sector.
Estimates based on Eq. (2) are plotted in Fig. 6 (also reported in
Appendix Table A2). Here we focus on overall non-participation (top
panel) and on withdrawal (bottom panel). Estimates for public schools
are provided in the plots on the left and reveal estimates that are similar
in size and significance to those for all schools in Fig. 5. While statisti-
cally insignificant, point estimates also show that independent schools’
non-participation and withdrawal responses to poor initial performance
relative to similar schools were more than twice as strong as the
respective responses of public schools (right of Fig. 6). By contrast, the
estimated coefficients on the interaction terms for Catholic schools are

[, + 0y () +af (4-Co) + B, (ssin,) + B (ssipoli) + By (ssion,-Ci)] + Z
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near zero and even positive in some years.

The precision of our estimates for differences by school sector is
reduced by estimating separate responses for each year after My School.
To circumvent this issue, we estimated two additional versions of Eq.
(2). In the first version, initial scores relative to similar schools were
interacted with an indicator for all years after My School (2010 to 2015).
In the second version, scores were interacted with an indicator for 2010
and a separate indicator for all remaining years after My School (2011 to
2015). The main estimates from these regressions are presented in
Table 3.

The base case in Table 3 is again public schools. In both versions, and
for both overall non-participation and withdrawal, the effects of similar
score comparisons are negative and statistically significant among
public schools.

Relationships between withdrawal rates and scores relative to
similar schools are particularly evident for independent schools in these
estimates, with the difference in effects as compared to public schools
now statistically significant. In total (using the estimates from column
2), independent schools that are one standard deviation lower in terms
of initial performance relative to similar schools have on average a 0.9
percentage point, or 39 %,'” higher withdrawal rate. This is a sizable
effect and is consistent with the large increase in the dispersion of
withdrawal rates across schools reported at the bottom of Table 2.

By contrast, the estimates for the Catholic school interactions are
positive, partially offsetting the negative effect estimated for public
schools. Any “gaming” of the accountability system that schools may be
engaging in appears less prevalent among Catholic schools.

5.3. Threats to identification

The main threat to identifying causal effects in our setting is that
time-varying factors, apart from the launch of My School, may drive non-
participation in NAPLAN testing and be correlated with initial test score
performance relative to similar schools. Only time-varying factors are of
concern, as any fixed factor will be absorbed by the school indicators. It
is not clear a priori what such factors might be, but we can search for
empirical indicators of them.

First, we look for signals of changes in the student population served
by poorly performing schools. If such schools lose enrolments of higher-

2015 _ »
Z Z 51[( (an‘] ‘ﬂ,'Ki) + & 2

K ePCIL J=1 | 122008 1£2009

performing students, such schools will have higher proportions of stu-
dents remaining who are legitimately exempted from testing, such as
learning-disabled students or students from non-English speaking
backgrounds, and/or students whose parents elect to withdraw them
from testing for other reasons.

In Fig. 7 we plot estimates of the relations between initial perfor-
mance and trajectories of overall (logged) school enrolment using Eq.
(1). Changes in enrolments are positively related to our 2008/09 mea-
sures of initial performance relative to all schools (as;, the “controls” in
our main analysis), implying slower enrolment growth among the least
advantaged and lowest achieving schools. For clarity, we plot co-
efficients on the level of as; only. To interpret these coefficients: a school

17 Based on the mean withdrawal rate in 2015 of 2.29 percentage points — see
Table 2.
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Fig. 6. Estimates of associations of non-participation in testing (%)with initial (2008/09) school performance relative to similar schools over time, by sector

Notes: The points (lines) represent the coefficient estimates (95% confidence intervals) for the beta coefficients (,, f} and ) from Eq. (2) predicting school average
test non-participation percentages as a function of test scores standardised with respect to the similar-schools average (ss;). Estimates based on TWFE regressions
(year by sector and school) using a balanced panel of 6981 schools, excluding remote and Special schools. Regressions also include a fourth order polynomial
(quartic) of average test scores standardised relative to all schools (averaged over 2008 and 2009) interacted with year and school sector indicators.

that is one standard deviation higher in performance relative to all other
schools (at the mean score of zero) has higher enrolment growth over
2010 to 2015 of around 0.9 percent per year.'® Such schools thus have
growth rates that are just over double the 0.7 percent annual enrolment
growth of the average school. These trends are evident, however, prior
to the release of My School. As discussed above, parents likely already
held reasonably informed views prior to the release of My School
regarding which schools are high achieving overall based on the student
body they serve.

