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Introduction

There is a large literature on the effect of educational resources on student performance,
where a particular focus has been the role of class size. Despite marked improvements in data
quality and the development of a range of new empirical strategies, the evidence on the
importance of resources and class size on student performance remains inconclusive. While
many studies using the now famous RCT Project STAR report positive long and short term
effects of smaller class sizes (13-17 students versus 20-25), see e.g. Schanzenbach (2006) for
an overview, studies using different natural experimental approaches find inconclusive results
(e.g. Angrist and Lavy, 1999; Hoxby, 2000; Browning and Heinesen, 2007; Fredriksson and
Ockert, 2008).* There is growing evidence, however, that students in early grades appear to
gain more from smaller classes than older students (Jepsen and Rivkin 2009).

The class size literature is somewhat out of step with current trends in the staffing of
classrooms. In many countries, Norway included, we have witnessed large increases in the
use of additional teachers, teacher assistants and special education teachers (Bonesrgnning et
al. 2011). A pertinent question is whether these kinds of targeted resources lead to
improvements in student performance.

The earliest evidence, reported from the STAR-experiment in the 1980’s, suggests no
beneficial effects on student performance from having a teacher assistant in kindergarten to
Grade 3 (e.g. Finn and Achilles, 1999). A small number of recent empirical analyses report
similar findings. For instance, Reynolds and Muijs (2003) use data from British primary
schools to show that students who receive Numeracy Support Assistance do not make more
progress in mathematics than those who do not receive assistance. Blatchford et al. (2012) and
Webster et al. (2013) find that students who receive the most support from teaching assistants
have less engagement with a qualified teacher and less achievement gains than similar
students who receive less support from assistants.

Some of the researchers involved in the above mentioned research make the following
two claims. First, the negative performance effects associated with teacher assistants reflect

that the assistants are used in informal, unsupported instructional roles. Second, assistants

! A handful of studies analyze Norwegian data. Leuven et al. (2008) use a quasi-experimental approach to
analyze the importance of class size in the Norwegian lower secondary school. Identification is based on
maximum class-size rules and population variation. Results show no class-size effect. Iversen and Bonesrgnning
(2013) use data from the Norwegian elementary school to test whether students from disadvantaged backgrounds
benefit from smaller classes. The previous Norwegian class size rule of maximum 28 students is used to generate
credible exogenous class size variation. They find significant class size effects for the subgroup of students with
parents who are educated at or below the upper secondary school level, and for the subgroup of students from
dissolved families.



might contribute positively if the interventions are designed properly.? In summary, the
literature suggests that interventions by additional teachers need to follow a number of
specific guidelines to be successful. We mention a few here (see Sharples et al. 2015): A pull-
out strategy should be used. The sessions should be brief (20-50 minutes) and maintained for
several weeks. The intervention should have structured supporting resources and lesson plans.
Assessments should be used to identify appropriate students, guide areas for focus, provide
feedback to students and track student progress. Connections should be made between out-of-
classroom learning (in small groups) and classroom teaching.

We conduct a large-scale RCT intervention of the effect of small group teaching
which incorporates the insights and recommendations drawn from the existing literature. The
RCT intervention covers 163 schools, almost equally divided between treatment and control
group schools (80 in treatment group). The RCT takes place in ten large municipalities in
Norway, geographically spread from the south-west to the northern region. The participating
municipalities are: Asker, Berum, Bodg, Drammen, Sandefjord, Sarpsborg, Stavanger,
Tromsg, Trondheim and Alesund. Concentrating the project in large municipalities which are
mainly densely populated areas is to ensure sufficient supply of qualified teachers in
mathematics. Moreover, it ensures a sufficient number of schools from each municipality, as
randomization is conducted within each municipality. The total number of public primary
schools permits robust matching and randomization processes, as described below. The
implementation of the intervention will be closely monitored through surveys, monitoring

forms and case studies.

