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Abstract

Both school and district administrators use the results of standardized, large-scale tests to inform deci-
sions about the need for, or success of, educational programs and interventions. However, test results at
the school level are subject to random fluctuations due to changes in cohort, test items, and other fac-
tors outside of the school’s control. This study examined year to year changes in school level results on
standardized tests delivered in Ontario, Canada. G-theory analyses found that test scores are not stable
enough for meaningful conclusions to be made based on year to year changes in school level results. For
small and medium sized schools, years of data need to be collected before defensible decisions can be
made about trends in test scores. The authors introduce a ‘bounce’ statistic that provides a simple, easy
to interpret measure of test score stability.
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Introduction
All provinces have testing programs to help them evaluate student achievement in relation to curriculum
expectations (e.g., British Columbia, 2021; Prince Edward Island, 2019). These tests may be implemented
in early years (e.g., Saskatchewan, 2021), in middle school (e.g., Manitoba, n.d.), or for graduation (e.g.,
Alberta, 2021). In Ontario, Grade 3 and 6 students are required to write province-wide literacy and
numeracy tests. These tests originated from the Education Quality and Accountability Office (EQAO),
which implement a variety of standardized tests in Ontario schools. While some of those tests are high
stakes for students (e.g., Ontario Secondary School Literacy Test), the grade 3 and 6 tests are low stakes,
as there are no sanctions, promotions, or report card grades associated with student performance. The
primary purpose of the EQAO tests is to monitor overall student achievement against the provincial
standards for reading, writing, and mathematics (Educational Quality and Accountability Office, 2020),
but the intended and unintended purposes for the tests have expanded. As examples of intended uses,
the Ontario Ministry of Education has directed funds and resources to schools with very low student
performance on these tests. Test results have also been used to implement educational initiatives and
policies within the province and to monitor the subsequent impact of these initiatives (Bolden et al.,
2014; Canadian Language and Literacy Research Network, 2008; Klinger & Rogers, 2011; Klinger &
Wade-Woolley, 2009). At the same time, unintended uses include examples of organizations that use the
EQAO results to rank schools, to infer differences in educational quality between schools, or to infer
which neighbourhoods have the best schools (e.g., Cowley & Emes, 2020; Scholarhood, 2017; Volante,
2004). One Ontario realty website (http:/www.realtyforsale.ca/best_schools/) even goes so far as to list
local elementary schools using a traffic light system of red (for low ranking schools), yellow, and green
(for high ranking schools).

Ontario schools often use EQAO test results to establish, monitor, and evaluate school improvement
plans. Hence it is common for schools to report increases in their EQAO test results as evidence of the
impact of improvement plans and the lack of improvement as the need for renewed efforts (e.g., Calder,
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2015; Renfrew County District School Board, 2016; Toronto District School Board, 2018). Such uses
can result in high stakes for teachers and administrators. Elementary school principals have anecdotally
told us they are evaluated based upon EQAO test results; consequently, they make leadership decisions
designed to augment the scores. These decisions include which teachers get placed into Grades 3 and 6
(grades in which the EQAO tests are administered) and what types of resources are purchased for the
school. Despite evidence that large-scale tests do not yield data suitable for school improvement, schools
and districts continue to focus their school improvement efforts on improving their large-scale test
scores (Klinger et al., 2006; Rogers, 2014; Ungerleider, 2006).

Asaresult, such testing has “dramatically reshaped the responsibilities of school leaders” (Leithwood,
2012, p. 17). Canadian educational experts have exhorted school leaders to become data-driven (e.g.,
Earl & Katz, 2006). As Earl (2008) noted, “real benefits can accrue from ‘getting to know data™ (p.
43). While the potential benefits of such information may be real, this requires school leaders to have
some baseline proficiency in data literacy (Goren, 2012). In the case of large-scale testing, the ability to
properly interpret score results requires a foundational understanding of statistics and an appreciation
for the limitations of what kinds of interpretations can be meaningfully derived from test results. As an
important example, it is tempting for a school administrator to conclude from the improved test scores
that their school improvement plans are having the desired effect. However, prior research on large-scale
testing has identified that the primary source of score variance is the students themselves (Anderson,
2012; Hollingshead & Childs, 2011; Klinger et al., 2006; Ungerleider, 2006). Students’ prior achieve-
ment, demographic characteristics, and personal qualities are all associated with achievement on stan-
dardized tests (Hattie, 2008). Since the cohort of students in any given class changes from year to year,
this leads to instability of the results (Leithwood, 2012). This instability makes meaningful comparisons
between years difficult, adding complexity to the analyses needed to determine whether or not school
reforms have led to changes in test scores or if said changes are due to other factors. Leithwood (2012)
categorized school scores on the EQAO tests as “stable”, “increasing” or “decreasing” and found that
few schools (7.4%) demonstrated continuous improvement. Instead, the most common pattern of perfor-
mance was categorized as “no predictable direction” (p. 23). While Ontario educators can take heart in
the fact that fewer than 1% of schools demonstrated a continuous decline in their EQAO test scores, the
main finding is that at the school level, test scores fluctuate in ways that are not easily understood.

