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gling students. In our intention-to-treat analysis, we find that students in treatment schools increased
their performance by 0.06 of a standard deviation in national tests, with no differential effect by baseline
test score level, parental education, or gender. Our study is particularly relevant for policy-makers seek-
ing to use additional teaching resources to target a heterogeneous student population efficiently.
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1. Introduction

Student heterogeneity is a persistent and fundamental chal-
lenge in all school systems. For decades, smaller classes,' more
assistants,” and special education have been the preferred solutions
to improve educational achievement across ability groups. The evi-
dence in favor of these policies is at best mixed, leading actors within
the education sector and researchers to look for alternatives. One of
the most prominent alternatives is tutoring - defined as one-on-one

T Leuven & Oosterbeeek (2018) and Schanzenbach (2020) provide recent reviews of
the literature on class size.

2 Finn & Achilles (1999), Muijs & Reynolds (2003), Blatchford et al. (2012) and
Webster et al. (2013) find no beneficial effect from having teacher assistants whereas
Andersen et al. (2020) report beneficial effects from teacher aides.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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or small-group instruction - which has been shown to substantially
improve student learning (Dietrichson et al. 2017; Nickow et al.
2020), but more knowledge is needed on the program characteristics
that allow for high-impact tutoring for all and at scale (Robinson &
Loeb 2021). Tutoring has also emerged as a promising strategy for
addressing learning loss related to Covid-19.

We present new evidence from a large-scale experiment pro-
viding tutoring in mathematics to students of all ability levels dur-
ing early grades. Additional teachers are used to provide small-
group instruction in parallel to regular classroom instruction using
a pull-out strategy where each group returns to regular instruction
once their tutoring period is over. The small-group instruction is
carried out in mostly homogenous groups, allowing us to target
the effect of a customized learning approach for all ability levels
while holding instruction time fixed.

The experiment was conducted as a pre-registered randomized
controlled trial (RCT) in 159 Norwegian primary schools (78 treat-
ment schools and 81 comparison schools) using additional teach-
ers to tutor small groups of students during mathematics classes
from 2016/17 to 2019/20. About 7,500 students aged 7-9 were
each year pulled out from their regular mathematics classes for
two periods of 4-6 weeks per school year to receive mathematics
instruction in small groups of 4-6 students. The regular teacher
and small-group teacher coordinated their teaching so that the
same topics were covered in the main class and the small group.
To allow for tailoring of instruction, teachers were advised to con-
struct small groups with students of similar ability levels in math-
ematics, a strategy chosen by most teachers according to surveys.

The field experiment was made possible through a Norwegian
government grant of 20 million Euros to hire 80 qualified teacher
person-years for four school years. Four cohorts of students born
between 2008 and 2011 participated with variation in starting
age and treatment length across cohorts. 78 treatment schools
received funding to hire an additional teacher, while 81 schools
served as the control group. Across all four years, approximately
30,000 students within ten local governments participated in the
RCT. We closely follow the pre-registration plan published before
gaining access to administrative data (Bonesrgnning et al. 2018).

We find sizable average treatment effects on student perfor-
mance. In our intention-to-treat analysis, students in treatment
schools increased their performance on national tests in mathe-
matics by 0.06 of a standard deviation half a year after the inter-
vention ended. We also find that all student subgroups benefit
from treatment, regardless of baseline test score level, parental
education and gender.

Our paper adds to the literature on the effect of increased teacher
resources on student performance (e.g., Schanzenbach 2006; Angrist
et al. 2019; Hoxby 2000; Browning and Heinesen 2007; Fredriksson
& Ockert 2008; Leuven et al. 2008; Iversen & Bonesrgnning 2013).
While the evidence is mixed (see Leuven and Oosterbeek (2018)
and Schanzenbach (2020) for recent reviews), previous research
has shown no or small effects in the resource-rich Norwegian context
(Leuven et al. 2008; Iversen & Bonesrgnning 2013; Falch et al. 2017;
Leuven & Lgkken 2018; Haaland et al.,, 2021; Borgen et al. 2022).
Most of this literature investigates the impact of increasing the
teacher-student (TS) ratio through reduced class size, suggesting that
more flexible approaches to increasing the TS ratio may be key. Alter-
native strategies to reduce the TS ratio include having more than one
teacher involved in teaching the same student group (Solheim and
Opheim, 2019). This is a more flexible and potentially less costly
way of reducing the TS ratio, as it allows schools to target subjects
or students needing additional support. A recent paper by Haaland
et al. (2021), using extra teachers mostly within the classroom for lit-
eracy instruction, only finds positive effects when combined with
teacher professional development (TPD). In contrast, our study sug-
gests that using extra teachers to provide tutoring, thereby bringing
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students out of the classroom, yields positive effects for all students
with no additional TPD needed.’

