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Introduction

Talking Time®© is an oral language development intervention aimed at children aged 3 to 5.
The intervention is designed to provide high quality professional development to early years
practitioners (Dockrell et al., 2010). The training provided will enable practitioners to deliver
structured activities in the nursery setting to support oral language development. The
programme consists of engaging and structured small-group activities. Over a 20-week period,
children participate in two 15-minute sessions each week as part of the provision, focusing on
enhancing their communication skills through interactive methods. The intervention activities
are delivered to all children in the class or room where the intervention is being implemented.
Due to its focus on building staff expertise, Talking Time®© offers a sustainable approach to
improving pupil progress. Through professional development, the aim is to gradually decrease
reliance on the provided programme materials, so that practitioners are empowered to adapt
the plans and prompts provided, plan activities of their own; and ultimately adapt and embed
the programme into regular classroom practice.

Talking Time®© consists of two components: a professional development programme for
practitioners in early years settings, and structured activities delivered by the practitioners to
small (up to 5 children), mixed-ability groups of children. Two practitioners in each setting are
identified as Talking Time®© leads and are responsible for delivering the majority of sessions.
After initial welcome visits to settings a team of trainers-mentors delivers a professional
development package, which consists of:

o 3 twilight training sessions, provided to all staff delivering the programme, which
introduces practitioners to each of the activities that form part of Talking Time®© and
the language-supporting strategies which underpin them

¢ 4 in-class mentoring sessions for the Talking Time®© leads to support implementation
and skill in language-supporting interactions, along with three online mentoring
sessions for each team's pedagogical leader to support longer-term leadership,
planning, and adaptation.

¢ aweekly individual professional reflection by practitioners

Settings are also provided with a manual that includes flexible plans, and conversation
prompts for each activity, as well as ideas for wider classroom activities to reinforce learning.
In addition, settings receive five picture books and a starter pack to support the implementation
of activities. In the final weeks of the programme, it is expected that practitioners will plan the
activities independently.

The timetable for the professional learning component is closely linked to the timetable for
programme implementation in the classroom. This means practitioners are prepared and
supported to introduce and embed each of the three Talking Time®© activities at the relevant
point in the programme.

During the programme, the Talking Time®© Leads implement three types of playful, structured
small-group activities:

e Story Conversations: shared storytelling and conversation using the illustrations in
storybooks as prompts

o Word Play: games and guided role play designed to develop vocabulary breadth and
depth through meaningful experiences

e Hexagons: narrative discussion and retelling based on photos of real situations and
routines



The programme is designed to promote children’s language skills. Sensitive and responsive
adult-child oral language interactions, such as those promoted by Talking Time®©, can improve
children’s language skills by increasing the diversity and complexity of language in early years,
by talking “with” children rather than “to” children, and through a gradual transition from
contextualised to decontextualised conversations (Rowe and & Snow, 2020; Rowe, 2022).
Suchinteractions should occur within small groups in supportive learning environments (Morra
Pellegrino and & Scopesi, 1990; Hassinger-Das et al., 2017), and should be guided by trained
staff to support children’s language growth (Dockrell et al., 2017).

Children from more disadvantaged backgrounds on average perform more poorly in
standardised assessments of language skills (Nelson et al. 2011, Law et al., 2018). Attending
school in a socially and economically deprived neighbourhood may affect language
proficiency, and there is evidence that children learning English as a second language are at
some risk of literacy difficulties (August & Shanahan, 2006; Kieffer, 2008). This can have
important consequences for the remainder of their education throughout the school system.
While Talking Time®©is a universal intervention (delivered to all childrenin the target age range
within a setting), it is expected to particularly benefit disadvantaged children, given the typically
higher prevalence of oral language needs among this group. Children eligible for the Early
Years Pupil Premium (EYPP), and children with English as an Additional Language (EAL), are
relevant sub-groups of analysis of our study.

The study is an efficacy trial of the Talking Time© programme to provide evidence for what
works to support oral language development of young children, particularly disadvantaged
children.

The primary research question that this impact evaluation is designed to address is:

RQ1. What is the impact of Talking Time© on children’s oral language skills as measured by
a composite index of expressive vocabulary (Renfrew Expressive Vocabulary test) and of
Information and grammar abilities (Renfrew Action Picture test)?

The following sub-questions of this (RQ1) primary research question will also be explored:

RQ1a. What is the impact of Talking Time®© on oral language skills of disadvantaged
children that are eligible for the Early Years Pupil Premium (EYPP)?

RQ1b. What is the impact of Talking Time®© on oral language skills of children with
EAL?

The secondary research questions of the study are:

RQ2. What is the impact of Talking Time®© on different aspects of children’s oral language
skills as measured by the subtests of Renfrew Expressive Vocabulary Test, Renfrew Action
Picture Test and the sentence repetition assessment from the GAPS test?

The following sub-questions of this (RQ2) secondary research question will also be explored:

RQ2a. For EYPP children, what is the impact of Talking Time®© on different aspects of
oral language skills, as measured by the subtests of Renfrew Expressive Vocabulary
Test, Renfrew Action Picture Test and the sentence repetition assessment from the
GAPS test?



RQ2b. For children with EAL, what is the impact of Talking Time on different aspects
of oral language skills, as measured by the subtests of Renfrew Expressive Vocabulary
Test, Renfrew Action Picture Test and the sentence repetition assessment from the
GAPS test

RQ4. How does the impact of the intervention vary with compliance?

The project is delivered within a larger initiative by the Department for Education’s Stronger
Practice Hubs (SPH), which focuses on evidence-based development in early years
education. The goal of the study is to support education recovery following the pandemic,
while also generating evidence on effective professorial development in the early years.

Participant selection

Setting level

The trial was open to state-maintained and private, voluntary, and independent early years
settings (PVIs). Settings could only take part in one SPH programme for the 2024-2025
academic year and could not be involved in another trial that included the same children and
outcomes of interest. Settings involved in other SPH-funded programmes, including the control
groups for trials such as Early Talk Boost, The One Programme, Early Years Conversation
Project, Concept Cat, or Communication Friendly Settings, were not eligible to participate in
Talking Time.

The delivery team recruited settings from five geographic regions: North-West, Yorkshire &
Humber, West Midlands, East of England, and London. The delivery team paid efforts to recruit
settings from disadvantaged areas in terms of a high percentage of children with EAL or
eligible for EYPP (since information on current EYPP status of children was not yet available,
the team relied on records from previous years).

A total of 130 settings were recruited from selected local authorities across the four regions.
After some withdrawals, 123 settings ultimately joined the study. Table 1 presents the number
of settings recruited in each region alongside the number that would have been recruited
proportionally to the regional population size. This comparison is provided for illustrative
purposes as the sample was not designed to be representative of the regional population
distribution.

Table 1 Number of settings by region

Region Proportion of Population-based | Actual recruited settings
study population number of
settings

London 0.26 32 22
North-West (inc. Y&H) 0.38 46 31

East of England 0.19 23 32

West Midland 0.18 22 38

TOTAL 1.00 123 123

Child level

Parents or carers were provided with a parent information sheet and with a consent form. Only
children whose parents/carers signed the consent form were included in the baseline
assessments. Settings distributed and collected consent forms from parents and confirmed
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the consented status of each child through a data collection form shared with the evaluation
team. Settings handed out consent forms to all parents of attending children. Settings handed
out an average of 23 forms and received an average of 18 signed copies. The average return
rate of consent forms per setting was 83% (for the 117 settings that kept a record of the forms
sent and received).

There was no eligibility criteria related to SEND status, although it should be noted that both
settings and assessors found it challenging to include children with SEND in the study. The
data collection provider reported that children with SEND often completed the assessment
with great difficulty, and setting staff often recommended not assessing them. Children with
SEND are therefore likely to be under-represented in our study.