The variability in student cohorts may also further impact the stability of results in the presence
of other factors. For example, schools with smaller class sizes will likely have greater instability than
schools with large class sizes. Hollingshead and Childs (2011) noted that the majority of Ontario ele-
mentary schools have fewer than 40 students writing the Grade 6 literacy and numeracy tests each year.
Given that score stability is lower when student populations are smaller, the large number of Ontario
schools with small student populations poses a challenge in examining year-to-year changes in test
results. Hollingshead and Childs (2011) further showed that how test results are reported can impact
stability. For the grade 3 and 6 EQAO examinations, students are categorized into 4 different levels
and achieving Level 3 or 4 is considered as “Meeting provincial standards”. The percentage of students
who meet provincial standards is the number that is reported at the school level by EQAO. However, as
Hollingshead and Childs (2011) highlighted, reporting the percentage of students who achieve above a
predetermined cut score leads to greater year-to-year variation in the results than reporting a mean score
on the test. They found that, in a school of 60 students, there is a | in 3 chance the percentage of students
who achieve a level 3 or 4 on the test will change by 10% from one year to the next due to random fluctu-
ations in student achievement. Averaging data over more than one year increased the stability of scores,
but their research did not uncover how much data are needed to make robust, defensible conclusions
about the stability of school-level test results.

The purpose of our research was to look at sources of variation and stability of school achievement
scores on the large-scale literacy and numeracy tests delivered to Grade 3 and 6 students across Ontario.
In particular, our research aims to determine the sources of variance that affect the school results and the
amount of data required to make defensible judgements about trends in school-level performance. Our
findings will better inform debates surrounding the impacts of school improvement efforts and the rank-
ing of schools, and will also be important to educators and policymakers seeking to connect changes in
practice with large-scale test results.
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Generalizability Theory

Generalizability theory (G-theory) is a statistical method with roots in classical test theory that allows
researchers to identify the contributions of different sources of variance and the amount of data needed
to achieve score stability (Brennan, 2010). One common application of G-theory is to identify sources of
variance in test scores. Examples of such sources include; raters, test items, and testing occasions. For
our study, the sources of variance investigated were the school, the year the test was written, and the
subject of the test (mathematics, reading, and writing).

Briesch et al. (2016) conducted a review of studies in K-12 education using G-theory and found that
of the 45 studies reviewed, 33 investigated raters and their impact on scores and all of them used the
student as the object of measurement. Our study is unique in that we used schools as the object of mea-
surement, meaning we used G-theory to identify the sources of variance in school performance (and not
student performance) on large-scale tests.

A G-theory analysis is essentially a reliability analysis. Instead of calculating a reliability statistic
such as Cronbach’s alpha, a generalizability coefficient is calculated. As with Cronbach’s alpha, the
closer the generalizability coefficient is to 1.0, the more generalizable (reliable) the measure. While other
statistical techniques are available to estimate reliability and identify sources of variance, G-theory has
the advantage of using the identified sources of variance to predict the number of facets (e.g., items, rat-
ers, occurences) required to obtain consistent results. This is done when information from the G-theory
analyses is used to inform a decision or “D-study”. The purpose of a D-study is to determine how many
of each facet are needed to obtain predetermined levels of generalizability. As an example, a D-study
may determine how many test items are needed to obtain desired levels of generalizability for a test. In
our case, we used the D-study to determine how many years of test data would be needed to obtain de-
pendable (generalizable) EQAO results.

Study Design
In the language of G-theory, our research incorporates a fully-crossed three-facet design (school x year
x test) with 6 sources of variability plus residual (unexplained) error (Table 1).