Our paper also adds to the literature on tutoring. A review by
Nickow et al. (2020) shows that tutoring programs yield consistent
and substantial effects on learning outcomes, typically in the area
of 0.3 to 0.4 of a standard deviation. Furthermore, a recent meta-
analysis by Dietrichson et al. (2017) found tutoring to be both
the most common and most effective intervention to improve
the educational achievement for low socioeconomic status stu-
dents.* However, the reviewed tutoring programs are typically high
dosage (the majority between 10 weeks and one school year in
Nickow et al. (2020)), targeted at low-ability students, one-on-one
tutoring and in many cases may entail increased instruction time -
replacing recreational activities, unfilled time, or potentially crowd-
ing out instruction time in other subjects. Little is known about the
performance of the type of lower dosage tutoring (two sessions of 4-
6 weeks per year) investigated in this paper, where instruction time
in the subject is held fixed. Such knowledge is in high demand from
policy-makers since they are less costly to implement at full scale
and can be integrated into a standard school day.

Finally, our paper adds to the literature on ability grouping, as
small groups were largely comprised of students of similar ability
levels in mathematics. Ability grouping is less restrictive than track-
ing in both scale and permanence, but involves the same potential
trade-off between the gains of allowing for more targeted instruction
and the losses for lower-achieving students feeling stigmatized and
not being able to benefit from positive peer effects (Figlio & Page
2002; Duflo et al. 2011; Oakes 1985). A small literature credibly iden-
tifies the impact of tracking on student outcomes (Betts 2011, Duflo
et al. 2011). Zimmer (2003) finds that within school tracking is ben-
eficial for lower achieving students in the US, suggesting that tailored
instruction outweighed any potential adverse effects from low-
ability students losing their high-ability peers, although e.g.
Matthewes (2021) finds the opposite for Germany where between-
school tracking is harmful for low-achieving students. Duflo et al.
(2011), however, show that within school ability tracking in a devel-
oping country (Kenya) benefits all students. We measure the impact
of a less comprehensive form of tracking with ability grouping in one
subject only for a limited period of time, implying less impact from
peers than more comprehensive forms of tracking. Our results, with
beneficial effects across all student ability levels, suggest that the
impact of customized instruction may be an important mechanism
through which ability grouping can increase student outcomes.

The rest of the paper is organized as follows: The institutional
context and intervention are presented in Section 2, while Section 3
discusses the randomization process, data, and balance. Section 4
presents the empirical specification, whereas the estimated treat-
ment effects of the small-group instruction are presented in Sec-
tion 5. Section 5 also includes a cost-benefit analysis and a
discussion of scalability. Finally, Section 6 offers some concluding
remarks and discusses our results in relation to previous findings
in the literature.

2. Institutional context and the intervention
2.1. Institutional context

In Norway, compulsory education is free, and less than 4 per-
cent of students attend private schools. The public sector at the

3 Both studies were funded by the Research Council of Norway to implement a
randomized controlled trial on the effect of additional teachers on student perfor-
mance during the first years of schooling.

4 Recent papers that evaluate different tutoring programs include e.g. Gersten et al.
(2015), Fryer (2014), Dobbie & Fryer (2013), Fryer (2017) and Fryer & Howard-Noveck
(2020).



H. Bonesrenning, H. Finseraas, I. Hardoy et al.

municipal level is responsible for providing compulsory education.
There are three stages: lower primary education, grades 1-4 (ages
6-10); upper primary education, grades 5-7 (ages 10-13) and
lower secondary education, grades 8-10 (ages 13-16). Compulsory
education is comprehensive, with a common curriculum for all stu-
dents and without tracking. The grade cutoff date is January 1, and
grade promotion or retention is very uncommon, ensuring that
nearly all students follow their cohort and graduate from lower
secondary school the year they turn 16. The school year lasts from
August to June, from about 8:30 to 1:30. All children in grades 1-4
are entitled to enroll in voluntary before/after school programs,
with most children enrolling particularly for the lowest grades.
Enrollment in after-school programs has increased in recent years
due to an increase in subsidies to cover parental fees. About 5 per-
cent of students in grades 1-4 received special-needs education in
2017. 37 % of these students received assistance in their regular
classes and the rest were taught alone or in small groups of eligible
students (The Norwegian Directorate for Education and Training
2021).