More importantly for our analysis, changes in enrolments are not
related to initial performance relative to similar schools in any year we
examine. It appears that parents are not reacting to this particular “in-
formation shock” by moving their children to other schools. This result is
consistent with the findings of a government-commissioned review of

18 This calculation is based on a predicted difference in log enrolments from
2009 to 2015 of 0.132 and a standard deviation in initial performance relative
to all schools of 0.409 (see Table 1). We plot the predicted effects by year based
on the full fourth-order polynomial in Appendix Figure A2. The strongest
enrolment responses (i.e., the steepest predicted slopes) are at mean overall
scores.

NAPLAN and My School (Louden, 2019). Many parents of school-aged
children had never looked at My School, and only a minority of par-
ents had used My School when choosing a school for their children.'” It is
thus unlikely that student mobility can explain our estimates on test
non-participation and withdrawal based on initial scores relative to
similar schools.

Also, if our estimates were indeed driven by changes in the student
body, we would likely see increases in all three non-participation cate-
gories — exemption, absence, and withdrawal — among poorly perform-
ing schools. As we see a response only for withdrawal, it seems unlikely
that changes in the student body over time are responsible. There are
differences in absences and exemptions across schools by initial per-
formance in our setting (see Fig. 3), but these differences do not grow
after the release of My School.

In addition, the top panel of Fig. 5 shows that the percentages of non-
participating students and students withdrawn from testing in poorly
performing schools began to rise significantly in the 2010 testing year.
These tests were administered just four months after the My School

19 Doeke (2019) also finds that parents choose schools in more complex ways
than simply comparing test scores.
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Table 3
Estimates of associations of test non-participation (%) with initial (2008/09) school performance measured relative to similar schools, by sector.
Non-participation Overall Withdrawn Overall Withdrawn
@™ ) 3) “@
Score x (2010-15) —1.380%** —1.232%**
(0.340) (0.201)
Score x (2010-15) x Independent —1.859 —2.680%**
(1.345) (1.249)
Score x (2010-15) x Catholic 0.649 0.799%*
(0.591) (0.335)
Score x 2010 —0.972%* —0.456*
(0.446) (0.254)
Score x (2011-15) —1.461%** —1.388***
(0.353) (0.213)
Score x 2010 x Independent —-0.235 —1.332
(1.267) (1.145)
Score x (2011-15) x Independent —2.184 —2.949%*
(1.431) (1.338)
Score x 2010 x Catholic -0.178 0.497
(0.840) (0.375)
Score x (2011-15) x Catholic 0.814 0.859%*
(0.589) (0.357)
School indictors v v v 4
Year x sector indicators v v v v
Overall score controls® v v v v

Notes: Estimates based on TWFE regressions using a balanced panel of 6981 schools, excluding remote and Special schools. Dependent variables are the average
percentage of students in a school and year who did not participate in testing (overall and due to withdrawal) from 2008 through 2015. Initial scores are standardised
relative to similar schools. Standard errors clustered at the school level are provided in parentheses. * denotes significance at 10%, ** at 5% and *** at 1% levels.

@ Overall score controls are a fourth order polynomial (quartic) of average test scores standardised relative to all schools (averaged over 2008 and 2009) interacted with

year by sector indicators.
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Fig. 7. Responses of school enrolment to initial (2008/09) school performance relative to both similar schools and all schools, yearly from 2008 to 2015
Notes: The points (lines) represent coefficient estimates (95% confidence intervals) from Eq. (1) predicting school log enrolments as a function of test scores
standardised with respect to both similar schools (ss;) and all schools (as;). Estimates based on TWFE regressions (year and school) using a balanced panel of 6981

schools, excluding remote and Special schools. .

website launch in January 2010. At this point, with enrolments for the
2010 school year all but finalised, even highly motivated school leaders
wanting to take action to shore up their apparent performance in the
next update of My School would have had few options left. Removing
poorly performing students from the 2010 testing pool through urging
their parents to withdraw them was one of few options still available.
We delve further into potential changes in student populations over
time in Fig. 8. We again estimate versions of Eq. (1), but with the
dependent variables now demographic characteristics of the school
population. The three demographic characteristics available to us on a
consistent basis over the period are: the percentage of students who are
Aboriginal and Torres Strait Islander, the percentage of students from a
language background other than English and the percentage of students
who are female. Estimates from predicting each of these three