Finally, we set the minimum setting size to 5 consented children, and we did not conduct
assessments in settings with fewer than 5 consented children. Because of the consent process
and because some of the recruited nurseries were very small, some settings had very few
children eligible for the intervention. In principle, settings with only 2 or 3 children could be
included in a study. However, there are practical reasons for not doing so, as there are fixed
costs in conducting assessments in a setting and it is not efficient carrying out very few
assessments in a cluster. Statistical theory suggests that fewer than 5 observations per cluster
lead to poor variance estimation when using mixed models (Eldridge et al., 2006). We
therefore decided to use a minimum threshold of 5 children per cluster for inclusion in the
study, although it must be noted that the occurrence never materialised.

In many EEF studies a 15-hour per week attendance threshold is used as an eligibility criterion.
Children attending fewer than 15 hours per week are typically excluded from both the
intervention and the evaluation. The criterion reflects the minimum free childcare entitlement
provided by the government, and is used to focus the evaluation on children that do not receive
other types of childcare. In addition, the MOU signed with the settings for the study requested
that they facilitate obtaining parental consent from at least five children (aged 3-4 years)
attending 15 hours or more of provision per week.

However, since the programme is delivered to the entire classes, excluding individual children
based on attendance would have been impractical and it would have been difficult to exclude
children based on attendance. We decided not to apply the eligibility criterion to the evaluation
for the following reasons:

e Many settings were unable to provide data on expected children attendance at the time
assessments were conducted
¢ Attendance data are often inaccurate due to fluctuating patterns and inaccurate

reporting. Applying the criterion could have led to significant inclusion and exclusion
errors.

¢ One of the study’s core research questions is to understand how the impact of the
intervention varies by attendance level, a question that could not be explored
effectively if an attendance-based eligibility cut-off were imposed.

Although the delivery team made efforts to recruit settings in disadvantage areas, it became
apparent at the time of conducting the baseline assessments that only few of the consented
children were eligible for EYPP. We therefore decided, in settings with more than 15 children,
to randomly select 15 children for the assessment after giving higher probability of selection
to EYPP children. The probability of selection was set in such a way that the proportion of
EYPP in the setting should correspond to the proportion of EYPP recorded in previous years.



Design overview
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randomised controlled trial with
random allocation at the setting level

Setting

Six geographic areas (East of England (North), East
of England (East), London, North West, West
Midlands, Yorkshire and the Humber)) and setting
type (maintained or Private, Voluntary, Independent
(PV1))

Oral language skills

A composite standardised index of Expressive
vocabulary — Renfrew Expressive Vocabulary (REV)
scored from 0 to 100 (Renfrew, 2023) and of
Information and Grammar — Renfrew Action Picture
Test (RAPT) Information scored from 0 to 41,
Grammar scored from 0 to 39, (Renfrew, 2019)

Sentence repetition
Expressive vocabulary
Information

Grammar

Eal N

Sentence repetition score component of the

Grammar and Phonology Screening test

(GAPS) scored from 0 to 11 (Gardner et al.,

2006).

2. Renfrew Expressive Vocabulary (REV)
scored from 0 to 100 (Renfrew, 2023).

3. Information — Renfrew Action Picture Test
(RAPT) scored from 0 to 41, (Renfrew, 2019).

4. Grammar — Renfrew Action Picture Test

(RAPT) scored from 0 to 39, (Renfrew, 2019).

Oral language skills

A composite standardised index of Expressive
vocabulary and information and grammar abilities
(Renfrew Expressive Vocabulary (REV) scored from
0 to 100 (Renfrew, 2023) and of Information and
Grammar — Renfrew Action Picture Test (RAPT)
Information scored from 0 to 41, Grammar scored
from 0 to 39, (Renfrew, 2019))

Sentence repetition
Expressive vocabulary
Information

Grammar

Rl

Sentence repetition score component of the
Grammar and Phonology Screening test
(GAPS) scored from 0 to 11 (Gardner et al.,
2006).

2. Renfrew Expressive Vocabulary (REV)
scored from 0 to 100 (Renfrew, 2023).




3. Information — Renfrew Action Picture Test
(RAPT) scored from 0 to 41, (Renfrew, 2019).

4. Grammar — Renfrew Action Picture Test
(RAPT) scored from 0 to 39, (Renfrew, 2019)

The trial was designed as a two-arm, setting-level randomised trial, where the settings are the
units of randomisation. We randomised settings to either the intervention or to the control
condition with equal probability of 50%.

We randomised the settings within 11 strata consisting of 6 geographic regions (London, North
West, Yorkshire and Humber, East of England (North), East of England (East), and West
Midlands) split by PVI status (in one of the strata there were no PVI and therefore we end up
with 11 strata rather than 12). This deviates from the protocol in which there were 5 regions
rather than 6. The delivery team requested that the East of England should be further divided
into North and East subregions because this would help project delivery from a logistical
perspective. This led to some very small strata, and in order to maximise balance between
arms we decided to adopt a restricted randomisation procedure (Hayes & Moulton, 2017),
which is described in Appendix 2.

We performed randomisation in the week of the 4" November 2024. This is the week before
the beginning of the intervention, which started officially on the 11 of November 2024. A total
of 123 settings were randomised, of which 62 were assigned to the intervention group and 61
to the control group not receiving the intervention (details of the randomisation procedure are
in Appendix 2). The evaluation Pl conducted the randomisation and shared the results with
the delivery team to check consistency with the agreed geographical distribution of the
settings. The delivery team communicated the outcome of randomisation to the settings the
week after it was conducted.

The primary outcome of this efficacy trial is oral language skills. Oral language is a
multidimensional general construct that cannot be fully captured through a single measure.
Language competency encompasses several components including grammar, vocabulary,
phonology, and narrative discourse (Massonnié et al., 2022). The intervention targets oral
language development across these domains, with the exception of phonology. While
examining each component separately provides valuable insights into which specific skills are
enhanced by the intervention, its overall effect on language competency can only be asserted
using a measure that integrates these multiple dimensions.

We use therefore a composite index of independent assessments of expressive vocabulary
and expressive language skills.

e Expressive vocabulary is measured using the Renfrew Expressive Vocabulary Test
(REV) (Renfrew, 2023). The test evaluates a child's ability to correctly name pictures
of words arranged by difficulty level. In our pilot the test took an average of 7:55
minutes to complete. The results are scored from 0 to 100.

o Expressive language skills are measured using the Renfrew Action Picture Test
(RAPT) (Renfrew, 2019). RAPT assesses children’s grammar skills by asking them to
describe a series of illustrated scenes, incorporating words, verbs, and increasingly
complex grammatical structures. The children’s grammar outcome provides a proxy
for quality of connected speech and is scored between 0 and 39. RAPT also measures
the amount of relevant information conveyed by the children and their ability to
describe actions and details in the pictures. The information score provides an
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additional measure of vocabulary knowledge and is scored between 0 and 41. In our
pilot, the test took an average of 4 minutes to complete.

The two Renfrew assessments take altogether about 15 minutes to complete and were
selected to capture the impact of the intervention on different language skills. More specifically,
vocabulary is targeted by the Word Play games; comprehension is targeted by the Story
Telling sessions; and narrative skills are targeted by the Hexagons sessions. Plans to
administer an additional test -the Renfrew Bus Story assessment (Renfrew, 2010) a reduced
version of the same test called “Narrative Task” — were dropped after a pilot testing showed
that most children were not able to answer the questions. The pilot also revealed that the
assessments results were difficult to score without access to a recording on the assessment.
We therefore decided to audio-record all the assessments to allow the assessor to more
accurately score the results. This in turn led to the need to obtain parental consents from
parents, which had important implications in terms of logistical implementation and sample
size.