While the Education Act (1998, § 8-2) in Norway allows for
small-group instruction, results from our teacher survey indicate
that there was no wide-spread use in Norwegian primary schools
prior to our intervention. During the intervention, when asked
about the number of students that participated in small-group
instruction during the previous mathematics lesson, teachers in
treated grades at treatment schools reported an average of 3.78
students, whereas the corresponding result for control schools
was 0.37 - likely reflecting special needs students receiving assis-
tance outside of the regular class.

2.2. Treatment description

Intervention schools were allocated an additional teacher
person-year in the school years 2016/17-2019/20, which they
were instructed to use for small-group tutoring in mathematics
in specific grades. Due to the combination of in-school delivery
and a pull-out strategy, the design of the intervention had to com-
ply with the national legislation for public primary schools. First,
permanent tracking is not allowed, but small homogenous student
groups can be pulled out of their regular class for shorter periods.
Second, the treatment dosage is determined by legislation saying
that the students will be taught mathematics for 560 h during
grades 1-4, i.e. about 140 h per year, allowing for a planned dosage
of minimum 30 h of small-group instruction per year (see online
appendix A for details). The sessions differed in length, as there
are local variations in how schools organize mathematics instruc-
tion. While some schools have long sessions (up to 90 min), others
have shorter sessions, often 60 or 45 min. Instruction was given in
parallel to all regular mathematics classes. See online appendix A
or the pre-analysis plan (Bonesrgnning et al. 2018) for further
details on the intervention.

Throughout the project, small-group teachers provided detailed
information (via a registration form) on which students received
smallgroup instruction and the instruction length for each session,
excluding time spent for breaks.® Calculations show that the aver-
age small group consisted of about 5 students that received about
8 weeks of small-group instruction per treatment year, amounting
to between 1075 and 1184 min depending on the cohort and treat-
ment year. This is between 60 and 66 percent of the planned mini-
mum treatment. Note that planned and received treatment may
not be directly comparable as received treatment deducts time spent
on breaks.

5 See online appendix B and online appendix C, Table C1 and Figure C2 for details
on the registration data and implementation.
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National legislation requires that teachers are formally qualified
to teach mathematics at the primary level so that only formally
qualified teachers are hired. From a teacher survey, we have infor-
mation on how small-group instructors were recruited and the
characteristics of small-group instructors and regular teachers
(see online appendix C, Table C2 for details). 31 % of small-group
instructors were recruited from within the school, meaning that
most were externally recruited. Compared to regular mathematics
teachers, a larger fraction was male (28 % versus 13 %), they were
on average two years younger (40 versus 42), and they had seven
years less teaching experience (12 versus 19 years). However, they
had more credits in mathematics (58 versus 37), equivalent to
about 2/3 of a semester in higher education. There was no differ-
ence in the share that had completed teacher education, about
98 % for both groups.®

The small-group teachers received no training as tutors, but
both small-group and regular teachers received a handbook includ-
ing detailed instructions on how to implement the intervention - i.
e smallgroup size, duration, etc. - information on data collection as
well as recommendations based on previous research. The latter
included characteristics of previous successful interventions using
additional teachers and, importantly, encouraged the teachers to
create small groups with students of similar mathematical abili-
ties.” Based on survey data from small-group instructors, we know
that most of them followed this recommendation as 97 % reported
that they agreed or strongly agreed with the statement that “Small-
groups were composed of students of nearly equal ability level in
mathematics”.

One birth cohort (2010) was treated only in 4th grade
(2019/20). The cohorts 2008 and 2011 were treated for two years,
starting in 3rd grade (2016/17) and 2nd grade (2018/19), respec-
tively. Those born in 2009 were treated for three years, starting
in 2nd grade (2016/17). Table 1 shows the treatment age and dura-
tion for all cohorts that participated in the intervention and the
timing of the national test and project administered pre- and
post-tests in mathematics.

In this paper, we mainly restrict the analysis to birth cohorts
unaffected by the Covid-19 pandemic when completing the
national tests (2008 and 2009), although results for the remaining
cohorts are consistent and reported in the online appendix F,
Table F1.