10

demographic variables are presented in Fig. 8.2°

In panel A of Fig. 8, we see that the percentage of Aboriginal and
Torres Strait Islander students is increasingly negatively related to initial
scores relative to all schools at the mean of zero. That is, over time, such
students appear on average to be increasingly more likely to be enrolled
in the least advantaged and poorest performing schools. However, this
share is associated increasingly positively with initial scores relative to
similar schools: the source of the “shock” in our analysis. Note also that
the overall percentage of students identifying as Aboriginal and Torres

20 Due to large changes in the construction of the variable denoting parental
socio-economic status over the period we examine, we do not present estimates
for this demographic characteristic.
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Fig. 8. Estimated relationships between school demographics with initial (2008/09) performance relative to similar and all schools over time
Notes: The points (lines) represent coefficient estimates (95% confidence intervals) from Eq. (1) predicting the three school demographic percentages as a function of
test scores standardised with respect to both similar schools (ss;) and all schools (as;). Estimates based on TWFE regressions (year and school) using a balanced panel

of 6981 schools, excluding remote and Special schools. .

Strait Islander in our balanced panel of schools grew by 2 percentage
points from 2008 to 2015. It is thus highly likely that the strong negative
relation with initial test scores relative to all schools largely reflects this
growth, rather than differential student mobility.

Similar but less precisely estimated patterns are observed for the
percentage of students from a language background other than English
in Panel B. This percentage also grew by two percentage points from
2009 to 2015, so these estimates may largely reflect this growth.?! As
can be seen in Panel C of Fig. 8, the opposite pattern is observed for the
female share variable, the coefficients are quite imprecisely estimated,
and the effect sizes are much smaller.

Overall, there is no clear indication here that changes in student
composition are likely to significantly impact our estimates on with-
drawal from testing in response to poor initial performance relative to
similar schools.

21 This variable is only available from 2009 onwards.

11

Finally, student mobility would need to be extremely large to be the
primary driver of our estimates. To demonstrate, we consider a simple
yet extreme example. Take one poorly performing school that is a full
one unit below zero in terms of score comparisons against all schools (i.
e., 2.5 standard deviations). Take a second school that is performing one
full unit above zero. The annual relative change in enrolment based on
Fig. 7 between these two schools in 2010 would be around 4 percent.
Suppose that this change was brought about because 2 percent of the
students in the poorly performing school moved to the high-performing
school. Suppose that none of these mobile students withdrew from
testing in their new school, and that their new school had no withdrawal
prior to My School (most schools had zero withdrawal). Further suppose
that the withdrawal rate among students in the poorly performing
school was 5 percentage points before My School (placing it above the
95th percentile in terms of withdrawal rates). The loss of 2 percent of its
students would raise the withdrawal rate among remaining students at
the poorly performing school by just 0.1 percentage point. This is an
order of magnitude lower than the 1.1 percentage point effect we
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Fig. 9. Estimates from predicting withdrawal from testing (%) based on initial (2008/09) school performance relative to similar schools over time, by tercile
Notes: The points (lines) represent coefficient estimates (95% confidence intervals) for the beta coefficients (5,) from an expanded version of Eq. (1) predicting school
average withdrawal from testing percentages as a function of test scores standardised with respect to similar schools (ss;). Separate linear effects are estimated by
tercile of ss;. Estimates based on TWFE regressions (year by tercile and school) using a balanced panel of 6981 schools, excluding remote and Special schools.
Regressions also include a fourth order polynomial (quartic) of average test scores standardised relative to all schools interacted with year indicators. .

Table 4
Estimates of potentially non-linear relations of withdrawal from testing (%) to
initial (2008/09) school performance measured relative to similar schools.