Treatment
School leaders in treated schools will be allocated an additional teacher man-year which they
are instructed to use for small-group tutoring in mathematics in grades specified by the project

(see below). The schools will be instructed to use a pull-out strategy where small groups of

2 Slavin et al. (2011) report that combining a strong focus on improving classroom instruction with providing
one-to-one, phonetic tutoring to students who continue to experience difficulties in reading, leads to better
student performance in reading for 5 — 10 year-old students. Moreover, Dobbie and Fryer (2013) and Fryer
(2014) find beneficial effects of adding teaching assistants. First, they show that successful charter schools are
characterized by using “high-dosage” tutoring. Second, in a field experiment implementing best practice from
charter schools, including of high-dosage tutoring, they find positive effects for low-performing public schools.
High-dosage tutoring occurs when small groups of students (less than six) are taken out of their ordinary
classroom, and meet four or more times per week. Finally, Andersen et al. (2015) report positive average
effects on reading scores, but not on math scores, from using teacher aides as classroom co-teachers for 13-
year-old Danish students. They relate the insignificant results for math to differences in optimal teaching
technology in reading and math and that successful math learning relies more on accurate instructions than
learning to read (Murnane, 2002).



students attend tutorials in separate classrooms. The groups will vary over the school year so
that all students will have received at least one period of small-group instruction in
mathematics by the end of the school year. This pull-out strategy generates the necessary
leeway for the additional teacher to customize teaching to the students.

Treatment will consist of sessions, where the students meet three to five times each
week, and where treatment is maintained for a minimum of four weeks. The sessions will
differ in length, as there are variations in the schools’ organization of the mathematics
instruction. While some schools have long sessions (up to 90 minutes), others have shorter
sessions, most often sessions are of 60 or 45 minutes duration. The project collects data on the
duration of each small-group session.

The ambition is that each student will participate in two such treatment rounds during
a school year. This will ensure that each student receive a minimum of eight weeks of small-
group instruction in mathematics during one school year. We will instruct school leaders to
install formative assessments intended to inform the teachers’ decisions about which students
should attend tutorials, and to track progress. Pull-outs and assessments define the core of the
interventions. The researchers will work closely with the school leaders to secure that these
elements are implemented.

Existing evidence indicates that for the pull-out strategy to be effective, the additional
teachers should coordinate the tutorials closely to regular teaching, and lesson plans should be
worked out together. Moreover, the teachers should spend time evaluating the effects of the
interventions, and, if necessary, make changes in group compositions during the school year.
Close co-operation between the additional teacher and the regular mathematics teachers are
among the central success factors.

We will inform the participants that these types of activities are likely to be crucial
determinants of success. In addition, a small handbook with detailed instructions to teachers
on how to implement the intervention and information about data collection will be provided.
The handbook will also contain some information about the characteristics of previous
successful interventions using additional teachers.®

Adding an additional teacher to a class does not come without complications. If the
additional teacher is introduced suddenly, and the school is unable to make adjustments in
existing special education or in the use of assistants, the school leader must decide whether i)
students that already are offered tutorials should get alternative or additional treatment or ii)

® The handbook is available for all teachers in the project, including the teachers at the control schools.



to be left untreated by the project. In such cases, we will instruct the school leaders that the
additional teacher man-year is not an alternative to existing arrangements.

If the school leader knows about the hiring of the additional teacher prior to the school
year (most cases), s/lhe might respond by reallocating existing assistants from the
“intervention grade” to other grades, implying that a wider range of ordinary students are
indirectly affected by the additional teacher. In this case, treatment by the additional teacher
will to some extent be an alternative to treatment by assistants. The teacher-student ratio will
then differ only marginally between treated and untreated schools, and intervention effects
depend solely on the quality differences and the choice of target groups between two types of
tutoring.

All treatment schools are informed about the importance of not mixing the use of
additional teacher with other teacher or assistant resources (i.e. not reducing the number of
assistants in the “intervention grades” or in other ways changing the use of other school
resources due to the schools’ participation in 1+1). We considered hard restrictions in order to
prevent such resource reallocations, but fear that hard restrictions will have detrimental effects
on the motivation of the participants, and thus the outcomes of the experiment. Instead, we
will analyze data on resource use in schools to facilitate interpretation. To the extent possible,
data on the number of students and teacher-resources—from official sources like Grunnskolens
informasjonssystem (GSI)*~will be analyzed to reveal such (and other) unintended effects. We
will also collect data on resource allocations as well as use of assistants and additional
teachers though annual surveys to mathematics teachers and school leaders. The surveys will
be an instrument for analyzing similarities and differences in resource allocations between
treatment and control schools during the four year intervention period.