In addition to the registration forms submitted electronically at
the end of each month, teachers and principals received yearly sur-
veys, and visits were carried out at some treatment schools. Also,
the project group met yearly with teachers and principals at treat-
ment and control schools. Together, this allowed us to follow the
implementation and data collection closely and quickly detect
whether schools were having any problems with implementation
due to e.g. misunderstandings, teacher absence, or teacher turn-
over. The school visits comprised classroom observation, inter-
views with school principals, as well as interviews with math
teachers (both the main teachers and small-group teachers). An
important finding was that small-group instruction generally was
highly appreciated (Bubikova-Moan & Opheim 2020).

6 The teachers survey also provides some information on how the regular teacher
experience the small-group intervention: Teachers were asked to rate, on a likert
scale, where 1 is strongly disagree and 5 corresponds to strongly agree, the following
statement: “If a group of students participate in small-group instruction, I (the class
teacher) am able to follow up the students much better”. The average score is 4.4,
indicating that teachers agree or highly agree with this statement.

7 For further details on the content of the handbook se online appendix B.
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Table 1
Starting age and treatment duration.
Cohort
School year 2008 2009 2010 2011
2016/17 3rd grade®RE: POST 2nd gradeRE POST
2017/18 4th grade 3rd grade™ST
2018/19 Test (5th grade) 4th grade 2nd gradePRE" POST
2019/20 Test (5th grade) 4th grade™ 3rd grade
2020/21 Test (5th grade)
2021/22 Test (5th grade)

Notes: The table shows the treatment age and duration of the four cohorts that were part of the 1 + 1 project and the timing of the different mathematics tests. PRE refers to
the baseline ability test, POST refers to post-tests after treatment, and Test refers to the National test for all 5th graders in Norway. * Carried out in the spring at the end of the

previous school year.

3. Randomization, data, and balance
3.1. Randomization

Randomization was carried out at the school level within each
of the ten municipalities participating in the project, geographi-
cally spread from the southern to the northern part of Norway
and all fairly densely populated. We randomized at the school level
to avoid resistance from schools and parents due to similar stu-
dents being treated differently within schools. Also, school-level
randomization ensured that the control group was less likely to
be affected by the treatment through spill-over effects.

We conducted stratified randomization in the following man-
ner: Schools with at least 20 students per grade were eligible to
participate within each municipality. We ranked the schools based
on their mean test score in the 5th-grade national test in mathe-
matics, averaging over the mean score in the two preceding school
years to reduce measurement error. Next, we constructed a set of
strata of at least four schools in each stratum. In doing so, we fol-
low Imbens’ (2011) recommendation to have at least two treat-
ment and control schools in each stratum to derive a within-
strata variance in the treatment effect. Most strata consist of four
or six schools. We randomized schools to the treatment or the con-
trol group using a random number generator. One school refused
to participate after their treatment status was revealed. Following
the pre-analysis plan, we exclude all schools in the respective
strata.

All treatment schools received one additional teacher person-
year regardless of cohort size. This implied that the smallest
schools in our sample have a larger increase in the teacher-
student ratio than larger schools. Smaller schools were able to have
smaller groups for a longer duration but were instructed to use any
surplus teaching hours beyond this for cohorts that were never
treated by the intervention. In larger schools, we randomized
classes or groups to treatment to ensure sufficient treatment inten-
sity. Overall, about 73-74 % of students at treatment schools par-
ticipated in small-group instruction.

3.2. Data

The main data source is administrative data collected and orga-
nized by Statistics Norway. We have background information
about the students and test scores from the national tests in 5th
grade from administrative registers (see online appendix D for
details). We use this data to identify the main treatment effects
and to assess balance across treatment and control groups. In addi-
tion, we analyze baseline ability and post-test data collected by the
project. We developed math tests in collaboration with teachers
and math educators. For the first two cohorts, the focus of this
paper, baseline ability tests were carried out early in the school
year (August), while baseline ability tests were carried out in the

spring of the previous school year for the next two cohorts (see
Table 1).2 The post-tests were conducted at the end of the school
year (May-June). We use this data to identify short-term treatment
effects at a younger age than the national tests and to examine treat-
ment heterogeneity on baseline test scores.