Piecewise Fourth order
linear polynomial
Initial score x (2010-2015) x lowest tercile —2.332%%%
(0.666)
Initial score x (2010-2015) x middle tercile —1.519*
(0.789)
Initial score x (2010-2015) x highest tercile —-0.307
(0.390)
Initial score x (2010-2015) —1.519%**
(0.206)
Initial score squared x (2010-2015) 1.900%**
(0.515)
Initial score cubed x (2010-2015) 0.236
(0.358)
Initial score quartic x (2010-2015) —0.567**
(0.236)
School indictors v v
Year indicators v v
Overall score controls” v v

Notes: Estimates based on TWFE regressions using a balanced panel of 6981
schools, excluding remote and Special schools. The dependent variable is the
average percentage of students in a school and year who were withdrawn from
testing. Initial scores are standardised relative to similar schools. Standard errors
clustered at the school level are provided in parentheses. * denotes significance
at 10%, ** at 5% and *** at 1% levels.

# Overall score controls are a fourth order polynomial (quartic) of average test
scores standardised relative to all schools interacted with year indicators.

estimate for 2010, an effect that grows to 2.6 percentage points in 2011
(Appendix Table Al).

As noted in Section 4, identification of causal responses in our setting
requires a “strong” version of parallel trends to hold. We believe that
such a requirement is likely to hold in our setting. Callaway et al. (2021)
suggest that such a requirement may be more defensible when consid-
ering units (schools in our setting) that have similar “doses” of treatment
(i.e., similar initial scores relative to similar schools). This suggests
estimation focusing on schools with initial scores that are close to each
other, or in other words constructing “local” estimates, which may
potentially reveal responses that are not necessarily linear.

Following this logic, we present estimates allowing for potential non-
linearities in withdrawal responses to poor initial performance relative
to similar schools in several ways. To begin, in Fig. 9, we plot estimated
effects for withdrawal by year that can differ by tercile of initial scores
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relative to similar schools. This is essentially a piecewise linear model,
allowing separate linear effects within each tercile by year. While these
estimates are imprecise, we can see more negative effects for the lowest
and middle terciles, while effects for the highest tercile are closer to
zero. This makes intuitive sense, as performance below similar schools is
likely to raise concerns among school leaders and motivate potential
manipulation of the testing pool, while performance above similar
schools is less likely to raise such concerns.

To increase the precision of estimates while also allowing for po-
tential non-linearities, we next turn to estimating one effect for all years
post My School (2010 to 2015). We focus on the effects on withdrawal,
estimating alternately a piece-wise linear model and a model that in-
cludes a 4th order polynomial of scores compared to similar schools. The
estimates are reported in Table 4. Predictions from the polynomial
model are depicted in Fig. 10. There are clear non-linear effects. Effects
are large among the weakest-performing schools, while effects are near
zero among above-average schools.

Finally, could our results merely be reflecting parents’ responses to
an increased focus on test performance? If schools with poor initial
scores subsequently put more emphasis on students’ NAPLAN test per-
formance, their students may have become more anxious, leading to a
spike in withdrawals as parents responded to their children’s anxieties
by withdrawing them from testing. This mechanism is plausible and
would not have logically affected exemption or absence rates. Yet even if
parents rather than schools drove these withdrawal responses, there
remain two unintended consequences of increased withdrawal that
warrant attention: (1) certain students are not being tested, so schools
and the education system more widely are less informed regarding
which students need further support; and (2) the informational content
of school average test scores is reduced, clouding the information
available to policy-makers about where there is greatest need for assis-
tance, and to parents about the performance of different schools.

5.4. Non-participating students

The estimates presented above indicate that poorly performing
schools may attempt to raise their displayed My School NAPLAN per-
formance by manipulating the pool of students being tested, via
encouraging parents of low-performing students to withdraw their
children from testing. As noted above, withdrawal is formalised by
parents informing the school principal of their wishes “in the manner
specified by the local testing authority”, usually by filling out a simple
form. A natural question is to see what each year’s pool of withdrawn
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Fourth order polynomial model predictions
Density of similar score comparisons

-1 -5

T T T

0 5 1

Score comparisons relative to similar schools

Fig. 10. Polynomial model estimates of the association between withdrawal from testing (%) and initial (2008/09) school performance relative to similar schools
Notes: Estimates based on TWFE regressions (year and school) using a balanced panel of 6981 schools, excluding remote and Special schools. Regressions also include
a fourth order polynomial (quartic) of average test scores standardised relative to all schools interacted with year indicators. .

