








Assessment skills of teachers

Teachers were asked to rate their skills on nine types
of assessment tasks, including construction of various
forms of tests, rubric creation and use, interpreting
scores, and assigning final grades. Almost all teachers
rated themselves as either somewhat skilled or very
skilled on most of these tasks. A composite rating
was developed by computing the average across the
nine items and rounding the average to the nearest
whole number. The result was a composite index

with two values: “somewhat skilled” and “very
skilled.” (Less than 1% had a composite rating of
“not at all skilled,” so this level was disregarded.)

Chart 9.20 shows the breakdown by jurisdiction and
language of the composite skill ratings. It is clear
from this that teachers from francophone popula-
tions rate themselves as more highly skilled than do
anglophone teachers.

Chart 9.20 Teacher composite ratings of assessment skills by jurisdiction and language
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Chart 9.21 indicates that teachers who rate
themselves as very skilled in assessment have higher

average reading scores than those who rate them-
selves as only somewhat skilled.

Chart 9.21 Teacher mean reading scores by composite teacher ratings of assessment skills

Somewhat skilled 487

Very skilled 502

460 480

Multivariate effects

Because of the large number of assessment variables
and wide differences in the scales used, the variables
were clustered and the effects graphed on three scales.

Chart 9.22 shows the coefficients for variables codes
as yes/no dichotomies. The studentlevel effect for
knowledge of rubrics is relatively large and is positive

500 520 540

for both models.” Teacher use of provincial/ter-
ritorial or district/school-wide assessments to assign
marks to students has no significant effect. Almost
all of the non-academic ways of assigning marks are
significantly negative in the bivariate model. Though
somewhat attenuated in the multivariate model,

three of these effects remain significantly negative.

Chart 9.22 Regression coefficients for dichotomous assessment variables

Know what a rubric is 22 52 29.62
L o - e —
Provincial/territorial assessments 177 068
L . -2.59 ¢ |
District/school-wide assessments 8.72
Attendance 14.79 |} : -27.48 |
Participation 16.04 7.91
- —_
Effort 11.99 : 311
916 ———
Improvement -1.70
. - i
Behaviour 18.47 8.88
-40 -30 -20 -10 0 10 20 30 40
Bivariate Multivariate

¥The other two student-level rubric variables, use of rubrics to start assignments and for marking, were omitted from the model
because these questions were not asked of students who reported not knowing what a rubric is. Their inclusion in the model
would have resulted in a large amount of missing data for all variables in the model, not just for those specific variables.



Chart 9.23 indicates that most teacher-level assess- assessment skill is attenuated in the multivariate

ment forms have no significant effect. The notable compared to the bivariate model, likely because this
exception is teacher-made tests, which becomes sig- effect is absorbed by other effects, such as knowledge
nificant once other variables are controlled. Teacher of rubrics.

Chart 9.23 Regression coefficients for scaled assessment variables
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Chart 9.24 shows the effects for the three student a paragraph or more) is significantly positive for

and two teacher factors related to types of test items ~ students. The essay effect is significantly positive for
used. The effect of using short-test items (e.g., true/ students in the bivariate but not in the multivariate

false, multiple choice) is negative for both teacher model. The long-test items and essays are absorbed
and student reports, though the multivariate teacher  into the long-test item factor for teachers. This factor
effect is not statistically significant for teacher. The is not statistically significant in either model.

effect of long-test items (e.g., a sentence or more,

Chart 9.24 Regression coefficients for assessment factors
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10. SUMMARY MODEL, ROBUST EFFECTS, AND FURTHER RESEARCH

The results presented in previous chapters reinforce
what is evident from other large-scale surveys,
namely, that a large number of variables are associ-
ated with reading outcomes, in both positive and
negative ways. However, it is also clear from the
models that many of these variables are themselves
inter-correlated in complex ways, resulting in a
situation where many of the simple bivariate effects
are attenuated when other variables are controlled.

The goal here is to identify
these effects, which might be
considered “robust” in the sense
that they remain significant
even after many other variables
are controlled.

The approach to the multivariate analysis taken

in earlier chapters was to control for demographic
variables, on the assumption that these are anteced-
ent conditions, which are not within the control of
schools or teachers, so that these should be accounted
for before examination of the effects of variables

that are of more direct interest from an educational
policy perspective. This approach can be extended to
a more comprehensive model in which variables from
all the categories examined earlier can be controlled.
The coefficients in such a model can be considered
as unique or residual effects for individual variables
once everything else is controlled.