There is no established theory to guide how different indicators of oral language—each
representing a distinct dimension—should be combined, and we cannot assign weights to
these components based on prior knowledge. Therefore, we will use Principal Component
Analysis (PCA) to extract the main underlying factor from the various indicators. This principal
component will serve as the basis for constructing an index of oral language skills. PCA is
specifically designed to uncover latent constructs, making it particularly suitable in situations
like this, where the relative importance of different components is unknown.

The three components of the two Renfrew tests are strongly and linearly correlated to each
other as shown in the correlation matrix of Table 2 and in the scatterplot matrix of Figure 1.

Table 2 Correlation matrix of the Renfrew assessments

Exp. Voc. (REV) Exp. Lang. Exp. Lang.
information grammar
(RAPT) (RAPT)
Exp. Voc. (REV) 1
Exp. Lang. information (RAPT) 0.7360 1
Exp. Lang. grammar (RAPT) 0.6851 0.8583 1




Figure 1 Scatterplot matrix of the Renfrew assessments
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We constructed a composite index of the Renfrew assessments using Principal Component
Analysis (PCA) applied to the baseline assessment data. Table 3 presents the eigenvalues
and the proportion of variance explained by each component. The first principal component
accounts for 84% of the total variance, providing a strong summary measure of the three
assessments.

Table 3 Principal components of the Renfrew assessments

eigenvalues proportion of cumulative
variance explained
Component 1 2.52 0.84 0.84
Component 2 0.34 0.11 0.95
Component 3 0.14 0.05 1.00

We then standardised the Renfrew assessments to have a mean of zero and a standard
deviation of 1. We estimated the following factor loadings/weights for the first principal
component: 0.55, 0.60, 0.58. We applied the weights (these are the same as the loadings in
this case) to the three standardised scores to obtain an overall PCA score. Since the weights
are very similar to each other, the PCA index is very similar to the arithmetic mean. The two
are nearly identical with a correlation of 0.97. The chart of Figure 2 shows the distribution of
the PCA index. The index is normally distributed, except at the lower tail, where there are more
extremely low scores than a normal distribution would predict.
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Figure 2 Distribution of the PCA composite index of oral language at baseline
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The secondary outcomes of the study are oral language skills measured in their various
dimensions by the Renfrew assessments described above, and by the Grammar and
Phonology Screen test (GAPS) sentence repetition scale (Gardner et al., 2006). GAPS is
designed for children aged 3 years and 4 months to 6 and a half years. It evaluates
fundamental grammatical skills across sentences and words. The test can be administered by
both professionals and non-professionals, typically taking 5 to 10 minutes to complete. During
our pilot it took an average of 5:20 minutes to complete.

In our study we will only use the Grammar component of the assessment (sentence repetition),
because phonology is not targeted by the intervention. The grammar component of GAPS
includes 11 questions. The child is asked to repeat a short series of sentences after the
administrator’s prompt, with the support of a visual aid booklet story. The test is scored from
0to 11.
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Sample size calculations overview

0.17 0.29 0.20 0.36

0.40 0.40 0.40 0.40

| | 0.10 0.10 0.10 0.10
0.05 0.05 0.05 0.05

0.80 0.80 0.8 0.8
Two-sided Two-sided

15 3 13 2

65 65 62 62

| | 65 65 61 61
130 130 123 123

975 195 977 168

| | 975 195 946 175
1,950 390 1,923 343

The sample size calculations were conducted with Optimal Design Version 3.01, assuming a
significant pre-post intervention correlation, and a moderate correlation between pupils within
settings. More specifically the assumptions and parameters were the following:

Intervention and control groups of equal size

A statistical level of significance (a) of a two-tail test in the difference between means
of 0.05

Statistical power (B) of 0.80 (representing 80% of chances of finding a statistically
significant effect if there is indeed an effect)

A pre-post intervention correlation between assessment scores of 0.40 (in accordance
to results of EEF research (Singh et al., 2023), which found the correlation between
pre and post-test English assessments in Early Years Foundation Stage and Key Stage
1in the range 0.43-0.63 using the NPD data, and in the range 0.54-0.88 using the data
from past EEF-funded trials - we adopt the most conservative of these estimates)

An intra-cluster correlation coefficient (ICC) of 0.10 (EEF research suggests an ICC in
early years trials at around 0.06 for studies where English is the outcome measure
(Singh et al., 2023) - we adopt a more conservative value of 0.10)

The protocol assumed a 25% sample loss due to attrition and missing values that would
reduce the sample from 20 observations per setting to 15 observation per setting (of
which 3 EYPP).
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e A proportion of children eligible for EYPP of 20% (in 2023, 14 per cent of children aged
3-4 old not in reception were in receipt of EYPP (DfE, 2023), which we increased to
20% to account for the targeting of disadvantaged areas at recruitment stage)

This set of assumptions delivered a minimum detectable effect size (MDES) of 0.17SD for the
whole sample and of 0.29 for EYPP children at protocol stage. The study was therefore
reasonably powered to detect an impact of the intervention in the recruited settings, but it was
not sufficiently powered to detect an impact on the EYPP subgroup. The study was also able
to withstand the loss of a significant number of settings. At protocol stage we estimated that a
10% setting level drop-out rate (equivalent to 13 settings) would result in an MDES of 0.20, a
20% drop out rate (26 settings) would result in an MDES of 0.22, a 30% drop out rate (39
settings) in an MDES of 0.23.

Active recruitment started on 29" January of 2024 and officially ended on 29" July 2024.
Recruitment was extended over the period from August to September 2024 to allow for the
replacement of early withdrawals. A total of 2,412 settings were approached to take partin the
study. Of these, 644 settings attended webinars to share information on the project, which
reflect initial interest in the intervention. Of these 316sent an expression of interest for
participating in the programme and 140 signed a memorandum of understanding. However,
17 settings withdrew from the study by the time data collection started in mid-September 2024.
Ultimately, 123 settings shared their pupil data with the evaluation team and joined the study.
Of these, 97 were maintained settings and 26 were PVIs. In addition, the average number of
children per setting turned out to be 13, rather than 15, as assumed at protocol stage. This
implies a reduction in the sample of 18% between protocol and randomisation.

After randomisation we applied the same assumptions used at the protocol stage to the new
sample. The power calculations delivered an MDES of 0.20SD for the overall sample and
0.36SD for the EYPP eligible group. This indicates that the study is adequately powered to
detect an impact on the overall sample, but it is not adequately powered to detect an impact
on the sub-sample of EYPP children. The study is also sufficiently powered to withstand setting
dropouts, as the MDES would only marginally increase. We estimate that a loss in settings by
10% (equivalent to 12 settings) would increase the MDES to 0.21SD, a loss by 20% (equivalent
to 25 settings) would increase MDES to 0.22, and a loss by 30% (equivalent to 37 settings)
would increase MDES to 0.24.

The size of the sample is likely to be smaller at the end of the evaluation because of further
missing data at the follow-up, and because of attrition between the two waves. The chart in
Figure 3 shows that 10 children per setting represent a critical threshold for our study. Fewer
than 10 children per setting would not be able to detect an impact smaller than 0.20 SD. On
the positive side, the power estimates presented here are conservative in two ways. First, we
assumed no effect by blocking variables. However, the sample was stratified by region, and it
is likely that the regional stratification explains some of the variation in test scores, thus
improving the precision of the estimates. Second, test scores are computed using audio
recordings to improve the quality of the data. Data quality improves statistical power in two
ways. First, a lower measurement error implies a smaller sample standard deviation and
therefore implies a larger detectable effect size (which is expressed in terms of standard
deviation units). Second, a lower measurement error also implies a stronger correlation
between pre- and post-intervention assessments, which in turn implies a higher statistical
power.
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Figure 3 MDES by setting size
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Analysis

In this section, we outline our statistical approach to the analysis. In both the primary and
secondary outcome analyses, we will estimate the intention-to-treat effect (ITT) of the
intervention, i.e. the average impact of the intervention on the population, regardless of
programme compliance or treatment dosage. All children assessed at baseline will be included
in the analysis, whether or not they actively participated in the intervention or dropped out
during implementation. Methods for analysing the impact of the intervention with imperfect
compliance are discussed in the “Compliance” section.