Table 5
Individual student achievement in 2011 predicted by 2013 test non-
participation status.

Standardised ~ Proportion Any in School rank
score lowest lowest Otol =
band band top)
(€D 2) 3) (C)]
Absent —0.442%* 0.0537%*%* 0.126%** —0.113%**
(0.0134) (0.0028) (0.0061) (0.0038)
Withdrawn —1.095%** 0.203%** 0.430%** —0.308%**
(0.0249) (0.0079) (0.0138) (0.0065)
Exempt —1.403%** 0.305%** 0.579%%* —0.371%**
(0.0340) (0.0138) (0.0211) (0.0079)
Private school 0.226%** —0.0232%#* —0.0614*** —0.00459%**
(0.0119) (0.0009) (0.0024) (0.0004)
Absent x Private 0.150%** —0.0286*** —0.0609%** 0.0375%**
school
(0.0246) (0.0044) (0.0101) (0.0078)
Withdrawn x 0.0511 —0.0646*** —0.0823** 0.00155
Private school
(0.0570) (0.0149) (0.0321) (0.0165)
Exempt x —0.0163 —0.0644** —0.0767 —0.0117
Private school
(0.0732) (0.0287) (0.0477) (0.0172)
Constant —0.0373%** 0.0403%*** 0.121%** 0.522%%*
(0.0079) (0.0007) (0.0018) (0.0003)
Students 230,584 230,584 230,584 230,584
R-squared 0.047 0.053 0.039 0.018

Notes: ACARA data for students in grade 5 in 2013 with observed 2011 (grade 3)
NAPLAN test scores, excluding students in remote schools, in schools with a high
proportion of Exempt students (likely Special schools) and in schools with less
than 5 students in the tested grade. Robust standard errors clustered at the
school level are provided in parentheses. * denotes significance at 10%, ** at 5%
and *** at 1% levels.

students looks like: would their NAPLAN scores in fact be likely to bring
down schools’ average scores?

Unfortunately, we are unable to access individual student-level data
for the period covering the initial launch of the My School website in
2010. We do, however, have access to anonymised student-level data
from 2013 onwards, including the NAPLAN test results of these students
(where available) in the prior testing year. We use these data to evaluate
whether students who did not participate in testing in 2013 were poor
performers when tested in 2011. We focus on students expected to sit the
grade 5 tests in 2013, for whom we also have (if available) the scores
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they received on NAPLAN tests taken in grade 3, in 2011.

Table 5 shows estimates from regressions of four alternative indi-
vidual grade 3 student achievement measures for 2011 on indicators for
withdrawal, absence or exemption from testing in 2013, a private school
indicator,?* plus interactions of the private school indicator with the
withdrawal, absence and exemption indicators. In column 1, the
dependent variable is the average across the 5 testing domains of the
standardised scores”” of each student who sat grade 3 NAPLAN tests in
2011.

Public school students absent on testing days in 2013 scored 0.442 of
a standard deviation below average in 2011, while students withdrawn
from testing in 2013 scored over a full standard deviation below
average, and exempt students scored 1.4 standard deviations below
average. The interactions of the private school indicator (set to 1 for
both independent and Catholic schools) and each of the three forms of
non-participation indicate that the weakest students were also being
withdrawn or exempted from testing in non-public schools, but to no
more of a degree than in public schools.

ACARA categorises all student NAPLAN test scores into one of ten
bands, and we can use data on these bands to further interrogate the
relationship between student performance in 2011 and subsequent
participation in testing in 2013. Grade 3 students’ scores range across
the lowest six bands, grade 5 scores range from band 3 to band 8, grade 7
scores range from band 4 to band 9 and grade 9 scores range from band 5
to band 10. Thus, each grade has scores that span precisely 6 bands. We
construct indicators for students who scored in the lowest band appli-
cable to their specific school grade (i.e., bands 1, 3, 4 and 5 for grades 3,
5, 7 and 9, respectively). These students would be considered to have
performed below expectations. On average across our balanced panel of
schools, 6 % to 7 % of students scored in the lowest band relevant for
their grade.

In column 2 of Table 5, the dependent variable is the proportion of
the (up to five) tests taken in 2011 on which the student scored in the
lowest band. In column 3, the dependent variable is an indicator for
whether the student scored in the lowest band on any of the tests taken
in 2011. Using either measure, we see that test non-participants are

22 1t was not possible to separately identify independent from Catholic private
school students in the individual student datasets.