Table 1
Sources of Variability in our Three-Facet, Fully Crossed Study Design

Source of Variance
Variability Description .
Notation
(facet)
Schools (s) Universe-score variance (object of measurement) o’
Years (4) Constant effect for all schools due to behavioural inconsistencies of -
Y students and teachers from one year to another (different cohorts) y
Tests () Constant effect for all schools due to differences in test domains o’
ox Interaction between schools and years representing inconsistencies in 2
Y school achievement from one year to the next s
Interaction between school and test representing inconsistencies in
sXt school achievement across test domains (reading, writing, mathemat- o,
ics)
“t Interaction between year and test representing inconsistencies in test 5
Y domains across years »”

Residual consisting of a three-way interaction between school, year,
SXyXte and test, plus remaining residual measurement error (due to unmea-
sured facets that affect the measurement and/or random events).

syte

In G-theory, the sources of variance are called “facets” and may be “random” or “fixed”. Strictly
speaking, a random facet means the sample comes from an infinitely large universe of possible samples.
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Practically speaking, as long as the universe of possible samples is potentially large, a facet can be con-
sidered random. For example, students are usually treated as a random facet because the population of
students is very high and because researchers usually want their G-theory analyses to generalize to all
students. In our study, the facets ‘school’ and ‘year’ are treated as random. A fixed facet is one in which
contains a small and limited number of possible samples. In our study, ‘Test’ is treated as a fixed facet
because there are only three domains measured by EQAO tests (reading, writing, and mathematics).

G-theory analyses are based on analyses of variance (ANOVAs) and as such, they examine not
only main effects but interactions. Thus, we estimated variance components for six sources of variabil-
ity (facets): school, year, test, school*year interaction, school*test interaction, and year*test interaction
(Table 1). The percentage of variance accounted for by each facet was calculated so that relative compar-
isons could be made amongst facets based on size. The variance estimates were then used to calculate
generalizability coefficients using the following formula:

G-coefficient = o’

(525 + sty + 626‘1 + styt,e

Looking at the formula, one can see that, in this case, the G-coefficient indicates the proportion of
the total variance that is due to the school variance.

Bounce — A New ‘Pragmatic’ Statistic

The abstract language and conceptual demands of G-theory (e.g., universe of admissible observations,
fixed and random facets, etc.) make this statistical approach daunting and inaccessible for teachers and
administrators. To better mobilize our research and make the findings more accessible to our intended
users, we created an alternative means of calculating variability in school achievement over time. We
have called this statistic “bounce” (i.e., the ‘bounce’ in school-level achievement from one year to the
next).

For each school in a sample, we calculated the absolute value of the change in reading, writing, and
mathematics test results from one year to the next, and used those values to calculate a mean value for
the year-to-year change in the percentage of students who meet provincial standards on the EQAO tests.
This represents the average change in a school’s results on a particular test from one year to the next.
Readers familiar with summation notation will recognize the bounce formula given below as the formu-
la to calculate a mean value.

n=k

x|~

Simple Bounce = |Score, — Score, .4
1

n=

While this statistic is simple and easy to understand, it is important to recognize that the average
change in schools’ test results includes both signal and noise. Signal represents systematic changes in
school achievement that may be due to provincial-, district- or school-based initiatives. Noise constitutes
the random variability in school achievement scores that can be attributed to other factors including,
but not limited to, different cohorts of students, changes in teaching staff, number of inclement-weather
days, etc. To separate signal from noise, we calculated the slope of the line of best fit for each school’s
achievement over time. This slope was then subtracted from the simple bounce calculation. In doing
so, we obtain a better estimate of random fluctuations in achievement by correcting for the sustained
improvements or declines schools may demonstrate. Mathematically, this is expressed aa

Corrected Bounce = Simple Bounce — |Slope of line of best fit for achievement over time|
As will be shown in the results section, the sustained change that schools demonstrated over time
was usually very small compared to the random fluctuations. This means educators could use the simple

version of the bounce calculation and obtain meaningful results. We believe this is important if the sta-
tistic is to be used by professionals and not just researchers.