A small percentage of students have no reported test score on
the national test. We find no evidence of a correlation between
missing test scores and treatment status (see online appendix
Table G1). This is important since missing test scores will not bias
our results and will have a negligible impact on statistical power.
In the online appendix (Table I1), we also show that there is no
important treatment—control difference in geographic mobility,
measured as whether they completed the national test in another
school than the baseline test.

3.3. Balance tests

Following the pre-analysis plan, we study balance on gender,
parental level of education, the share of first or second-
generation immigrants, and school size (see online appendix D
for details on background variables).® Table D1 in the online appen-
dix presents descriptive statistics on SES for the population of stu-
dents and balance tests. We find that treatment and control
schools are balanced across gender, immigration status, and school
size. Treated students have a slightly higher share of parents
grouped in the highest education level category (graduate and
post-graduate level of tertiary education), whereas the shares are
slightly lower (not significantly) for the two education groups upper
secondary education and undergraduate level of tertiary education.
Reassuringly, the F-test of joint significance produces a large p-
value of 0.41, meaning that randomization was successful.

4. Empirical specification

We identify the intention-to-treat (ITT) effects using the follow-
ing regression models:

¥ = BTREATED, + o5 + i, + Xjy + €

where i indexes individuals, g schools, s randomization strata, and ¢
cohorts. y is the test score and TREATED is a binary indicator of
whether the student was enrolled in a school in the treatment
group when entering the project. We define all students in a treat-
ment school as treated despite randomizing classes or groups to
treatment or control in larger schools. This is due to potential
spill-over effects from the treated classes and because schools
might have changed the class compositions in response to the class

8 The exception is the first year of the project (the 2016/2017 school year), for
which we did the.

9 The pre-analysis plan says that we will study balance on the teacher-student ratio
as well, but we have been unable to obtain that information broken down by cohort
and school class.
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randomization. Thus, our classification ensures that g is a clean ITT
estimate, although likely representing a lower bound estimate of
the treatment effect. As 73-74 % of students were treated, we can
scale our treatment effects by 1.3 to estimate the local average
treatment effect (LATE). Because randomization was performed
within strata, we include strata fixed effects «. Cohort fixed effects,
4, and a vector X with socio-economic background variables are
included to improve statistical power. Standard errors are adjusted
for clustering at the school level, the level of treatment assignment
and delivery.

5. Treatment effects

This section presents the estimated treatment effects. Section a
presents treatment effects on our main outcome, test scores on a
national test in mathematics in 5th grade, while section b discusses
effects on national tests in reading and English. Section c supple-
ments the estimated treatment effects from section a with analy-
ses of test scores on own tests in mathematics carried out at the
end of the treated school years. Treatment effect heterogeneity is
analyzed in section d, while cost-benefit and scalability are dis-
cussed in section e.

5.1. Medium-term effects — national test scores in mathematics

The main intention to treat (ITT) estimates are presented in
Table 2. The first column is without individual-level controls, while
the second includes the vector of controls used in the balance tests.
Without controls, we find that students in the treatment schools
increase their performance by 0.066 standard deviations relative
to students in the control group.'® When we add SES controls, the
estimate declines to 0.058 of a standard deviation. For comparison,
we find that students with a university-educated father perform
about 0.14 of a standard deviation better than other students. Thus,
the effect amounts to about one-third of the education difference.
Our estimates are in-between the high-dosage (0.31) and small-
dosage (0.015) treatment estimates in Fryer (2017).

Our conclusions are robust to using randomization inference
(RI) to derive p-values (Imbens and Rubin 2015; Hess 2017), which
is reassuring since RI avoids assumptions regarding resampling,
the parametric distribution of t-values, and is valid irrespective
of the sample size. It is potentially useful to avoid these assump-
tions since the intervention only involves 159 schools, which might
imply that asymptotic characteristics do not apply.

The ITT estimate using conventional fixed effects models can be
misleading if there is important treatment heterogeneity (Gibbons
et al., 2019), as such models place more weight on averages from
the groups (in our case strata) with the most within-group vari-
ance. This does not seem to be a problem in our case, as the treat-
ment effect estimates are identical if we follow Gibbons et al.
(2019) in interacting the treatment indicator with the strata fixed
effects and deriving the average treatment effect from these inter-
action terms.