Primary outcome analysis

To address the primary research question (RQ1), we will estimate a multi-level model of oral
language skills We will assess the impact of the intervention on a standardised composite
index of the Renfrew tests by comparing the changes in scores over time between the
intervention and the control groups, using an ANCOVA (analysis of covariance) model, in
which the post-intervention assessment scores are regressed against the pre-intervention
assessment scores. The model includes only the pre-intervention assessment scores, the
treatment indicator, and the strata indicators. In the robustness analysis section below, we
present a “saturated” model including some pre-intervention characteristics at the child level
and at setting level (Rubin, 2008).

We will estimate the effect size using a multi-level random intercept model. This model is
preferable to the OLS fixed effects model discussed in the protocol, because the OLS model
does not control for unobserved heterogeneity between clusters.

The multi-level random intercept model is:

Vit = B1Vuie_y +B2Tui + 212, vsSsi + ay + €, (1)
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Y.t is the test score of child i in setting u at the endline t

B1 is the correlation between the scores for the same child before (t.;) and after

the intervention ()

o T, is treatment status for child j in setting u (T=1 if the child is in the intervention
group)

e [3; isthe estimated impact of the intervention

e S, areindicators for the strata used at randomisation

a, are setting-level random-effects

£, 1s a child level error term

The output of the model is divided in two parts (see Appendix 4 for various examples). The
first part includes the fixed effects: the coefficient estimate of the pre-intervention assessment
score (B1), the coefficient estimate of intervention variable (f2), and 10 coefficients of the
stratification variables (y,). The second part of the output reports the random effects, which
include an estimate of the variance of baseline test scores across settings (the random
intercept), and an estimate of the variance of scores within settings.

In model (1) the outcome is a composite index of the REV and RAPT assessments For the
analysis we use the simple arithmetic mean of the Renfrew test scores at both baseline and
follow-up, rather than the PCA index. As shown in the Design overview section, the PCA index
produces results that are nearly identical to the arithmetic mean. Using the mean also avoids
the complication of outcomes being measured on different scales at baseline and follow-up
when relying on PCA.

Secondary outcome analysis

In the secondary outcome analysis, we will estimate the impact of the intervention on the
GAPS score and on the individual Renfrew test scores (REV and RAPT). We do not
standardise the scores at this stage (we discuss standardisation of the effects of the
intervention in the “effect size calculation” section). The analysis of the secondary outcomes
will be carried out in the same way as the analysis of the primary outcome. We will use the
multi-level random intercept:

Yuit = Blyuit_l + BZTui + 2150=1 ysSsi + ay + Eiy (2)

Where:

Yyuir 1S the test score of child j in setting u at the endline ¢

B1 is the correlation between the scores for the same child before (t.;) and after

the intervention (f)

e T, is treatment status for child i in setting u (T=1 if the child is in the intervention
group)

e [, isthe estimated impact of the intervention

e S, areindicators for the strata used at randomisation

e q, are setting-level random-effects

e ¢ is achild level error term

We will separately assess the impact of the intervention on the REV and RAPT and GAPS
scores using model (2). As mentioned, oral language is a multidimensional construct, and
different components of the intervention target distinct aspects of language. This analysis will
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help identify which specific skills were most positively influenced by the intervention. Moreover,
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because the activities in the Talking Time programme focus on different language domains,
this approach will also shed light on which activities are most effective in improving particular
aspects of oral language.

Subgroup analyses

Children from more disadvantaged backgrounds on average perform more poorly in
standardised assessments of language skills (Nelson et al. 2011, Law et al., 2018). Attending
school in a socially and economically deprived neighbourhood may affect language
proficiency, and there is some evidence that children learning English as a second language
are at some risk of literacy difficulties (August & Shanahan, 2006; Kieffer, 2008).

As detailed in the protocol, this efficacy study has two further research questions concerning
the impact of Talking Time© on children’s oral language skills for two subgroups:

o Whatis the impact of Talking Time®© on oral language skills of disadvantaged children
that are eligible for the Early Years Pupil Premium (EYPP)?

o Whatis the impact of Talking Time®© on oral language skills of children with EAL?

For conducting the subgroup analyses we will adopt two approaches: 1. Estimating the
intervention’s impact separately for children within and outside the subgroup, and 2. Estimating
the impact of the intervention by including an interaction term for subgroup status. In both
cases, we will apply the same model specification used for the primary analysis, which is a
random-effects model with both random intercepts.

The model specification for each approach is described below.
1. Separate regressions

We will estimate the following equation separately for children within the subgroup and
outside the subgroup h:

10 .
Yuit = lglyuit_l + ﬁZTui + Z s=1 VsSsi + ay + Eiu if Subgroup=h(0, 1) (3)

o vy, is the test score of child i in setting u at the endline t

B1 is the correlation between the scores for the same child before (t;) and after

the intervention (f)

e T, is treatment status for child j in setting u (T=1 if the child is in the intervention
group)

e [3; isthe estimated impact of the intervention

e S areindicators for the strata used at randomisation

a, are setting-level random-effects

£, 1s a child level error term

2. Interaction term model:

In the interaction term model, we will use the full sample of children in the study, including
an indicator for subgroup status and the interaction of subgroup status and intervention
assignment, as shown in the equation below:

10
Vuit = B1Yuit_y t B2Tui + X s=1VsSsi + 015ubg; + dpsubg; * Ty + ay + & (4)
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Where:

oy, is the test score of child i in setting u at the endline ¢

e [ is the correlation between the scores for the same child before (t.;) and after
the intervention ()

e T, is treatment status for child j in setting u (T=1 if the child is in the intervention
group)

e [3; isthe estimated impact of the intervention

e S, areindicators for the strata used at randomisation

e subg; is subgroup status for child i (subg;=1 if the child is either eligible for EYPP
or with EAL)

e subg; * Ty; is the interaction between subgroup status and treatment status

a, are setting-level random-effects

£, is a child level error term

A coefficient (9;) for the interaction term that is statistically different from zero implies that the
impact of the intervention is different for that specific subgroup. The impact of the intervention
for the subgroup is also reported by the coefficient 8, in model (3). In principle, the impacts for
the subgroup effects estimated by the two models should be similar and:

Baz(modei)y = B2imodeld) T 02models

However, the results of the models (3) and (4) can be different when using multi-level models
because the subgroup-specific models use the random-effects structure specific to the
particular subgroup. In general, the results of model (4) are preferable and include all
information needed to estimate the impact of the intervention on the subgroup.

Additional analyses

Robustness analysis

In our robustness analysis we will compare the results of the multi-level random intercept
model (1) to an OLS model and to the multi-level random intercept and random slope model.
We will estimate an OLS model with fixed effects, which is widely used in the literature and
that was originally proposed in the protocol. This model offers a useful benchmark to which
compare the results of the multilevel model.