It is beyond the scope of this report to investigate

all the possible links among variables. Indeed, this
would be virtually impossible without also examin-
ing possible theoretical connections among variables
and reference to other research that might point

us in desired directions. For example, the class size
effect found in this study (students in larger classes
have higher reading performance) is counter-intuitive
and inconsistent with other research and with policy
directions being taken in many jurisdictions. How-
ever, it is likely that class size is confounded with
many other demographic variables, such as jurisdic-

tion, school size, and location and with other, more
subtle effects such as a tendency to create smaller
classes for lower-ability students or differences in
teaching strategies used in larger or smaller classes.
It is obviously not possible to investigate all possible
correlates of both class size and reading performance
in this study. However, research focused more explic-
itly on this variable could shed light on the reasons
for the counter-intuitive effects. Before drawing any
strong policy conclusions from many of the effects
seen here, these need to be examined more closely
and linked to other research on the same issue.

Given the general tendency for the various effects
to be reduced in the multivariate, as opposed to

the bivariate model, the starting point for a more
comprehensive model can be those variables which
have shown statistically significant effects in the
bivariate models. This chapter presents the results
of a preliminary attempt to develop such a model,
designed to give unique effects for selected variables
(mainly those with statistically significant bivariate
effects). The goal here is to identify these effects,
which might be considered “robust” in the sense
that they remain significant even after many other
variables are controlled. Because of their robustness,
these effects might be considered to be of direct
policy interest. At the same time, those variables for
which significant shifts are found might warrant
further attention to determine the sources of the
change. From a statistical modelling perspective,
this would require a staged or stepwise approach,

in which variables of direct interest are subjected to
various stages of control.

Summary model

The model presented here includes a total of 30
student-level and ten school-level variables selected
on the basis of their bivariate statistical significance.
A couple of variables that did not quite reach
statistical significance in the bivariate model were
also included because of their policy interest. An
example is the number of minutes per week spent on
language arts where the results, like those for class
size, were counter-intuitive and inconsistent with
other research.



Statistical note: Missing data

Missing data is a significant problem in multivariate models with a large number of variables. This is

because if data are missing for any one variable for a particular case, that case is deleted before the model

is computed. This problem is not serious if the data are missing at random and if a large number of cases

are available. However, if the missing responses are systematically linked to other responses and particu-

larly to the outcome (e.g., if lower-achieving students fail to respond to some items), missing data can

have a significant impact on the results. Technical solutions (imputation) to the missing data problem

are available but have not been used in this report because of time constraints. For this reason, the model

presented here should be treated as preliminary and the results used with caution. It is recommended

that further research using the PCAP database apply appropriate imputation procedures to reduce the

impact of missing data.

At this point, it is worth reiterating some of the main
characteristics of the models being used.”® These may
be summarized as follows:

variables in the model acting as controls on
all the others. Any change in the coefficient for

* The approach is a variation on multiple regres-
sion analysis, specifically designed to deal with
data that are hierarchical in nature. In this case,
the hierarchy is determined by the two-stage
sampling procedure in which schools and then
students within schools were sampled.

* The existence of questionnaire data from
students, teachers, and schools effectively yields
levels for modelling. However, because there were
typically only one or two teachers per school,
teacher data were aggregated to the school level
in developing the models.

* Multiple regression analysis is essentially a
prediction model. The model yields coefficients
that can be interpreted as the effect on the
outcome (scores on the reading assessment) of a
one-unit change in a variable of interest.

* The initial models are simple bivariate models,
in which the effect of a single predictor is
computed. Subsequent multivariate models
include other variables, or covariates, with all the

a specific variable from the bivariate to the
multivariate model can be interpreted as a
measure of how the inter-correlations among
the predictor variables influence the residual
effect of a particular predictor in the presence
of all other predictors.

* The impact of the multivariate model is to
“isolate,” to the degree possible with the data
at hand, the effects of one variable from those
of others.