5.2. Effects on national test scores in reading and English

Table H1 in the online appendix presents the ITT estimates on
national test scores in 5th-grade reading and English. These out-
comes are not true placebo outcomes since there might be spill-
overs from small-group mathematics instruction, e.g., cognitive

10 To rule out that any treatment effects are driven by researchers’ interactions with

several treatment schools visited during the intervention period, we have run a
specification check where we re-run the estimation in column (1) on a sample
excluding the 14 strata containing schools visited. Reassuringly, the results are
unaltered—for results see online appendix ], Table J1.
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Table 2
Baseline results. Dependent variable is standardized national test scores.
(1) (2)

Mathematics
0.066** (0.031)

Treatment school 0.058** (0.026)

Observations 14,891 14,891

Strata FE Yes Yes

Cohort FE Yes Yes

SES controls No Yes

RI p-value 0.05 0.05

IWE 0.067** (0.031) 0.057** (0.027)

Note: OLS regression with robust standard errors adjusted for clustering on school
in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

development or improved motivation for school work. However,
the intervention aims to improve skills in Mathematics, so we
should not expect similar-sized treatment effects on these out-
comes. For English, the ITT is essentially zero, while the ITT for
reading is 0.029, less than half of the effect on mathematics. The
difference between the ITT for math and reading is, however, not
statistically significant.

5.3. Short-term effects

Next, we use our own pre- and post-tests to estimate short-
term effects. These short-term estimates are useful because we
can examine whether the treatment effect increases or declines
with time since treatment. However, the interpretation of the ITT
effects on the post-test scores is complicated by a lower test com-
pletion rate in the control group. The share of missing test scores is
about six percentage points lower in the treatment group on aver-
age across cohorts (see online appendix Table G2). The treatment-
control difference in completion likely reflects lower teacher moti-
vation in the comparison schools to carry out additional testing for
students that missed the first test due to absence.

In Table 3, we analyze post-test scores for the 2008 and 2009
cohorts at the end of third grade, and the 2011 cohort at the end
of second grade. We include the 2011 cohort since comparisons
across cohorts provide information on the importance of length
and timing of treatment. When our tests were completed, the
2009 cohort had been treated for two years (second and third
grade), whereas the 2008 and 2011 cohorts had been treated for
one year (respectively in third and second grade). When we pool
data from all cohorts, we find a treatment effect of 0.158, which
is about three times larger than the treatment effect on the
national tests. The treatment effects are quite similar across
cohorts, despite differences in age, years of treatment, and teacher
experience in small-group instructions. Thus, we find no substan-
tial benefits from being treated for two years compared to one
year.

The estimates in Table 3 are precisely estimated, but due to the
difference in missing test scores between treatment and control
schools they do not accurately reflect the uncertainty in the treat-
ment effect estimate. Therefore we also estimate so-called Lee
trimming bounds on the treatment effects (Lee 2009), which sug-
gest that the pooled treatment effect is between 0.04 and 0.30
for the Always-Reporters, i.e. positive and with our national test
estimates within the bound.

5.4. Treatment effect heterogeneity

Finally, we study treatment heterogeneity on the national test
score across cohorts and gender. In the first column in Table 4,
we present results when we include an interaction term between
an indicator for the 2009 cohort and the treatment indicator. This
negative interaction term indicates that the 2008 cohort drives the
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Table 3
Short-term effects. Dependent variable is standardized score from project tests.
Cohort Cohort Cohort
Pooled 2008 2009 2011

Treatment school 0.158"** (0.031) 0.144*** (0.049) 0.169*** (0.046) 0.164*** (0.051)
Observations 21,983 7,790 7,179 7,014
Strata FE Yes Yes Yes Yes
Cohort FE Yes Yes Yes Yes
SES controls No No No No
Years treatment 1 2 1
Test grade 3 3 2

Note: Robust standard errors adjusted for clustering on school in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

treatment effect in Table 4. This result is unexpected since the
2009 cohort was treated longer and from a younger age. The differ-
ence might reflect extraordinary motivation among teachers at the
beginning of the project that decreased over time (Dietrichson
et al. 2017). However, the interaction term is not statistically sig-
nificant, so we cannot rule out that the effect is the same for both
cohorts.

The second column in Table 4 shows a large gender gap in the
test score, as male students perform much better on the national
test. The intervention appears to reduce this gap since the treat-
ment effect is larger for female students. However, the difference
across gender is not statistically significant. Table E1 in the online
appendix investigates heterogeneity by parental education, class
size, and school size, all of which show small differences and none
that are statistically significant.