The OLS model with clustered standard errors is:

Yuit = .Blyuit_1 +ﬁ2Tui + 210 VsSsi + Ey (5)

s=1
where:

o vy, is the test score of child i in setting u at the endline ¢

B1 is the correlation between the scores for the same child before (t.;) and after

the intervention (f)

e T, is treatment status for child i in setting u (T=1 if the child is in the intervention
group)

e [3; is the estimated impact of the intervention

e S are 10 indicators for the strata used at randomisation
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&, is a child level error term
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The multi-level random intercept and random slope model is:

10
Yuit = ,Blyuit_l + BTy + % s=1VsSsi t+ ay + T + &y (6)

e v, is the test score of child i in setting u at the endline ¢

e i1 is the correlation between the scores for the same child before (t.;) and after
the intervention (f)

o T, is treatment status for child j in setting u (T=1 if the child is in the intervention
group)

e [3; is the estimated impact of the intervention

o S are 10 indicators for the strata used at randomisation

e , are setting-level random-effects

o q,T are interactions between the random intercept and treatment status

£, 1s a child level error term

While the random intercept model (1) assumes that project effects do not vary across settings,
the random slope model (6) allows the slope to vary across settings. The random slope model
allows the impact of the intervention to vary across settings, which may happen, for example,
as a result of differences in implementation or in the characteristics of the population. For
example, settings have different capacity to implement the interventions, and different
population groups may respond in different ways to the intervention.

The output of the random slope model (6) is divided in two parts (see Appendix 4 for various
examples). The first part includes the fixed effects: the coefficient estimate of the pre-
intervention assessment score (B1), the coefficient estimate of intervention variable (52), and
10 coefficients of the stratification variables (y,). The second part of the ouputs reports the
random effects, which include an estimate of the variance of baseline test scores across
settings (the random intercept), an estimate of the variance of the project effects across setting
(the random slopes, i.e. the interaction between the treatment status and settings), and an
estimate of the variance of scores within settings. To compare model 1 and model 5 we will
conduct alikelihood ratio test to assess whether the random slope and random intercept model
(6) is to be preferred to the simple random intercept model (1) (see the example in Appendix
4).

Finally, we will run “saturated” versions of the models 1 through 6 to include pre-intervention
child-level and setting-level characteristics:

Yuit = B1Vuie_y +B2Tui + B 21 VsSsi + Xy OcXuie_y + joq 9250, + 0 + en (1a)
Yuit = B1Yuie_y +B2Tui + 21 VS + ey OuXpie_y + o1 9jZjie, + Qu + € (2a)
10 n m

Yuit = B1Vuit_y T B2Tui + 2 VsSsi+ 2 01 Xpiv_, + 20 Zjie_ + oy + &y
s=1 .
k=1 j=1

if subgroup=h(0,1) (3a)

10 n
Vuit = B1Yuit_, + B2Tui + X s=1VsSsi + 015ubg; + dpsubg; * Ty + Xg=1 O Xkie_, +
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0,Z;

t-1

i + ay, +
Eiu

(4a)
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yuit — ﬁlyuit_l +ﬁ2Tul + 210 YSSSi + Zn Bkait—l -|— ]":11 0ijit—1 + Slu (58)

s=1 k=1
Yuit = BVuiey +B2Tui + 10 vsSs+ay+a T +30  OXpe , + j2q 9Zji, + u (6a)
s=1 k=1

where coefficients and variables have the same meaning as in the models from 1 through 6
with the inclusion of:

e Xy, are n child-level variables recorded at the baseline: age in months, gender,
EYPP status, and EAL status. These variables are predictors of test scores and
were employed in our restricted randomisation. Age, gender, and EYPP/EAL were
collected from the settings at the baseline

e Z;; ,are msetting-level variables recorded at the baseline. They include the IDACI
index" and an indicator of staff capacity.

The goal of including these additional variables is to improve the balance between the units
assigned to the project and to the control group, and to increase the precision of the estimates
(Rubin, 2008).

Eligibility threshold

At baseline, settings were asked to complete a spreadsheet detailing each child’s expected
attendance by day and session (morning/afternoon). At the endline, they will be asked to
update this information. In addition, the delivery team will collect attendance data specifically
related to Talking Time®© sessions. This attendance data will be used to conduct additional
robustness analyses. We will report the estimated effects of the intervention on the primary
outcomes for the subgroup of children meeting the 15-hour per week attendance threshold
and compare the results to those obtained for the full sample.

Imbalance at baseline

We will assess baseline balance by comparing the means of continuous variables
(standardised when required) and percentages of binary variables of: primary outcomes and
other setting-level and child-level characteristics. We will report count and percentages in the
case of categorical variables and means and standard deviations in the case of continuous
variables. In the case of dichotomous variables, we will report the per cent difference between
the means in the two arms. In the case of continuous variables, we will report the standardised
difference in the means between the two arms. We will calculate standardised scores using
the pooled standard deviation:

saI(nl—l) Fsainz—1)
_ 2
Sdpoo led — \/

(7)

ni+ny—2

' The IDACI index is an area-level index of economic disadvantage. It is produced by The Ministry of

Housing, Communities and Local Government (MHCLG) and its most recent release was in 2019. It is

calculated for small geographical units which contain approximately 1,500 residents or 650 households.
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It measures the proportion of children aged 0-15 that live in deprived households in a given area.
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Where sdz1 and stZand ny and n, are the variances and the sample sizes of the project and

control group respectively. The standardised variables are computed as:

Sstdygr = =
var Sdpooled

We will then report the sample difference in the standardised scores and the standard error of
the difference.

We will use the table below (from the EEF Evaluation Report template) to report the results,
and we will include values for the following variables: child’s gender, child’s age, EYPP status,
EAL status, setting-level IDACI index, language screen score, and GAPS, REV, and RAPT
scores. The covariates were selected among the available child-level and setting-level data,
which predict the outcomes and that were used in our restricted randomisation.

Intervention group Control group
Setting-level  National-level
(categorical) mean
n/l\_l . CE)ount n/ N . Count (%) Difference
(missing) (%) (missing)
IDACI index
Setting-level n/N Mean n/N Standardised
(continuous) (missing) (SD) (missing) MEEI (B12) difference
Pupil-level n/N Count n/N o .
(categorical) (missing) (%) (missing) | Count (%) Difference
Female child
EYPP
EAL
Pupil-level n/N Mean n/N Mean (SD) Standardised
(continuous) (missing) (SD) (missing) difference
Child’s age in
months
GAPS score
REV score
RAPT score
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Missing data

We define missing data as data that we intended to collect but that for various reasons we did
not collect. In this section, we focus on missing data related to the outcome variable (test
scores) at either baseline or endline, as this is the most likely source of missingness. In
contrast baseline setting covariates and demographic characteristics of children, such as age,
gender, EYPP and EAL status, are relatively easy to obtain and are not expected to be missing
in significant numbers.

We identify two problems with missing data:

e Statistical power. Missing data reduce sample size and the statistical power of the study.
This is particularly true if the proportion of missing data is large. For example, a reduction
of the sample by more than 10% will have implications on the size of the minimum
detectable effect size.

¢ Internal validity. Non-random differences between the intervention and the control group
produced by missingness can lead to biased estimates of the project effect. For example,
if children eligible for EYPP are systematically missing from the intervention group, and if
EYPP eligibility is correlated with test scores, then the impact of the intervention will not
be correctly estimated.

In general, if the extent of missing data is very small (say under 5%), all the problems above
have a minor impact on the impact estimates. On the other hand, the larger is missingness,
the bigger the two problems above become. There is no general rule to tell what it is an
acceptable level of missingness, and for simplicity, we will use here the 5% threshold
recommended by the EEF (2022)

Datasets with missing data can be analysed and interpreted in different ways depending on
our knowledge or assumptions about the mechanism generating missingness. Normally a
distinction is made between three types of missing data (Rubin, 1976): missing completely at
random (MCAR); missing at random (MAR), and missing not at random (MNAR).

Data are MCAR, when the missingness is totally uncorrelated with the outcome variable. For
example, some assessors may be less efficient at conducting the tests and might complete
fewer tests in the allocated time. It is safe to assume that the allocation of assessors to setting
is uncorrelated with the outcome of the assessments. In this case the analysis of the data is
unaffected by missingness.