Data Source
We applied to the EQAO Data Portal for Researchers and gained access to school-level achievement data
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for eight consecutive reporting periods between the years of 2005 and 2012. These years were chosen
as this was a period of time in which EQAO provincial assessments were central to school improvement
efforts, with little change to curriculum. More recent data have been impacted by major curriculum
reforms beginning in 2013, and ongoing changes to the provincial assessment programme. EQAO ag-
gregates student-level results into school-level results and reports the percentage of students achieving
or exceeding the provincial standard in each separate test domain (reading, writing and mathematics).
In Ontario, the provincial standard is Level 3; equating to letter grade B, or a percentage mark within
the range of 70 to 79% (Ontario Ministry of Education, 2010). From the school-level (Grades 3 and 6)
data, we extracted the following variables: school names; school ID numbers; the percentage of students
achieving or exceeding the provincial standard in reading, writing, and mathematics; and the number of
students in Grades 3 and 6. The total number of schools for which data were reported exceeded 4000
schools, but we excluded schools for which achievement data were missing between 2005 and 2012
leaving us with 2947 schools to sample from. Schools that were excluded from the analyses tended to
be either small and/or special schools with inconsistent participation in EQAO testing and/or suppressed
data. It should be noted that any schools where the testing population was below N = 15 did not have data
reported and so our sample does not include any of these schools.

From our final population of 2947 schools, we needed to create samples suitable for our G-theory
analyses. Given we were interested in determining how school size (student population) affected the
stability of EQAO results, we needed to sample schools based on their population of test-takers. To do
this, we sorted schools in descending order (high population of test-takers to low) and sampled groups of
schools from the top (largest population), middle (median sized-population), and bottom (smallest pop-
ulation) of the list. Sample sizes of 100 were chosen because this number struck the appropriate balance
between having a large sample and minimizing facet variability within that sample.

Analyses

We used the Statistical Software for the Social Sciences (SPSS, Version 24) to estimate variance com-
ponents and then Excel to calculate generalizability coefficients and bounce. Before estimating variance
components in SPSS, data for each sample of schools had to be reformatted from multivariate to uni-
variate format. In univariate format, the object of measurement (school) has multiple rows of data for
each case. Within SPSS, the VARTOCASES command was used to make the multivariate-to-univariate
conversion. Some sample calculations were run independently using a G-theory specific software called
GENOVA to check for consistency with the Excel results. GENOVA and SPSS yielded either identical or
very slightly different results for the variance components. Differences in the variance components were
likely due to the different algorithms each software package used to calculate the variance components.
Any numerical differences found in the variance components made a minimal difference in the G-coef-
ficient and no differences in our overall findings or conclusions.

Decision Study (D-Study)

We used the variance estimates from the G-Study to make decisions about the number of tests and years
of data we would need to make reliable estimates of schools’ true achievement scores. To do this, we
computed G-coefficients (indicators of reliability) for different scenarios involving different numbers of
tests and years of data (facets). Scenarios producing G-coefficients greater than the criterion level G (e.g.,
0.80) were compared based on relative feasibility and associated costs.

Results
The results presented here (Table 2) were calculated based upon the three sub-samples of 100 schools
(large, medium, and small test-taking populations).
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Table 2

Descriptive Statistics of Each Sub-sample

School

Sample

Mean #

size size of students SD

Grade 3

Small 100 21.71 1.12
Medium 100 39.67 0.36
Large 100 101.58 19.91
Grade 6

Small 100 21.66 1.27
Medium 100 42.96 0.50
Large 100 161.18 63.51

Variance Components

Generalizability theory was used to estimate variance components for the facets ‘school,” ‘year,” ‘test,’
and their interactions. Variance components were calculated using the restricted maximum likelihood
method (McNeish, 2017). Summaries of the variance estimates for each of the sub-samples can be found
in Tables 3 and 4. The results across all sub-samples showed that the variance across tests and years did
not contribute significantly to the total variance. Consistently across sub-samples and grades, the facets
‘school,” ‘school*year’ interaction, and residual ‘error’ account for roughly 80-95% of the total variance.

Table 3
Percentage Variance Estimates for School Size Analyses

Grade 3
Component Small Medium Large
School 27.13 37.24 39.78
Year 1.9 1.82 8.18
school*year 42.25 35.59 29.97
school*test 1.62 3.6 5.7
year*test 1.91 1.33 2.56
error 25.2 20.43 13.81

Grade 6
Component Small Medium Large
school 30.3 50.3 63
year 0.91 0.43 2.45
school*year 36.66 22.66 16.19
school*test 3.97 3.88 4.48
year*test 4.9 4.33 4.6
error 23.26 18.41 9.28
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Generalizability Coefficients

The mean G-coefficient for one test and one year is reported along with the standard deviation obtained
from bootstrapping. Because bootstrapping had to be done manually, we limited ourselves to 20 dif-
ferent “runs” using 50 schools selected at random from each sub-sample of 100 schools. The standard
deviations of the runs indicate that further bootstrapping would not yield substantially different results.
We reported the G-coefficient for one year and one test as it is common for educators to make year-to-
year comparisons based on a single subject area (e.g., “Our mathematics scores were 7% higher this year
compared to last year”). As expected, the school size analyses demonstrated that smaller schools have
less stability in the percentage of students who achieved Level 3 or 4, compared to larger schools. This is
consistent with the findings of Hollingshead and Childs (2011).