We also use our own pre- and post-tests to study treatment
heterogeneity depending on i) baseline ability, ii) average baseline
score of the school, and iii) within school heterogeneity in baseline
test scores. The test of treatment heterogeneity by average baseline
ability score in the school and within-school heterogeneity was not
pre-registered and should be considered exploratory. To examine
heterogeneity in baseline ability, we interact the baseline test score
with the treatment indicator. As mentioned above, there is a differ-
ence between treatment and control schools in the share of stu-
dents that conducted the test. To reduce the bias from selection
to the test, we follow the pre-registration plan and conduct
entropy balancing (Hainmueller 2012) to reweight the sample so
that the treatment-control difference in the baseline test score is
zero.

Fig. 1 shows a positive correlation between the treatment effect
and baseline test score, but the interaction term is not statistically
significant (coeff = 0.01, p = 0.51). The L (low), M (medium), and H
(high) point estimates and bars in red are treatment effect esti-
mates from a regression where the baseline test score is divided
into three equal-sized bins.!! These estimates indicate that there
is a weak non-linearity in the marginal effects with the treatment
effect being slightly larger for the mid-level achievers on the base-
line test (see Duflo et al. (2011) for similar results, and see Smith
et al. 2013, Gersten et al. 2015, and Guryan et al. 2021 for studies
that find larger effects for struggling students). If classroom teaching
targets mid-performing students, one expectation may be that
instruction in homogenous groups will benefit low- and high-
performing students. However, we find no support for this reason-
ing. The coefficients for L, M, and H are not significantly different,
so the main impression from this analysis is that all students bene-
fitted about the same from the treatment.

Online appendix E presents treatment effects across average
baseline scores and within-school heterogeneity. Figure E.1 is
based on a regression model with an interaction between the treat-
ment effect and the mean test score of the school, controlling for

11 See Hainmueller et al. (2019) for details.

Table 4
Cohort-specific effects. Dependent variable is standardized national test scores.

Cohorts 2008 & 2009

0.073** (0.036)
-0.031 (0.045)
-0.009 (0.031)

Gender

0.046 (0.029)

Treatment
Treatment x 2009-cohort
2009-cohort

Treatment x Female 0.024 (0.030)

Female -0.251*** (0.021)
Observations 14,891 14,891

Strata FE Yes Yes

Cohort FE Yes Yes

SES controls Yes Yes

Note: OLS regression with robust standard errors adjusted for clustering on school
in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.
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Fig. 1. Treatment heterogeneity by baseline ability score. Note: The plot shows the
estimated marginal effects using both a conventional linear interaction model and a
binning estimator. The total height of the stacked bars refers to the distribution of
the moderator (individual baseline ability score) in the pooled sample, and the red
and white shaded bars refer to the distributions in the treatment and control
groups, respectively. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

the individual level test score. We find that the marginal effect of
treatment declines with school test scores in the linear model
(p = 0.06). However, the linear model does not seem like the most
appropriate specification since the estimated treatment effect is
much larger for schools in the mid-range of the baseline ability
score distribution, as indicated by the point estimate for the med-
ium group (in red). This result suggests that compared to schools
with medium average baseline test scores, schools with low and
high average baseline scores are somewhat less able to utilize
the benefits of the treatment. However, only the coefficient on H
is significantly different from M. Schools with high average base-
line scores might also face ceiling effects.

In Figure E.2 in online appendix E, we interact the treatment
indicator with the school’s standard deviation of the baseline test
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score. Here we find that the linear model produces flat marginal
treatment effects. Thus, there is no evidence that the intervention
has larger effects in heterogeneous schools where small homoge-
nous groups would represent a stronger deviation from the normal
situation.

Perhaps the most surprising finding from the heterogeneity
analyses is that low-performing students benefit as much from
the intervention as high-performing ones. In a recent paper,
Guryan et al. (2021) provide evidence that individualization of
instruction can explain much of the benefits from tutoring for
struggling students. According to Duflo et al. (2011), who report
from a tracking experiment in Kenya, such findings most likely
reflect that the teachers successfully tailor their instruction to
the students at hand.'?