There is a limitation to how many students at each grade level that can be included in
the treatment each school year. In small or medium sized schools all student at each grade
level will be included. In large schools (more than 48 students or more than two classes at
each grade level), only a share of the students can participate. In these cases, the project
selects students to the treatment group either by randomly selecting classes or singular
students (of the students that are not organized in fixed classes). The selection of students in
large schools is necessary to ensure that each student receives sufficient ‘dose’ of treatment

during a school year (2 x 4 weeks minimum, in a group of maximum 6 students). The schools

* All schools are obliged to report this information annually to The Norwegian Directorate for Education and
Training.



are informed of the regulations of the maximum number of students that may participate each
school year.

Additional questions affecting the design of the intervention are how many years the
students should be allocated to small group instructions by an additional teacher and when the
treatment should start. Because the existing literature offers few guidelines, we experiment
with the starting age and of treatment. Figure 1 shows how we plan to use one teacher person-
year for four years.

One teacher person-year is allocated to each treatment school for the period of four
years. According to standard working conditions the teacher assistant can deal with two
classes per grade per year as a minimum (dependent on the size of the school and the number
of math lessons per grade). The standard working conditions define a restriction of the
intervention. We have given the schools strict instructions regarding the use of the teacher
man-year if the work on the project is less than a teacher man-year: They are not allowed to
use these hours on cohorts participating in the project.

In the first year the 2" and 3" grades are treated by the additional teacher man-year.
The second year, the 3™ and 4™ grades are treated. In the third year, 2" and 4™ grades are
treated, and in the fourth year, 3 and 4™ grades are treated. Thus, after four years, one cohort
is treated for one year (4™ grade in the final year of the intervention), two cohorts are treated
for two years (starting in the 3" grade year 1, and starting in the 2" grade year 3), and one
cohort is treated for three years (starting in the 2" grade year 1). In total four cohorts are
included in the intervention. The design allows for ample analyses of students’ age, duration

of treatment and implementation quality during the four years of interventions.

School year:

2016/17 2017/18 2018/19 2019/20
Cohort:
2008 T (grade 3) T (grade 4)
2009 T (grade 2) T (grade 3) T (grade 4)
2010 T (grade 4)
2011 T (grade 2) T (grade 3)

Figure 1: Project plan for use of one teacher man-year for four years (T=treatment).



Hypotheses

Our main hypothesis is that small group instructions improve test scores in math. We will test
the effect of small group instructions on the grade on the national test in fifth grade.> Our
primary hypothesis is to test the treatment effect across all cohorts in a pooled analysis. In
addition, we estimate four additional treatment effects, one for each cohort. We estimate one
treatment effect per cohort since the age when receiving treatment and the duration of
treatment varies across cohorts. We consider the analysis of cohort-differences in the
treatment effect as a secondary hypothesis.

In addition, we have a secondary hypothesis of treatment heterogeneity according to
baseline characteristics. More specifically, we will analyze heterogeneity according to i)
baseline ability, as measured in pre-tests and ii) gender. We expect missing data on baseline
test scores (see below). If missing data on baseline test scores is above 20 percent in the
control schools, we will replace the analysis of heterogeneity on baseline ability with an
analysis of heterogeneity on parental level of education, as reported in the register data. If so,
we will measure parental level of education as a dummy of whether any of the parents have a

post-secondary education.

Key data sources
Administrative register data will be linked to students at the individual level. The register data
is collected and organized by Statistics Norway (SSB). From the registers we will have
information on school, gender, country of birth, test results from the National test in the 5™
grade, as well as parental level of education and parental country of birth. Parental level of
education will be measured when the student was five years of age. The parental level of
education will be measured by five dummy variables: Primary education, upper secondary
education, higher education lower level, higher education higher level, and unknown
education. Except for those born in Norway, place of birth will be measured by continent
dummy variables.