Table 4
Mean G-coefficients

. Grade 3 G-coefficient Grade 6 G-coefficient

School size
Mean SD Mean SD
Small 0.28 0.06 0.32 0.05
Median 0.38 0.05 0.53 0.06
Large 0.45 0.06 0.68 0.05

Bounce Calculations

While G-theory is well known among psychometricians, it is a difficult statistical procedure for school-
based administrators. Thus we also calculated the bounce statistic described earlier. Our expectation
was that the bounce statistic would capture some of the same information as the G-coefficient in a more
practical manner. As shown in Table 5, the bounce results follow the same pattern as the G-coefficients—
larger schools have less bounce, and therefore more stable scores. There is less bounce in Grade 6 results
than in Grade 3.

To investigate to what extent G-coefficients and bounce calculations yield the same information, we
graphed the G-coefficient and bounce statistic for 30 different samples of Grade 6 schools. As can be
seen from Figure 1, G-coefficients and bounce values correlate strongly (» = -0.95), but not perfectly. The
bounce values are clustered together because they are the mean bounce of all schools in each sample and
averaging such a large number of values reduces variation.

One advantage of the bounce calculation is that the units are the same as the units in which the test
scores are reported. This makes for easier interpretation by school administrators. In this example, the
units for the bounce calculation are the percentage of students who achieved Level 3 or above on the
EQAO tests. Looking at the Math test results for our Grade 6 medium schools we see a bounce value
of 12.28 (SD = 3.93). This means that between one year and the next, the average difference in the
percentage of students who achieved Level 3 or above on the math test was 12.28%. In other words, a
change from 62% achieving Level 3 or above to 72% in the next year would be considered normal. If we
use within two standard deviations as our definition of “normal”, we can see that any deviation of less
than 24.56% could be considered normal. These figures come from our uncorrected bounce calculation,
but even when the corrected bounce calculation is used, we still have a bounce value of 11.61 percent
meaning that while a change from 62% to 45% appears to be a drastic decline in achievement, it could
be a normal fluctuation in scores that occurs over time, and not due to school factors such as changes in
instructional quality.
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Table 5
Bounce Calculations for Different School Sizes

Math Reading Writing

Grade 3 Mean SD Slope Corrected Mean SD  Slope Corrected Mean SD  Slope Corrected
Small 1625 682 038 1587 1540 621 079 1461 1492 496 2.16  12.76
Schools
Medium ) o 488 039 1213 1128 415 079 1149 1128 462 1.65 9.63
Schools
Large 759 280 053 706 834 327 1.8 716 742 303 192 5.50
Schools
Grade 6
Small

1509 542 -1.14 1395 1418 536 197 1221 1516 529 197  13.19
Schools
Medium ) 0¢ 393 067 1161 1019 333  1.60 8.59 1037 4.03 1.72 8.65
Schools
Large 723 3.4 -004  7.19 621 242 1.72 4.49 596 225 224 3.62
Schools

Bounce calculations look at all changes in achievement, including sustained improvements or de-
clines. Because we were interested only in the random variation in the school scores, we calculated the
regression line for school achievement over time for all our subsamples. The slope of this regression
line is reported and can be subtracted from the bounce calculation to correct for systematic changes in
achievement. This is represented in Table 5 as corrected bounce. While this is an improvement in the
calculation, we note that slopes are usually small compared to the bounce value, meaning that system-
atic changes in achievement are generally much smaller than random fluctuations. The most obvious
exception to this finding is the Grade 6 writing results for large schools in which the slope value was
37% of the bounce value. However, even in this case, we would argue that reporting the simpler, un-
corrected bounce value will yield valuable information that is precise enough to inform administrative
decision-making in Ontario schools. We recognize this may not be true for all samples and so there is
value in calculating the corrected value for the bounce statistic.