Data are MAR when there is an association between missingness and observable
characteristics, but after conditioning on these characteristics, missingness is random. For
example, missingness of post-intervention test scores could be related to EYPP eligibility, but
conditional on EYPP (that is within groups of EYPP and non-EYPP children) missingness is
random. In these circumstances the results of the analysis are potentially invalid, but we can
safely analyse the data if we are able to control for EYPP eligibility.

Data are MNAR when there is an association between missingness and unobservable
characteristics that are correlated with the outcome. For example, for some unknown reasons,
children in the intervention group that are expecting to perform poorly in the test, may
systematically refuse to be tested. In this case the impact analysis would overestimate the
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effect of the intervention, because poorly performing children would be systematically absent
from the intervention group. Since we cannot observe children’s expectations (or predict them)
we are not able to condition the analysis on the variables affecting the outcome as in the
MCAR case, and we need to employ more sophisticated methods.

Our approach to deal with missing data will depend on whether the missing data can be
defined as MCAR, MAR, or MNAR. Unfortunately, there is no test that can tell us whether data
are MCAR or MAR.

Concretely, we will start by assessing the extent of missingness in the data. If missingness is
larger than 5% we will follow two courses of action. The first consists of analysing the data to
discern any pattern in missingness. The second, depending on the type of missingness
identified, consists of adjusting the analysis under different assumptions about the
missingness of the data and then compare the results.

In relation to the first course of action we will do the following:

e Compute the number of missing cases at the baseline and at the endline for the
outcome variable

e Tabulate the reasons for not taking the assessment as reported by the assessor
conducting the assessment

o Compare the proportion of missing cases in the project and in the control group at the
baseline and at the endline

e |dentify variables correlated with missingness by running a logit regression of
missingness on relevant variables at the baseline and at the endline

P-) )=B +BT +3¥" B X (8)
1—P(y—1) 0 1 ui k=1 k kl

log (

Where:

e yis anindicator variable which is equal to 1 if the observation is missing and 0
otherwise

o Pisthe probability that the observation is missing

e T, is treatment status of child i in setting u, and f; is the change in the log-odds if
the child is in the treatment group

e X is a set of k child-level variables (gender, age in months, EYPP status, EAL
status) and setting-level variables (IDACI index)

If we find no correlations between the covariates and missingness, and if we find no
differences in missingness in the project and the control group, we may tentatively assume
that the data are MCAR. If we find a correlation between the covariates and missingness but
no differences in missingness between the project and the control group, we may tentatively
conclude that the covariates fully explain differential missingness, and that data are MAR. If
we find correlations between covariates and missingness, and differences in missingness in
the project and the control group, then we may tentatively assume that the data are MNAR. In
this case we will further explore the nature of missingness in the project and in the control
groups separately, to see whether the determinants of missingness differ in the two groups.
We will employ the following models, in which variables and coefficients have the same
meaning as those described in model (7).
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Y= +3» B X if treatment=1

lo P(y-1)
9 (1—P(y—1) 0 k=1 k ki
log ( P-D )= +X" B X if treatment=0
1-P(y—1) 0 k=1 k ki

After running the two models separately we can test whether the coefficients of the two models
are different one-by-one, and if they are all simultaneously different. If we find that the
coefficient estimates differ systematically between the project and the control group, we have
more reasons to tentative conclude that data are MNAR.

After conducting the analysis above we will treat the data as either MCAR, MAR, or MNAR
and we will carry out the primary analysis in the following way:

1. Assuming data are MCAR, we will carry out no adjustment and will simply omit the
missing cases from the analysis. We will delete cases with missing values and estimate
primary outcomes using the ANCOVA model (1).

2. Assuming data are MAR, we will omit the missing cases from the data, and we will
adjust the analysis conditioning for the variables determining missingness by including
these variables in model (1). In addition, we will employ multiple imputation (Rubin,
1996), using the available data to predict the missing observations, and thus exploring
the uncertainty of estimates resulting from missing data.

3. Assuming data are MNAR, we will employ a Heckman selection model (Maddala,
1983) to correct for the selection bias produced by the missing variables. We will adopt
this approach only after thoroughly assessing the plausibility of the MAR assumptions
as discussed above, and only if a valid instrument is found (see below). In addition, we
will conduct the sensitivity analyses recommended by Van Buuren for non-ignorable
models (2018).

The Heckman selection model is perfectly suited to address selection bias in datasets with
missing data (Mufioz et al., 2023). The model adjusts estimates for selection bias produced
by both observable and unobservable characteristics. It requires the estimation of two
equations. The first equation (the selection equation) estimates the probability of being in the
sample (not missing) given observed characteristics. The results of the selection equation are
employed to calculate an inverse Mills’ ratio. The second equation estimates the impact of the
intervention on the outcome including the inverse of the Mills’ ratio among the explanatory
variables. The coefficient of the Mill's ratio in the outcome equation, at a time tests the
presence of selection bias and corrects the estimates for selection bias.

The estimation of the selection equation is a key element of the Heckman model. The ability
to adjust for selection bias depends on our ability to explain missingness and to approximate
a random experiment (the ‘exclusion restriction’). To meet the exclusion restriction, the
selection model should preferably include at least one variable which is (preferably strongly)
correlated with missingness but uncorrelated with the outcome. This instrumental variable
introduces in the model an element of randomness that allows model identification.
Unfortunately, credible instrumental variables that meet the exclusion restriction are hard to
find. In our analysis we will explore the characteristics of data collection to identify potential
instruments, such as the day of assessment or the assigned assessors, that can be correlated
with missingness but not with the outcome.
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In the first step we estimate the probability that the observation is not missing using a probit
model (the selection equation):

n

P(yi=1) =Po+ f1Tui + X LiXki
k=1

Where:

¢ y; =1 ifthe observation is not missing and y; = 0 if the observation is missing

e T, is treatment status of child i in setting u, and B, is the change in probability of the
observation being missing if the child is in the treatment group

e X, is a set of child-level variables (gender, age in months, EYPP status, EAL status)
and setting-level variables (IDACI index) — the variables will ideally include a variable
that is correlated with missingness but not with the outcome (we will experiment with
assessors and day of assessment)

After estimating the model above, we use the predicted values to calculate for each
observation the inverse Mills ratio:

_9PE )
o (P (3% 1))

i

In the second step we estimate the multi-level outcome model:

Yuit = B1Vuie s + B2Tui+ B3di + X" BiXyiey + 21 ViZjiey, tau+ T + & (9)
k=1

Where the variables are the same as those included in the “saturated” models with the
inclusion of the inverse Mills ratio:

e vy, is the test score of child i in setting u at the endline ¢

e [31 is the correlation between the scores for the same child before (t.;) and after the
intervention (t)

e T, istreatment status for child iin setting u (T=1 if the child is in the intervention group)

e [3; is the estimated impact of the intervention

e J; isthe inverse Mills’ ratio obtained from the selection equation

e Xy:_,are n child-level variables recorded at the baseline: age in months, gender, FSM
status, EAL status.

e Zj;_,are m setting-level variables recorded at the baseline: the strata used at
randomisation, and the IDACI index.

e q, are setting-level random-effects
o ,T are interactions between the random intercept and treatment status
e ¢, is achild level error term

The inclusion of the Inverse Mills ratio tests the presence of selection bias due to missingness

in the data, and it adjusts the estimation of the impact of the intervention for selection bias due
to missingness.
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Floor effects

The administration of the RAPT and REV tests did not present any particular issues at

baseline. We examined the proportion of zero scores in the sample and compared these with

the proportion expected under a normal distribution (calculated as ® (O__”)). The observed and
o2

expected values are as follows: for RAPT information, 3.2% observed versus 2.4% expected:
for RAPT grammar 10.6% observed versus 8.6% expected; and for REV 2.3% observed
against 3.1% expected. These deviations are minor and suggest that the proportion of zeros
scores does not substantially depart from what would be expected under normality.
Importantly, these zero scores appear to be genuine and not the result of test termination by
the child or by the assessor. They are not censored observations. As such, we retained all
zero scores in the construction of the composite PCA index of the RAPT and REV
assessments, without applying any further adjustments.