In addition, the project collects its own data. Most importantly, the project collects
pre-tests at the beginning of the treatment periods and post-tests at the end of the treatment
periods. These tests are developed by the research team. To describe the field experiment and

monitor how the schools implemented the treatment, we conduct surveys of teachers and

> It will be possible to examine effects on eight grade test scores as well. The project intends to apply for
additional funding to conduct such analyses. If approved, the analysis will follow this pre-analysis plan as
closely as possible.



principals. In these surveys we collect information to capture teacher quality; work experience,
seniority, and length and type of education (e.g., whether they have mathematical
specialization). We collect information about the teaching environment, job satisfaction, the
recruitment process of the treatment teacher, and the cooperation between the main teacher
and the treatment teacher. We further collect information about math teaching, how math
instruction is organized, time use, attitudes towards teaching mathematics and recollections of

the previous mathematics lesson.

Randomization

We conducted randomization at the school level such that each school is randomized into
either the control group or the treatment group. The randomization is conducted within each
municipality. We decided to conduct randomization at the school level for two main reasons.
First, school leaders may be reluctant to participate in an experiment where similar students
are treated differently within the school. Second, it is more challenging to keep the control
group unaffected by the treatment if this group is within the same school as students receiving
the treatment.

We conducted the stratified randomization in the following manner. Within each
municipality we ranked the schools based on their mean test score in the national math tests at
the fifth grade.® Next we constructed a set of strata of at least four schools in each strata. In
doing so, we follow Imbens’ (2011) recommendation to have at least two treatment and
control schools in each strata, so that one can derive a within-strata variance in the treatment
effect. The strata sizes range from 4 to 7. Most strata consist of 4 or 6 schools. In the
municipalities of Asker, Sarpsborg and Alesund we had an uneven number of schools who
volunteered to participate in the project, which resulted in one strata in each municipality
consisting of 7 schools. Next we randomized schools to the treatment or the control group by
using the random number generator in Stata. One school refused to participate after their
treatment status was revealed. Since we have outcome test scores from the register data, the
only implication is that we miss pre-test scores for all students from the school that withdrew
from the project. For the analyses where we rely on pre-test scores we will present results
without this school’s strata. If a school closes during the project period we will exclude data

from all schools in that school’s strata for the cohorts after closure.

® We averaged over the mean score in the two preceding school years to reduce measurement error.



The treatment schools were given one additional teacher-man-year.” As all schools
received one teacher-man-year this implied that the smallest schools in our sample—with 20
pupils per grade level-will have a much larger increase in student-teacher ratio than the larger
schools-the largest school has about 70 students in each grade. Larger schools will not be able
to obtain sufficient treatment intensity if they spend the teacher-man-year on all students. We
therefore decided to randomize groups of students into treatment at these schools. We do so
by randomizing classes to treatment.

Identification of the treatment effects
We identify the pooled treatment effect using the following regression model:

Yicgs = BTreatedsg + a5 + [ + €045 Q)
where i indexes individuals, ¢ cohorts, g schools, and s indexes randomization strata. Y is the
standardized test score in the national tests in fifth grade, Treated is an indicator of whether
the student belongs to a school in the treatment group when s/he is enrolled in school, | is
cohort fixed effects, and a; is strata fixed effects. The strata fixed effects are included because
treatment status is random within strata. Standard errors are adjusted for clustering at the
school level because treatment is at the school level. B represents the treatment effect.

B is an unbiased estimate of the treatment effect due to the randomization of treatment.
However, to potentially increase the precision of the B estimate we in addition utilize our pre-
test information:

Yicgs = BTreatedgy + y1Prejcgs + V2 Miss;cqs + V3Precys * Treateds,

+YaMiss;cqs * Treatedsy + a5 + pe + €icqs (2)

We standardize the pre-test score and include it as a covariate Pre. We control for baseline
test score as a continuous variable, but will also present results using a flexible specification
where we divide the students into quartiles. In the first year of data collection we find that the
share of students taking the pre-test differs between treatment and control schools. Our
preliminary analysis suggests that, in our first cohort, on average 97 percent of students in the
treatment schools took the test, while 90 percent in the control schools took the test. We hope
to improve these numbers, but suspect that we will see differences in later cohorts as well. We
address the missing test score issue by assigning all students with missing pre-test scores a

zero on the test and include a dummy variable Miss for missing test-scores (see Gerber and

"' Schools were instructed to split the teacher-man-year between no more than two teachers. About one third (26)
of the schools did so.