Figure 1
Bounce Statistic vs. G-Coefficient for Grade 6 Schools

Bounce Value vs. G-coefficient
18
16
14
12

Bounce Value

o N B OO

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
G-coefficient
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D-studies

A significant advantage of G-theory is its ability to make predictions about dependability under different
conditions. These predictions are known as D-studies and, in our case, give us information about how
many years, or how many tests, are required to achieve a desired level of dependability. The results of the
D-studies for our sub-samples of interest are reported in Table 6.

Generally, a D-coefficient value of 0.80 or above is considered good (e.g., Broglio et al., 2009; Gag-
non et al., 2009). As can be seen from Table 6, three tests (reading, writing, mathematics) yields more de-
pendable school achievement results than one test alone. To reach a 0.80 threshold in Grade 3, small- and
medium-sized schools need more than five years of data and three tests per year, whereas large schools
could make dependable conclusions based on five years of data and one test per year. In Grade 6, small
schools still need more than five years of data and three tests per year, whereas medium and large schools
could make generalizable conclusions based on 3 years and 3 tests. Large schools crossed the 0.80 thresh-
old after three years with only one test.

Table 6
D-coefficients for Different School Sizes

School Size Grade 3

1 year, 1 test 3 years, 1 test 5 years, 1 test 1 year, 3 tests 3 years, 3 > years. 3

tests tests
Small 0.28 0.53 0.64 0.35 0.60 0.71
Medium 0.38 0.62 0.71 0.46 0.71 0.79
Large 0.45 0.66 0.73 0.52 0.75 0.82

Grade 6

1 year, I test 3 years, | test 5 years, 1 test 1 year, 3 tests 3 years, 3 > years. 3

tests tests
Small 0.32 0.56 0.65 0.40 0.65 0.74
Medium 0.53 0.74 0.80 0.62 0.82 0.88
Large 0.68 0.83 0.87 0.75 0.89 0.92

Discussion

The purpose of our research was to determine the generalizability (dependability) of school-level results
on Grades 3 and 6 EQAO tests (reading, writing and mathematics) for different sized schools, allowing
us to estimate the number of occurrences of assessment data (years and test domains) required to make
defensible judgements about school-level provincial test performance. The results presented here indicate
that variance in school achievement is mostly due to the size of the school (test taker population), inter-
actions between school size and the cohort of test-takers (i.e., inconsistencies in school cohorts from one
year to the next), and residual error (i.e., the three-way interaction between school size, year, and test, and
unexplained measurement error).

Our analyses demonstrated that Grade 6 scores are more stable than Grade 3. We are unsure as to
why this is, but hypothesize that several factors could be at play. The first is that class sizes tended to be
larger in Grade 6 than in Grade 3, and, as we have shown, greater numbers of students lead to greater
score stability. Secondly, it is possible, that by the time students reach Grade 6, school effects have be-
come stronger and so the impact of individual differences of students within cohorts is diminished. This
hypothesis is supported by the fact that the unexplained variance in the Grade 3 schools is slightly higher
than in Grade 6 schools. These findings provide an interesting focus for future work.

Based on our findings, meaningful judgments about the impact of school improvement efforts on
EQAO scores at the Grade 3 level cannot be done in a single year, nor even after five years. Thus, for
small- and medium-sized schools (which are most schools), EQAO results are not good measures of the
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impact of school improvement efforts in a single subject, or over short periods of time (i.e., five years
or less). Some schools and school districts (e.g., Rainbow Districts School Board, 2016; Upper Canada
District School Board, 2018) recognized that making year-to-year comparisons in test results is problem-
atic and so use rolling averages. Our D-study results provide an estimate with respect to the time period
these rolling averages should cover. For instance, medium-sized schools could use a five-year rolling
average for their Grade 6 EQAO results. The D-study results show that for Grade 3 schools (of any size)
rolling averages would need to be longer than five years. Given that many neighbourhood schools will
see demographic shifts during periods greater than five years, even the use of 5-year rolling averages
may not provide a dependable measure of school improvement efforts. Short time spans do not provide
reliable data and longer time spans are affected by demographic shifts and other external factors that
will affect a school’s average achievement on these external tests.