On the other hand, the administration of the GAPS test proved difficult, and we collected data
with many zero values and missing values. This poses some serious of problems in terms of
statistical power, bias of the estimates, and data analysis. In the following we discuss how we
plan to address the issues related to floor effects in the GAPS tests

The administration of the GAPS assessment proved to be difficult, and many children were
not able to complete the test at the baseline. Figure 4 shows the completion rates for the three
assessments (GAPS, REV, and RAPT). Initially, a total of 1,923 children were selected for the
three assessments. However, only 1,545 completed the GAPS test (80.3%), 1,638 completed
the REV test (85.2%), and 1678 completed the RAPT test (87.3%). Reasons for not completing
the tests included: absence; the child having to leave; the child being distressed; the child
being disengaged; the child being unable to provide a verbal response; and child’s refusal.
Although child’s absence was a common reason for not completing the tests, child refusal and
inability to provide a response represented 47% of non-completion. Note that the overall
completion rate across the three tests was the lowest for the GAPS assessment, meaning that
several children took the REV and the RAPT test but struggled or refuse to take the GAPS test.
In other words, many of the missing cases for the GAPS test at this stage are likely to reflect
inability to answer the questions rather than random factors such as absence.

Some of the children that completed the tests obtained a score of zero. The fractions of
children with zero scores are relatively low in the case of the REV test (2.3%) and of the RAPT
test (3.2% for the information component of the test, and 10.6% for the sentence structure
component). However, the fraction of children with zero scores for the GAPS test is very large
(43.2%). There are two main reasons for this large fraction of zeros. First, the assessment
administrators were advised to adopt a stopping rule, whereby the GAPS test would stop in
case the child failed to provide a correct answer to the first three questions. There were 283
such cases corresponding to 18.3% of all children assessed, and explaining 42.4% of the zero
values. The remaining reasons for not completing the GAPS test included: child with EAL;
child struggle to complete; external distraction; child is shy; child with send. Among these
reasons, the child struggling to understand and to complete the test represents the largest
fraction of zero values, signalling that inability to answer the questions was a key factor on
non-completion. In all these cases the child failing to complete the test was assigned a score
of zero.
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Figure 4, flow diagram of assessment completion

Children that stopped taking the GAPS assessment or that did not complete the assessment
for the reasons stated above were assigned a score of zero. This score is censored because
it is unlikely that if the children had been given the opportunity to complete the test to the end
they would have scored zero. This is true for a) the children that struggled to take the test and
b) the children that stopped after failing three questions. Note that the GAPS assessment does
not increase in difficulty as it progresses, because it is designed to assess different
competencies. GAPS includes sentences that vary in length, grammatical difficulty, and
phonology to assess different dimensions of oral skills but are not arranged from easiest to
hardest. The ordering of the items is meant to sample a range of oral language skills across
the assessment. Hence, children that stopped after the third question could have obtained a
score larger than zero had they continued. The observed zeros in the GAPS test are therefore
mostly censored, in the sense that they reflect scores larger than zero in most cases.

Censoring of the GAPS score poses two potential problems to the estimation of the treatment
effects:

o Statistical power: in case we were to set the zero values to missing

e Bias: in case the treatment affects missing score in a way that is correlated with
the outcome

At the follow-up all children that completed at least one of the three assessments will be
assessed again using all three assessments. This comprises 1,705 children. We expect that
at the follow up fewer children will obtain zero scores in the GAPS test for two reasons. First,
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zero scores are strongly correlated with age. A regression of scores on age (in months) obtains
a coefficient of 0.25 suggesting that after 9 months the average score in the study sample
should increase by about 2 points (out of 11). A regression of the probability of scoring more
than zero on age (in months), obtains a coefficient of 0.03, suggesting that after 9 months at
least 25% of the children that scored zero at baseline should obtain a score larger than zero.
Second, at the follow up we will no longer employ the stopping rule, which accounted for more
than 40% of zero values at the baseline.

To plan the analysis of GAPS scores we consider two scenarios. In the first scenario follow-
up data include few zero scores, in the second scenario follow-up data include again many
zero scores. If the follow-up data include a limited number of zero scores, the estimation of
treatment effects is likely to be unbiased. Zero scores at the baseline (either because of the
stopping rule or other causes) are orthogonal to treatment assignment because at the time of
the baseline assessments, assessors and setting staff were unaware of treatment status. This
is illustrated in Table 5 which shows that the proportion of zero scores due to not completing
the test and to the stopping rule respectively are very similar in the project and in the control
group at baseline.

Table 4 Characteristics of GAPS assessments results

0.242 0.256
0.192 0.172
4.649 4.601
3.960 3.888
1.184 1.172
1.009 0.990

In the second scenario we collect a large number of non-zero scores at the follow-up. In this
scenario we have two options:

¢ Including all observations with zero values in the analysis without further
adjustments
¢ Using a model adjusting for censored observations

The first option is not desirable because it implies a reduction in sample size (the missing
values) and ignores censoring of the data (the zero values). We favour the second option
which uses the full sample and accounts for censoring. In particular, we will use a tobit model
(Greene, 2018). Tobit models are specifically designed for addressing censored observations
and can be easily employed within a mixed-effect model.

In a Tobit regression we model the outcome as arising from a latent continuous variable. The
tobit multilevel random intercept model is exactly like the random intercept model (1) but
applied to a latent variable y: ;.

y;it = ﬁlyuit_1 + BZTui +25121Vsssi tTay t+ &y (10)

Where the observed score is:
vy ,ifyy >0

Yuit = { uit L uit
0' if Yuit < 0
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Unlike OLS, which treats zeros as true observations, the Tobit model yields consistent
estimates by incorporating both the censored and uncensored parts of the likelihood function.

Compliance

The ITT analysis does not assess the impact of the intervention on children receiving the
intervention. Instead, it assesses the impact of the assignment to the intervention, regardless
of whether the child receives the intervention or not. If we are interested in the impact of the
intervention on children receiving the intervention, we need the estimate the conditional
average causal effect (CACE), also known as local average treatment effect (LATE). This is
the impact of the intervention on children that received the intervention after been offered the
intervention (the compliers).

The first step in estimating the CACE effect is defining compliance. Our definition is based on
the number of Talking Time®© sessions attended. The delivery team expected that a
meaningful impact of the intervention would require children to attend at least 50% of sessions.
Accordingly, we use 50% of session attendance as the threshold measure of minimum
compliance. Additionally, we will estimate the impact of the intervention under full compliance,
i.e. for the fraction of children attending all the sessions.

We will consider two measures of compliance:

¢ full compliance (children attending all the sessions)
e partial compliance (children attending at least 50% of sessions)

Assessing the impact of the intervention on compliers is challenging because compliers are
likely to differ systematically from children that are offered the intervention but do not receive
it (non-compliers). Ideally, we would compare compliers to individuals in the control group who
would have complied had they been given the opportunity to receive the treatment.

Under two key assumptions, we can apply an instrumental variables (IV) approach to estimate
the CACE effect on the compliers (Imbens & Rubin, 2015). The first assumption is that
treatment assignment is unconfounded -meaning that we can estimate both the effect on
treatment assignment on the outcome (the ITT effect) and the probability of receiving the
treatment in the intervention group. This assumption holds by design, as the intervention is
randomly assigned. The second assumption, known as the ‘exclusion restriction’, states that
treatment assignment should have no impact on outcomes for non-compliers. While this
assumption is often enforced through double-blinding, in its absence, validity may be
questioned. In our study, where treatment is assigned at the cluster level, the assumption is
more plausible; however, we cannot entirely rule out the possibility that practitioners in the
control group may modify their behaviour in ways that influence children's outcomes.