23 Scores were standardised to have a mean of zero and standard deviation of 1
across all students sitting each test across all schools in 2011.
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more likely to be weaker students. Yet again, exempt students are the
weakest, followed by withdrawn students, and then absent students, and
there is no evidence that private school non-participants are more
negatively selected than public school students.

Finally, in column 4 of Table 5, the dependent variable is the 2011
within school-by-cohort rank of the student based on his or her grade 3
standardised test scores. We scale these ranks for comparability across
schools of different sizes such that the weakest student in a school and
cohort has rank 1/n, where n is the size of the 2011 school cohort sitting
the grade 3 tests. The strongest student has rank equal to 1 (i.e., n/n). By
predicting this measure based on non-participation in 2013 testing, we
can determine whether the weakest students in a school are being
withdrawn from testing, regardless of the average performance of the
school. As with the other achievement measures, the evidence in column
4 suggests that exempt students occupy the bottom of the school dis-
tribution, while withdrawn students do not place much higher.

Student mobility across schools in Australia is not uncommon.
However, this mobility is more often related to disruption and poorer
student performance (Lu & Rickard, 2016) than to purposeful changes to
better-performing schools. The individual-level student data we have
access to also has an indicator for whether a student was at the same
school when tests were taken two years prior. For students in grade 5 in
2013, around 17 % were enrolled in a different school when they sat
NAPLAN tests two years prior when in grade 3. Mobile students were,
however, less likely to participate in testing in their new school (by
around 1.6 percentage points). All three reasons for non-participation
were higher among mobile students. Mobile students are more likely
to be withdrawn, absent and exempt from testing by around 0.5, 0.8 and
0.3 percentage points respectively.

We observed differential trends in some student demographics
related to initial test scores in Fig. 8. The individual-level student data
can also be used to understand whether withdrawal rates differ by de-
mographic group. For students in grade 5 in 2013, Aboriginal and Torres
Strait Islander students were a statistically significant 0.8 percentage
points more likely to be withdrawn from testing than other students, but
this difference evaporates once we condition on student scores in grade
3 in 2011.%* Students from a language background other than English
(LBOTE) were less likely to be withdrawn from testing than other stu-
dents by a statistically significant 0.5 of a percentage point.>” While this
difference declines by one third once we condition on prior test scores, it
remains statistically significant. Female students have a withdrawal rate
that is lower than males by 0.3 percentage points, with this difference
declining by two-thirds once we condition on prior test scores. These
observed differences by demographic group are unlikely to undermine
our main estimates on withdrawal.”®

While the estimates in Table 5 clearly establish that students with-
drawn from testing in 2013 were generally weaker NAPLAN performers
in 2011, these results do not tell us about responses over time after the
launch of My School, nor about whether responses were stronger
amongst schools that performed poorly in 2008 and 2009.

In our final empirical tests, we ask whether schools whose non-
participation rates increased the most also had larger reductions in the
percentage of students receiving low scores. Such a pattern — presum-
ably the effect intended by schools whose leaders encouraged the par-
ents of poorly performing students to withdraw them from NAPLAN

24 This group was also more likely to be absent on testing day or to be exempt
from testing, by 2.2 and 0.6 percentage points respectively.

25 This group was also less likely to be absent on testing day or to be exempt
from testing, by 0.7 and 0.1 percentage points respectively.

26 Even the predicted growth in LBOTE of 1.5 percentage points from 2009 to
2015 due to a one standard deviation higher performance relative to similar
schools, coupled with a 0.5 percentage point lower withdrawal percentage,
yields a lower overall withdrawn percentage of just 0.0075. This is a fraction of
the negative 1.6 percentage point estimate of Fig. 5 and Table A1l for 2015.
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Table 6
Estimates of relations between proportions of students scoring in the lowest
band and test non-participation.