* The regression coefficients computed in these
models are not in standardized form. Each
coefficient must be interpreted in terms of the
scale for the variable of interest. In this chapter,

coefficients are grouped by the scale used so that
coefficients presented in any one chart are at least

approximately comparable. The scale for each
variable is given in Table A.1 (Appendix A).

The bivariate and multivariate coefficients for the
summary model are given in Charts 10.1 to 10.4.”
Each chart is followed by brief comments on the
observed effects.

8 For a more detailed description of the modelling process, please see the statistical note near the end of Chapter 3.

» Small discrepancies may exist between the bivariate coefficients presented here and those given in previous chapters. This is
because of differences in the treatment of missing data in the two instances and because of minor rescaling of some variables.
None of these differences has any significant impact on the results.
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Demographics

Help

Chart 10.1 Regression coefficients for dichotomously scaled variables

[ — -20.53
Gender (Male = 1)
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35.69 e
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2099 H———+
— -23.40
Being tutored (Yes =1)
B -22.80
-40 -30 -20 -10 0 10 20 30 40 50
Bivariate Multivariate

* The gender effect is in a direction that indicates

lower mean reading scores for males. This effect
is significantly attenuated in the multivariate
model, suggesting that factors other than gender
are contributing to the bivariate effect.

* The school governance effect strongly favours

private schools. This effect is not significantly

attenuated in the multivariate model, indicating
that this effect is not strongly mitigated by other

variables included in the model.

* The tutoring effect is negative in both models,

with no significant change from bivariate

to multivariate.



Chart 10.2 Regression coefficients for variables with ordinal * scales 1-3 and 1-4
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Larger school size is associated with higher
reading performance in both models, indicating
that this effect is not significantly influenced by
other variables in the model.

The effect of mother reading in the home is
positive in both models. The effect of father
reading in the home shifts from bivariate positive
to multivariate nonsignificant. This indicates
that the effect of the student observing the father
reading in the home is offset by other factors.
Possible examples would be the students’ own
reading behaviours.

Both parent/guardian and teacher help with early
reading have positive bivariate effects, which are
attenuated somewhat in the presence of the other
variables in the multivariate model. The parent/

0 10 20 30 40

Bivariate Multivariate

guardian effect is significantly larger than the
teacher effect at the bivariate level but is also
more strongly influenced by other variables as
indicated by the multivariate model.

Teacher assignment of reading outside of class is
positive, and written reports on reading show a
marginal positive effect in the bivariate model.
In the multivariate model, these effects are not
significantly different from zero.

* All of the homework variables show positive
effects on reading achievement in the bivariate
model. Minutes of language arts homework per
week changes to negative, and the effects of the
other homework variables shift to nonsignificant
in the multivariate model.

30 An ordinal scale is one that implies a rank order but without equal intervals between scale values. For example, school size was
reported on a 1-4 scale: (1) 100 or less, (2) 101-500, (3) 501-1,000, (4) greater than 1,000.
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Chart 10.3 Regression coefficients for variables with ordinal scales 1-5 and 1-6
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The grade the student was in at the time the

test was written is strongly positively related to
achievement in both models. However, the effect
is significantly smaller in the multivariate model.

The two socioeconomic status variables (books
in the home and mother’s education level) are
also significantly related to achievement in both
models. Both are significantly attenuated in

the multivariate model, suggesting that other
variables can offset the effects of socioeconomic
status to some degree.

Students whose schools are in larger communities
perform better than those in schools located

in smaller communities. However, once other
variables are controlled, the effect of community
size is essentially reduced to zero.

Students who learn to read at a younger age
perform better in reading than those who learn
to read later. Again, however, this effect is offset
by other variables in the multivariate model.

* Both time on homework in all subjects and
time on language arts homework are positively
associated with reading performance. The effect
of language arts homework is reversed in the
multivariate model. Part of this is likely because
language arts homework is included in the total.
However, the reversal suggests the possibility that
other factors are at play.

* Days absent has a negative effect on achievement.
This effect is small relative to many other effects
in this series, but it is not significantly attenuated
by other variables.

Minutes per week allocated to language arts has
no significant effect on reading achievement.

Finally, the class size effect is significant in
both models in a direction which indicates

that students in larger classes perform better
than those in smaller classes, even after possible
confounding variables, such as school or com-
munity size, are controlled.