Green 2012: 241, Lin et al. 2016).We do the same for students with missing parental consent
to merge the pre- and post-test scores, i.e. we set the pre-test to missing for these students.®
We follow Lin et al. (2016) and i) mean-center Pre and Miss, ii) include interactions between
Pre and Miss and the treatment indicator, because the interactions might improve precision.
The mean-centering of Pre and Miss ensures that B represents the average treatment effect
(see Lin et al. 2016: 14). We follow this procedure also when we include other covariates.

The treatment effect estimated in equation (1) is the intention to treat (ITT) effect. The
ITT will differ from the average treatment effect (ATE) if students in the treatment schools
did not receive treatment or if students in the control group receive treatment. We identify the
(local) ATE by using Treated as an instrumental variable for the receipt of treatment in a
2SLS set up. We have information on the receipt of treatment at the individual level from the
teacher surveys.

The cohort-specific treatment effects will be estimated by running the analysis

separately for each cohort.

Balance tests

The balance tests will be conducted using the same empirical specification we use to test the
treatment effect (equation 1). We will conduct an F-test of the joint significance of the
variables we study balance on using a regression with the treatment indicator as the dependent

variable.

We will study balance on the following variables:

Girl: Dummy equal to 1 if the student is a girl.

Parental level of education: The level of education will be measured by five dummy variables:
Primary education, upper secondary education, higher education lower level, higher education
higher level, unknown education.® We will rely on the highest education level of the parents.

First generation immigrant: Dummy equal to 1 if the student is not born in Norway.

® We need parental consent to merge the pre-test scores, the post-test scores, the national test scores and the
register data. The preliminary, incomplete data on parental consent suggest that we will have higher level of
parental consent in the treatment schools.

° The Norwegian Standard Classification of Education has 10 categories: No education (0), Primary education
(1), Lower secondary education (2), Upper secondary education, basic (3), Upper secondary education, final (4),
Post-secondary non-tertiary education (5), First stage of tertiary education, undergraduate level (6), First stage
of tertiary education, graduate level (7), Second stage of tertiary education, postgraduate level (8), Unspecified
(9). We recode categories 0,1,2 to primary education, categories 3,4,5 to upper secondary education, category
6 to higher education lower level , categories 7, 8 to higher education higher level, and category 9 to unknown
education.



Second generation immigrant: Dummy equal to 1 if both parents are born abroad while the
student is born in Norway.

School size: Measured as the total number of students in the grade.
Teacher-to-student-ratio: Measured as ratio of teachers and assistants to the total number of

students.

Robustness checks

We will conduct at least the following robustness checks:

i) include the set of pre-treatment variables for which we find imbalance.

i) include all pre-treatment variables listed above.

iii) present results where we aggregate the results to the school level and weight the schools
according to the number of students.

iv) present results using randomization inference to derive p-values.

Treatment heterogeneity

We will study heterogeneity depending on the baseline test score and gender. We do so by
expanding equations (1) and (2) with gender and the baseline test score variable and
interactions with Treated. The interaction terms will test whether Treated depends on baseline
ability or gender. Due to missing observations in the baseline test, a potential worry is a
systematic relationship between missing observations and treatment across the ability
distribution. We will examine the distribution of pre-test scores in the treatment and control
group to examine this potential problem. If this analysis indicates that there is a relationship
between missing observations and treatment across the ability distribution, we will re-weight
the sample by applying entropy balancing (Hainmueller 2012) on baseline test scores. The
matching will be done by cohort-year using the raw test score. Ideally, we balance on mean,
standard deviation and skewness of the test score, but if doing so implies that we have to use
extreme weights, we will instead coarsen the test-score that we balance on. We will always

coarsen as little as possible to maximize achieved balance.