5.5. Cost efficiency and scalability.

Regarding cost-efficiency, the descriptive statistics in Table C1
in the online appendix suggest that every student received a
unique treatment equivalent to 222 min yearly. On average, the
students were treated for 2.5 years. This constitutes 1.25 percent
of a teacher’s person-year.'®> The unit cost for a teacher person-
year was NOK 705,000 in 2017, resulting in a total per student cost
equal to NOK 8,800 or 1,064 USD. Following this approach, the inter-
vention resulted in an ITT effect of around .056SD per 1000 USD.
However, supported by findings in Section 5b, treatment might yield
as much as .14SD per 1,000 USD, given that effects are similar for one
and 2.5 years of treatment. This implies that our intervention is
slightly more efficient than findings from a small-group instruction
intervention targeting low-performing 8th graders in Norway
(Kirkebgen et al. 2021) evaluated by the conservative estimate of
2.5 years duration. The effect-cost ratio is quite similar to those
found in Andersen et al. (2020) evaluating extra teacher’s aides in
Demark (.076-.11SD per 1000 USD) and Guryan et al. (2021) evalu-
ating the Saga tutoring program in the US, whereas the yield is
somewhat higher than Project STAR (Schanzenbach 2006). As 73-
74 % of students were treated, our LATE effects are 30 % higher.

For policy relevance, it is important to consider the scalability of
the intervention. Statistical inference, population representative-
ness, and representativeness of the situation are vital elements
concerning scalability (Al-Ubaydli et al. 2017). While our pre-
registered analysis plan eases concerns regarding statistical infer-
ence, the included school and school owners are not a representa-
tive sample in the Norwegian setting. The main differences are
population and school size, settlement patterns, parental educa-
tion, and school spending. School spending per student is about
40 % higher among school owners not in our experiment, mainly
because of scattered settlement patterns and economies of scale.
However, the heterogeneity analyses in Table E1 in the online
appendix and Fig. 1 suggest that treatment effects do not vary by
parental education, class size, school size, or prior ability levels.
The negative association between treatment effects and mean prior
ability measured at the school level might suggest a downward
bias since schools in the treated municipalities had a .085SD higher
score on the national test in numeracy in pre-intervention years.
The largest concern regarding scalability is if schools in more rural
areas in Norway would be able to recruit teachers with the same

12 In future work we will investigate mechanisms by linking project data to test data
for the parents/guardians who consented to data linkage (89-93 %), allowing us to
study the effect of treatment dosage, small-group composition and school and teacher
characteristics, among other things.

3 In our ITT setting, each student received about 1,110 min of small-group
instruction yearly. The average group size was 5. A teacher-person-year constitutes
44,460 min (741 h) of lecturing.
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competence as those hired in treatment schools during the
experiment.

6. Conclusion

Our results show that lower dosage tutoring in mathematics for
primary school students can increase learning outcomes for stu-
dents of all ability levels, even without increasing overall instruc-
tion time. We find sizable effects on performance in
mathematics. Students in treatment schools increased their perfor-
mance on the national test by 0.06 of a standard deviation half a
year after the intervention.

The effect sizes are smaller than those in the high-dosage liter-
ature but larger than those in previous lower dosage experiments
(Fryer 2017; Nickow et al. 2020). Limited to experiments with
young students and mathematics, Smith et al. (2013) and
Gersten et al. (2015) report much stronger effects than we do for
young struggling students. The recent meta-analysis on tutoring
by Nickow et al. (2020) shows larger positive effects than reported
here, typically around 0.30-0.40 standard deviations. The majority
of the included programs are relatively high dosage and aimed at
low-ability students, where tutoring typically lasts between
10 weeks and a school year, involves one-on-one tutoring and is
catered for students who performed at or below a given threshold.
A weakness in much of the literature is that it is unclear what
activities students would have engaged in had they not been
tutored — implying that increased instruction time is a potential
confounding factor. Increased instruction time could either replace
recreational activities, other unfilled time or crowd out instruction
time in other subjects. In our study, instruction time is held con-
stant by design.

Our findings add to the tutoring and ability grouping literature
by showing that a pull-out strategy using small homogenous
groups in mathematics while keeping instruction time constant
can benefit all students. It is also worth noting that we find effects
of additional teacher resources on student performance in a
resource-rich context where previous research has shown no or
small effects of reduced student-teacher ratio (Leuven et al.
2008; Iversen & Bonesrgnning 2013; Falch et al. 2017; Leuven &
Lokken 2018; Haaland et al., 2021, Borgen et al. 2022). This makes
our study particularly relevant for policy-makers seeking addi-
tional teaching resources to target a heterogeneous student popu-
lation efficiently.
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