Chart 10.4 Regression coefficients for variables scaled as factor scores >
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3! As indicated eatlier, all factors were scaled to a mean of 50 and a standard deviation of 10. A one-point change in the factor score
is thus a much smaller unit change than is the case for other variables. Hence, the scale used in this graph is much smaller. The
reader may wish to examine these results on the basis of standard deviation units. To find the change in reading score associated
with one standard deviation change in the factor score, the coefficient should be multiplied by 10.
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* Attitudes to school and to reading show generally
positive effects for both models. The exception is
enjoyment of school, which reduces to marginal

in the multivariate model. All of these effects

show a significant reduction in the multivariate

model, indicating that other variables in the
model are related to attitudes.

* The negative effect of fatalism and the positive

effect of internal attributions of success and
failure are both attenuated in the multivariate
model, although the fatalism effect remains
significantly negative.

meaning, and having reading routines show
significant positive effects for both models,
though these effects are reduced by the effects
of other variables in the multivariate model.

Reading by decoding shows a negative effect
in both models.

* The positive bivariate effects of parent encour-
agement of reading are offset by the effects of
other variables in the multivariate model.

* Reading at an earlier age contributes to higher
reading performance for both models. (This
effect shows negative on the chart because the

scale value for earlier reading is lower than that

Outside-of-school reading/research, reading for

for later reading). However, other early reading
activities have a negative bivariate effect, which is
reduced to near zero in the multivariate model.

* The negative effects of using media for reading
and the positive effects of reading literature hold
for both models. However, the relatively small
positive bivariate effects for reading from text-
books and for use of creative reading materials
are reduced to near zero in the bivariate model.

* The use of long test items for assessing reading
shows positive effects and the use of short test
items shows negative effects for both models.

* The composite effect of accommodating special-
needs students is also negative for both models,
though this effect is relatively small in compari-
son to those for several of the other factors in
the model.

Robust effects

Of the many variables that show a relationship

to achievement when taken alone, not all remain
statistically significant when a large number of

other variables are controlled. For purposes of this
discussion, those which are statistically significant
across both models may be considered robust enough

to have direct implications for policy and practice.
These robust effects are identified in Table 10.1.



Table 10.1 Robust positive and negative effects

Positive

Gender (female)

Private school

Teacher assigning out-of-class reading
Larger schools

Being in a higher grade

Having more books in the home
Mother having higher education level
Mother reading at home

Parent help with reading

Teacher help with reading

Being in a larger class

Student enjoys reading

Student perception of being a good reader
Reading for meaning

Having reading routines
Outside-of-class reading

Reading using literature/library material

Use of long-test items to assess reading

Further research

The omnibus nature of this report limits the ability
to explore in more detail the inter-correlations among
the many variables that appear to affect reading
achievement. This approach also precludes a detailed
examination of how these results relate to other
research and of the policy implications of the results.

The design of the PCAP provides for a research
phase that would follow the release of the public
and contextual reports. This phase is intended to
allow a focus on specific research issues which arise
from the data and which fit the research agendas of

Negative

Gender (male)

Being tutored

More days absent from school

Reading by decoding

Reading using media

Use of short-test items to assess reading

Accommodations for special-needs students

CMEC and the member jurisdictions. The overview

of factors associated with achievement presented in

this report is expected to set the stage for the research

phase. Selection of a few of the effects of most

interest, along with a more detailed examination of

these effects using models which overcome some
of the limitations of this report, would be able to

yield a research agenda that might be pursued either

through further commissioned studies or through
release of the database to independent researchers.
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Table A.1. Bivariate and multivariate model coefficients for predictors of reading performance

Variables®
Gender

Grade

Books in home
Mother’s education
School size

School governance

Community size

Enjoyment of school
Enjoyment of reading
Good reader

Fatalism

Internal attributions
of success/failure

Outside-of-school

reading/research
Reading for meaning
Decoding

Reading routines

Being tutored
Mother help

with reading

Father help

with reading

Academic/cultural
activities

Category

Demographics

Attitudes

Reading

behaviours

Help

Level

St

St

St

St

Sc

Sc

Sc

St

St

St

St

St

St

St

St

St

St

St

St

St

Scale

0-1

1-5

1-5

1-6

1-4

0-1

1-5

Factor

(50,10)

Factor
(50,10)

Factor

(50,10)