Multiple outcomes

The main objective is to evaluate the pooled ITT treatment effects for one primary outcome.
We will not adjust the p-value for the test of this hypothesis. However, in addition we have
secondary hypotheses where we test i) variation across the four cohorts, and ii) treatment



heterogeneity on two variables (baseline test score and gender). When testing these secondary
hypotheses, there is a risk that some hypotheses will be statistically significant by chance
alone. In order to deal with the problem of multiple comparisons we impose pre-specified
decision rules (Rosenblum and van der Laan 2011). We follow the recommendations of Fink,
McConnell, and Vollmer (2014) and use Benjamini and Hochberg (1995) and Benjamini and
Yekutieli’s (2001) approach to minimize the false non-discovery rate (see also Almeida 2012).
We conduct these adjustments separately for the two set of secondary analyses (cohort
variation and treatment heterogeneity), but all results and p-values will be reported for
researchers who want to adjust p-values across the two set of analyses.

The false discovery rate (FDR) method developed by Benjamini and Hochberg (1995)
implies that the m p-values of the i hypotheses are ordered from low to high and that the
adjusted p-value is found using the formula p(i) = a x i/m. Here, a refers to the p-value
threshold, for instance 0.05. For instance, assume we have four hypotheses with the following
ordered p-values: p(1) = 0.002, p(2) = 0.0126, p(3) = 0.040, p(4) = 0.051. Without any
correction for multiple testing, the first three null hypotheses would be rejected using the 5
percent significance threshold. With the FDR method the decision rule implies that two
hypotheses would be rejected: p(1) = 0.002<0.05 * 1/4, p(2) = 0.0126<0.05 * 2/4, p(3) =
0.04 >0.05 *3/4, p(4) = 0.051>0.05 * 4/4. This approach is an effective way of limiting the
risk of false discoveries, while retaining a higher level of statistical power compared to the

Bonferroni-correction where all hypothesis face the same threshold of p=a/m.

Selective migration

Parents and students were informed about the randomization at the beginning of the school
year 2016/2017. Thus, students enrolled in later school years knew the treatment status prior
to enrollment. The admission system in most municipalities is based on a strict neighborhood
rule (Opplaeringsloven 88-1), meaning that the location of residence determines the school the
student is enrolled in. There are, however, a few municipalities in our sample that allow
school choice. We will therefore investigate if there are systematic differences over time in
the extent of students residing outside the school district in treated and control schools. If
there are no systematic differences over time in municipalities with school choice, there is no
reason to expect selection in municipalities with neighborhood rules. If, however, we find
systematic differences in enrollment in municipalities with school choice, we will separate
cohorts as a robustness check to investigate if treatment effects are influenced by selection
bias.



Attrition

By attrition we refer to the problem of selective exit from the population we study or missing
outcome data which is non-random. We use register data to gather information on
achievement levels. Since register data is comprehensive, missing data is less of a concern. As
long as the students are still living in Norway, we will be able to gather information on them
even if they moved to a different school district. A small percentage of students have no
reported test score on the national test. As long as this type of attrition is random with respect
to the treatment status, it will not bias our results and will only to a limited extent affect the
power of the experiment. We will report the attrition level by treatment status to examine this
type of bias. The analysis will follow the empirical specification we use to identify the
treatment effect. If we find that the bias is correlated with treatment status we will calculate
extreme bounds and trimming bounds for the treatment effect for the always-reporters (see
Gerber and Green 2012: 226ff).

Power calculations

We used the clustersampsi command in Stata (Hemming and Marsh 2013) to calculate power.
Based on the preliminary data from our own first year tests we set the ICC within strata

to .066 and assume that the strata fixed effects and the pre-test predicts about 34 percent of
the post-test. With a five percent significance level we have 80% power to detect a treatment
effect of .12. Based on experience from analyses of national test data, we suspect that the pre-
test and the strata fixed effects will be more predictive of the national test, which will improve
power. In any case, we are well-powered compared to the treatment effect sizes in Fryer
(2014), but slightly low powered compared to the effect sizes in Andersen et al . (2015).

Archive

The pre-analysis plan is archived at the EGAP (Evidence in Governance and Politics) registry:

http://egap.org/content/registration.
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