Of course, Ontario schools can use results from all three tests (mathematics, reading, and writing) to
shorten the time frame needed to achieve dependable rolling averages, but there are two problems with
this approach. The first is that most schools will need still need more than five years for their Grade 3 re-
sults to be reported with acceptable levels of dependability. The second, and more important, problem is
that reporting the results of three separate tests in aggregate format combines constructs in a way that is
not useful or helpful. If a school implements a new reading program, it is only the scores on the reading
test that should be considered when evaluating the impact of the program and so aggregate scores across
all three tests are not useful for gathering information about school-level initiatives targeted at specific
subjects like mathematics, reading or writing. It is possible that results from all three tests may provide
information or insight about the effectiveness of school-based initiatives targeted at general learning
(e.g., a program designed to improve students’ self-regulated learning), but they should not be used to
make decisions about subject specific initiatives.

Ultimately, our results imply that if a school administrator wishes to evaluate the impact of an
initiative (e.g., a strategy to improve mathematics learning), test scores need to be supplemented with
other data collection tools such as classroom assessment data, interviews with students, discussions with
teachers, and parental feedback. Test scores by themselves are not dependable enough to evaluate the ef-
fectiveness of school initiatives and programs over the short term (i.e., one to three years) and, for small-
er schools (e.g., 20 to 25 test-takers), even five years of data would not yield sufficient generalizability
to make defensible decisions. It should also be noted that our analyses ignore the smallest schools since
schools with less than 15 students writing the EQAO tests in any year were not included. As a result,
many schools in Ontario are smaller than the “small” schools included in our sample. These schools will
have score stability even lower than what we report here.

While analyses of variance, and G-theory in particular, can yield rich information about the reli-
ability of test scores, practicing educators need a simpler statistic. The bounce statistic we introduced
provides a simple and easily understood measure of score stability. The advantages of this statistic are
its ease of calculation, along with the fact that it is expressed in the same units as the test scores, making
interpretation and comparison easier. As expected, large schools had the lowest bounce, meaning they
had the most stable scores. The lowest (corrected) bounce statistic we found was for Grade 6 writing in
large schools with a value of 3.62. This means that from one year to the next, a typical change in the per-
centage of students who achieved Level 3 or 4 in writing was under 4%. While a corrected bounce value
of 3.62 indicates good stability, it must be remembered this result comes from the 100 largest schools
in our sample and is not representative of most schools in the province. Our highest (corrected) bounce
statistic had a value of 15.87 for Grade 3 mathematics in small schools meaning that for these schools,
the percentage of students achieving level 3 or 4 typically fluctuates by almost 16% from year to year.

Despite the inherent instability in EQAO test results, some Ontario schools report declines in EQAO
achievement of even two or three percent as being worthy of concern and needing to be addressed
through school improvement initiatives (e.g., Waterloo Region District School Board, 2016). Similarly,
districts report gains of as little as one percent as being noteworthy and evidence of improvement (e.g.,
Hamilton Wentworth District School Board, 2019; Hastings Prince Edward District School Board, 2012;
Limestone District School Board, 2017). As our bounce calculations show, at a school level, changes
of a few percent are well within what would be expected from random fluctuations in test results. As
former educators and administrators, we understand the political utility of using changes in test results
to motivate teachers and students, instill confidence in parents, and give a rationale for new initiatives.
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However, it is imperative that school (and district) administrators have a realistic sense of what changes
are likely to be meaningful and what changes are likely due to random fluctuation. It would be a shame if
promising new initiatives were abandoned because of declines in test results due to random fluctuation.
The bounce statistic can help administrators put into perspective the magnitude of their year-to-year
changes in test results.

Conclusion

Our results show that at a school level, results for the Grade 3 and 6 EQAO literacy and numeracy tests
have not been stable enough to make year-to-year comparisons. The results of our D-study indicate that
if schools are to use rolling averages to report changes in their EQAO test results, those averages would
need to include more than five years of data for all but the largest schools to give results that are depend-
able enough to inform decision-making. While it is possible that ongoing changes to the examination
program may lead to more stable estimates, it appears unlikely. Schools continue to report results in
terms of achievement of levels and the technical reports for the tests have not indicated notable changes
in the reliability of the tests themselves (e.g., EQAO, 2017). As a result, we are confident our results from
a slightly earlier time period continue today, and that EQAO test scores are not good short-term indica-
tors of the success of improvement efforts in Ontario elementary schools. The simple bounce statistic we
present here provides administrators with a pragmatic approach to estimate the (in)stability of test scores
from one year to the next. Hopefully, this will spur them to seek more diverse and fulsome data to collect
and analyze to evaluate school improvement initiatives.
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