Factor

(50,10)

Factor

(50,10)

Factor

(50,10)

Factor

(50,10)

Factor
(50,10)

Factor
(50,10)

0-1
1-3
1-3

Factor

(50,10)

Bivariate Model

Coeff SE  Df Prob

-20.53 2.20 18856 O

2690 248 19192 0

21.00 094 19192 0

8.15 070 19192 0

12.03 224 1672 0

3569 5.81 1672 0

3.45 1.31 1672 0.009

1.41 013 19192 0

3.19 011 19190 0

2.86 0.12 19190 0

-1.79 011 19190 0

0.74 0.14 19190 0

2.63 012 19192 0

1.35 011 19192 O

-1.63 010 19192 0

1.81 012 19192 O

2340 277 19192 0

18.82 179 19192 0

8.94 156 19192 0

2.70 049 19192 0

Multivariate Model

Coeff SE Df Prob

-8.17 1.89 18812 0

19.37 211 18812 0

6.43 096 18812 0

2.64 0.63 18812 0

6.84 2.19 1662 0.002

2099 479 1662 0

-1.01 1.07 1662  0.346

0.22 0.12 18812 0.082

1.20 0.14 18812 0

1.38 0.13 18812 O

-0.30  0.10 18812 0.004

0.21 0.12 18812 0.072

0.59 0.14 18812 0

0.54 0.11 18812 0

-1.16 0.11 18812 0

0.54 0.11 18812 0

-22.80 2.64 18812 0

4.10 1.65 18812 0.013

-2.10 1.29 18812 0.102

0.41 0.41 18812 0.317

32 Qutcome variables of reading performance



Variables

Parent/guardian help

Teacher help
Parent/guardian

encouragement

Age learned to read

Early reading activities

Minutes per week
on language arts

Frequency of
assigned homework

Expected minutes per
week of homework in
language arts

Minutes per week
of homework in
all subjects

Minutes per week
of language arts
homework

Days absent

Use of media

Use of literature/library
material

Teaching from textbook

Use of creative reading
materials

Reading outside of class

‘Written reports

Use of short-test items

Use of long-test items

Accommodation of
special needs

Class size

Category

Early reading

Time

Instructional

Assessment

Climate

Level

St

St

St

St

St

Sc

Sc

Sc

St

St

St

St

St

St

Sc

Sc

Sc

St

St

Sc

Sc

Scale
1-4

1-4

Factor
(50,10)

1-5
Factor
(50,10)

1-5 quintile

1-4

1-4

1-5

1-4

1-5

Factor
(50,10)

Factor

(50,10)

Factor

(50,10)

Factor
(50,10)

1-3
1-3

Factor

(50,10)

Factor

(50,10)

Factor
(50,10)

1-5

Bivariate Model

Coeff SE

19.27 1.64
7.11 1.35
1.92 0.12
-1.12 0.13
-3.05 1.38
8.82 4.05
10.31 3.21
11.23  0.86
5.42 1.28
-3.67 1.04
-1.80 0.12
1.10 0.12
0.26 0.12
0.70 0.23
1246 3.73
4.63 3.46
-0.82 0.12
1.22 0.11
-1.00 0.26
8.47 2.06

Df

19192

19192

19192

19192

1672

1672

1672

19191

19191

19191

19192

19192

19192

1672
1672

1672

19191

19191

1672

1672

Prob

0.027

0.029

0.002

0.001

0.03

0.002

0.001

0.181

Multivariate Model
Coeff SE Df Prob
3.65 1.56 18812 0.019
3.22 1.24 18812 0.01
0.14 0.13 18812 0.275
2.13 1.36 18812 0.116
-0.16 0.11 18812 0.123
-0.62 1.12 1662  0.576
2.71 3.03 1662 0.371
4.00 2.67 1662 0.134
4.25 091 18812 0
-4.84 1.32 18812 0
-1.24 0.89 18812 0.163
120 011 18812 0
0.31 0.10 18812 0.002
0.18 0.10 18812 0.078
0.20 0.21 1662 0.345
5.90 3.18 1662 0.063
-0.60 2.86 1662  0.833
-0.49 0.10 18812 0
0.53 0.10 18812 0
-0.59 0.21 1662 0.006
472 1.76 1662 0.008
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