The CACE effect can be expressed estimated as the ratio of the impact of the intervention
assignment on the outcome (ITT) to the impact of assignment on intervention receipt. Since
the ITT will be estimated in the primary analysis, and the probability of receiving the
intervention (i.e., the proportion of compliers) can be calculated from the data, this estimation
is feasible within our study design:

ITT

CACE =——
P(comp|T)

To account for data heterogeneity, CACE is often estimated using a two-step instrumental

variable regression approach. We will implement this method within a multilevel modelling
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framework to account for the clustered structure of the data and improve precision of our
estimates:

1. First, we will estimate a regression of receipt (compliance) on treatment assignment and
other explanatory variables using a multilevel model:

compy; = P1Twi + 21}(:1 ﬁkait_1 +ay, +aT +¢ (10)

e comp,; is compliance of the parent of child jin setting u
e T, is treatment status for child j in setting u (T=1 if the child is in the intervention

group)
e [3; isthe estimated impact of the intervention

e Xy ,are k child-level variables recorded at the baseline (age in months, gender,
EYPP status, EAL status) and setting-level variables (IDACI index) at the baseline

e «, are setting-level random-effects, which affects compliance

o q,T are interactions between the random intercept and treatment status

2. We will calculate the predicted values from model (6) above

3. We will estimate the primary outcome equation using a multilevel model and including a
predicted term for compliance rather than treatment status:

n
Vit = BiYuie_, + B2Compy; +X k=1 BiXiie , + 4 +a, Compy; +¢ (11)

Where:

ey, is the test score of child i in setting u at the endline ¢

e [ is the correlation between the scores for the same child before (t.;) and after
the intervention (f)

o ‘mmp,; is predicted compliance for child i in setting u

e [, isthe estimated CACE effect

e Xy:_,are k child-level variables recorded at the baseline (age in months, gender,
EYPP status, EAL status) and setting-level variables (IDACI index) at the baseline

e« are setting-level random-effects

o q,T are interactions between the random intercept and treatment status

&; is a child level error term

Multiple hypotheses testing

The secondary analysis evaluates the impact of Talking Time© on expressive vocabulary,
expressive language (which includes two separate scores), and GAPS for two subgroups
(children with EAL, and children eligible for EYPP). We therefore estimate a total of eight
different effect sizes.

When many statistical tests are conducted at the same time, there is a risk of finding
statistically significant effects simply as the result of chance. Using a 95% confidence
threshold, when conducting a statistical test there is a 5% chance of finding a statistically
significant effect and a probability of 95% of finding a non-statistically significant effect because
of random chance. If we conduct n independent tests, there is a probability P,s =0.95" of not
finding a single statistically significant effect, and a probability Ps=1-Pys of finding at least
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one statistically significant effect. With eight independent tests this probability is equal to 1-
0.95%=0.34. There is therefore about a one in three chance that even if the intervention has no
impact whatsoever, we will find at least one statistically significant effect in our secondary
analysis.

To account for multiple testing for secondary outcomes, we will adopt a more conservative
approach to statistical significance. One commonly used method is the Bonferroni adjustment,
which divides the 5% statistical significance threshold by the number of tests conducted. For
eight tests, the threshold becomes 0.006, and only those tests with p-values lower than 0.006
are accepted as statistically significant. This procedure however is very conservative and
tends to find a very small number of statistically significant results. We will use instead a False
Discovery Rate adjustment (Efron & Hastie, 2016). In this procedure, we order the p-values
for each of the eight tests from smaller to largest, where i is the index order of the tests by the
ascending order of its p-value. We then calculate the Benjamini-Hochberg significance
threshold for each test as:
i
tr; = YA

Where i is the ranking order of each p-value as defined above, N is the total number of tests,
and q is the chosen statistical significance threshold (a choice of g=0.10 is common).

We will then compare the observed p-values to the adjusted threshold and find the maximum
i for which the observed p-value is smaller than its adjusted threshold tr;. All effect sizes up to
this maximum value of i will be accepted as statistically significant.

Intra-cluster correlations (ICCs)

Observations within clusters are correlated, and this has implications for the calculation of
standard errors and statistical power. In a two-level data structure (children clustered within
settings) we can calculate the intra-cluster correlation (ICC) using the formula:

02
ICC = 72 (12)
b w

where o2 is the variance between clusters and o2 is the variance within clusters. The ICC is

b w

the proportion of the variance between clusters over the total variability of the variable
considered. The variances in (7) are estimated by the multilevel models and the ICC is easily
computed.

Effect size calculation

The impact estimates obtained using the ANCOVA regression model (1) will be converted into
standardised effect sizes in order to facilitate the comparability of effects across studies. The
effect size will be standardised by the unconditional pooled standard deviation of the project
and control groups as recommended by the EEF statistical guidance (EEF, 2022b):

_ (Yt — Yc)adjusted

ES

S dunconditional
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where (Y; — Y)agjustea denotes the ANCOVA difference in means between the treatment and

the control group adjusted for pre-test score and other stratification variables specified in the
regression model described in the previous section. The pooled unconditional standard
deviation is:

(Tll - 1)52 + (le - 1)52
1 2

Sunconditional = N+ 1y —2
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Appendix 1: Participants flow diagram
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Appendix 2: Randomisation algorithms

Randomisation was conducted in the following way:

e We assigned a random number to each setting drawing from a uniform
distribution

e We sorted the settings by the random number within each stratum

e We randomly assigned the first setting either to the intervention group or to the
control group drawing a number from 0 to 1 from a uniform distribution (if the
number=>0.5 the first observation was assigned to the intervention)

e We assigned every other setting within each stratum either to the project or
control arm following the sorting order (each setting being assigned to the
opposite arm of the previous observation)

In order to avoid the occurrence of a “bad” randomisation we adopted a restricted
randomisation procedure (Hayes & Moulton, 2017). The goal of the procedure was to select a
randomisation that minimises the difference in key characteristics correlated with the outcome.
We considered the following characteristics: proportion of children eligible for EYPP in the
setting, proportion of children with EAL, and the setting-level IDACI index of deprivation. It was
included because to accommodate logistical issues faced by the delivery team, the sample is
drawn from a large number of small strata, which increases the chances of conducting a “bad”
randomisation.

Restricted randomisation was conducted in the following way:

We repeated the randomisation described above 1,000 times

e Each time we regressed the random allocation against the three characteristics
selected (proportion of EYPP, proportion of EAL, and IDACI) and we recorded the R-
square of the regression

¢ We selected among the 1,000 random allocations, the allocation with the lowest R-
square (showing the highest degree of independence between allocation and
determining factors)

The code used is reported below:

/* RESTRICTED RANDOMISATION*/
global X="idaciscore EYPP EAL" /I balancing variables
cap program drop randsel /I restricted randomisation program

program define randsel
use randsample, clear

local seed=777+"1' /I set new seed at each draw to keep same results

set seed “seed'

qui generate rand=uniform() /I generate a random number

sort re_sstrata rand /I sort observations by the random number within strata
local start = round(runiform(0, 1)) // set a random start (0 or 1)

local end="start'+1

egen sel’1' = seq(), from( start’) to("end') // assign every other observation to the intervention group
qui replace sel’ 1'=0 if sel'1'==2

drop rand

sort settingname

qui save sel 1", replace /I save the random allocation in a separate file
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use randsample, clear

sort settingname

qui merge settingname using sel’1'

qui drop _merge

qui reg sel'1' $X

di in green "selection "1'" " in yellow "R2="¢e(r2)
qui save randsample, replace

erase sel’1'.dta

end

forvalues i=1(1)1000 {
randsel "'

}

// open original file
/I merge to the saved random allocation

/I regress the random selection on the covariates
/I display the R-square

//run the program a 1000 times
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