Change percent lowest band 2008/09 to 2011/12

(€8] 2) 3 (€3]
Change non- —0.0957*** —0.116%**
participation%
2008/09 to 2011/12 (0.0086) (0.0088)
Change withdrawn% —0.144%**  —0.162***
2008/09 to 2011/12 (0.0133) (0.0136)
percent in lowest band —0.110%** —0.114%**
in 2008/09
(0.0058) (0.0057)
R-squared 0.073 0.024 0.072 0.020
Change percent lowest band 2008/09 to 2013/15
Change non- —0.0703***  —0.118***
participation%
2008/09 to 2013/15 (0.0085) (0.0089)
Change withdrawn% —0.156***  —0.204***
2008/09 to 2013/15 (0.0115) (0.0120)
percent in lowest band —0.189%** —0.187%**
in 2008/09
(0.0065) (0.0064)
R-squared 0.131 0.025 0.145 0.040
Schools 6981 6981 6981 6981

Notes: Dependent variable is the change in the percent of students scoring in the
lowest of the six bands relevant for their specific grade in 2012. Robust standard
errors are provided in parentheses. * denotes significance at 10%, ** at 5% and
**% at 1% levels.

testing — could be interpreted as evidence of this “gaming” response to
the launch of My School.

In Table 6, we present the results of simple regressions of changes in
the percentage of students in a school who scored in the lowest band (as
described above) on changes in the percentage of students in that school
who did not participate in testing, overall and via withdrawal. In our
preferred estimates (columns 1 and 3), we also include a control for the
initial percentage of students at the school who scored in the lowest
band in 2008/09. This controls for mean reversion in student outcomes
over time.

In Columns 1 and 2 of Table 6, the focal independent variable is the
change in any form of non-participation, while in Columns 3 and 4 it is
the change only in the percentage of students withdrawn from testing. In
both cases, and over both time periods, a significant negative association
is found, with the size of the relationships up to twice as large when
focusing on withdrawn percentages only. If a school’s withdrawn per-
centage increased by one percentage point from 2008/09 to 2011/12
(the “initial” response), the percentage of its students scoring in the
lowest band is estimated to have fallen by 0.144 percentage points on
average, holding constant the percent of its students scoring in this
lowest band in 2008/09.

The results in Table 6 are suggestive of the selective withdrawal of
the worst performing students after the release of My School. Although it
is still possible that this association is due to another, more subtle cause —
such as parents of low-performing students enrolled in poorly per-
forming schools disproportionately deciding that testing is bad for their
children, and on that basis electing to withdraw them — we view our
findings as most consistent with schools having encouraged more low-
performing students not to sit the NAPLAN tests in response to the
accountability shock embodied in My School.

6. Conclusions

We find evidence that Australian schools responded predictably to
the increase in accountability ushered in by the My School website in
2010. The response of assessing fewer poorly performing students
arguably works against the objectives of increased accountability. Such
behavior shields poorly performing schools, while under-providing
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performance information to Australia’s weaker students and those who
provide for them. We find some evidence that those schools with
potentially the most to lose from public accountability — private schools
- respond more strongly than public or, especially, Catholic schools by
adjusting their testing pool.

Australia is not the first country where this type of response has been
observed (Cullen & Reback, 2006; Figlio & Getzler, 2006). Possible
policy remedies could include requirements that a minimum percentage
of students in each school participates in testing each year; that schools
explain any significant year-over-year changes in non-participation;
and/or that schools that report large drops in test participation are
automatically audited by the government. Without such safety nets,
well-intentioned reforms towards improving school accountability may
only make things worse for Australia’s most vulnerable students.

Of course, schools may have initiated responses to My School that
have positive impacts on poorly performing students, such as devoting
more resources to teaching, streaming classes, mandating more class
time on core subjects, instituting smaller classes, and so forth. In another
recent paper (Coelli et al., 2018) we look for evidence of these types of
responses using survey data from school principals from before and after
the My School launch. We found little consistent evidence of changes
that we might expect to improve outcomes of poorly performing stu-
dents in those survey responses.

Our results, while striking, still leave open the question of what
precisely drove schools’ gaming responses in Australia. Do schools
believe parents will respond to school performance data published on
My School via changing their enrolment decisions? It does not appear
that parents have responded that way. Are responses driven by a desire
to “keep parents happy” or to underpin public perceptions of the
“prestige” of the school? It is unlikely that schools are responding due to
fearing consequences from the government or some other oversight
body, as those bodies already had access to NAPLAN results prior to My
School. Isolating the main drivers of gaming responses to the account-
ability mechanism in the Australian setting is a fruitful area for future
research.
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