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Introduction

This secondary analysis project investigates whether and to what extent EEF
interventions delivered in the years prior to the COVID-19 pandemic (2015/16,
2016/17, 2017/18, 2018/19) as well as those delivered — even if disrupted — during
the pandemic (2019/20, 2020/21) had protective effects against learning loss over
the period of COVID-19 disruption to normal school operations, teaching and
learning. The analyses conducted as part of this project aim to answer the following
questions:

e Research Question (RQ) 1: What are the longitudinal impacts of different Early
Years and Primary Schools EEF interventions delivered in pre-pandemic
(2015/16-2018/19) and pandemic (2019/20-2020/21) years on the educational
attainment and attendance of all pupils and pupils eligible for Free School Meals
(FSM)?

o RQ 1A: To what extent, if any, did these EEF interventions have protective
effects against learning loss over the time period in which COVID-19
disrupted teaching and learning?

e RQ 2: What are the longitudinal impacts of different broad categories of Early
Years and Primary EEF interventions delivered in pre-pandemic years on the
educational attainment and attendance of all pupils and pupils eligible for Free
School Meals (FSM)?



¢ RQ 3: How does the long-term impact of individual EEF interventions relate to
their short-term impact as measured in original EEF trials?

It is worth noting that the included trials vary in terms of a wide range of features in
their design and delivery. They may not be directly comparable where their primary
outcomes or theories of change differ substantially. As such, we look individually at
each trial to assess its longitudinal (RQ1) and protective effects (RQ1A), as well as
looking at broader categories by phase and primary outcome to understand any
patterns according to these groupings (RQ2).

Appendix A provides details about the included trials. The majority were two-arm
cluster-randomised controlled trials with random allocation at the school or setting
level, but there was some variation (four trials were randomly allocated at the pupil or
family level). Full inclusion criteria are detailed in the following section.

The concept of “learning loss” over the period of COVID-19 disruption is a
challenging one to operationalise, and doing so necessitates a choice of fairly strong
assumptions, particularly because there is no comparison group available from the
same time period made up of pupils who did not experience COVID-19 disruption.
As part of this project, the research team conducted a comprehensive review of
approaches taken to conceptualising and measuring COVID-19-related learning loss
as well as fade-out of intervention effects over time, and the below analytical strategy
was designed taking the learnings from this review process into account and
weighing the strengths and limitations of different approaches. We recognise that the
approach taken here is not without limitations in its own right, and so we will
endeavour to be transparent here and in later project outputs about the assumptions
adopted for analytical purposes, and the limitations and caveats of our approach.

Broadly, that approach begins by investigating longitudinal impact of the included
EEF interventions using the first available post-COVID-19-disruption statutory
assessment outcomes in the NPD for the pupils who participated in the included
trials. In some cases these assessment outcomes are quite distal from the original
trials, but in the absence of other longitudinal outcomes they are the best information
available to understand long-term impact of these interventions. This provides some
initial intuition about any possible differences in the progress of pupils in intervention
and control groups. However, it does not allow us to untangle long-term effects in
general, which may have manifold and complex drivers, from COVID-19 learning
loss and protective effects against this in particular.

To better hone in on COVID-19 learning loss, our strategy involves computing
‘expected” longitudinal educational outcomes for pupils who participated in the
included EEF interventions, using a model to predict these based on data from pre-
COVID cohorts of pupils who took the equivalent national assessments (KS1, KS2 or
GCSE/KS4) in 2017/18 or 2018/19. We then operationalise “COVID-19 learning loss”
as the difference between actual and expected outcomes for each pupil who
participated in the relevant EEF interventions, and use this as a key outcome
variable in subsequent analyses. This learning loss measures assumes reasonable
similarity across cohorts in how they would have progressed between key stage
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assessments (e.g. KS2 to KS4), which is a strong assumptions that we cannot test
directly and consequently an important limitation of our analysis. Thus, to some
extent the results must be interpreted with caution. Nonetheless, our judgment was
that this approach provides the best approximation of COVID-19 learning loss that
could be operationalised using the available data.

Trial inclusion criteria

The first inclusion criterion concerned relevance to the research questions. That is,
included trials must have occurred before or during COVID-19. Further, for the pupil
age group participating in a given trial, there had to be an available longitudinal
outcome in the NPD from either 2021/22 or 2022/23. Longitudinal outcomes
considered included key stage 1 (KS1), key stage 2 (KS2) and key stage 4 (KS4)
attainment in the subject area(s) corresponding most closely to each trial’s primary
outcome measure. Attainment beyond KS4 was not considered, as omission of
pupils not taking A-levels would bias results.

Trials were not explicitly excluded based on primary outcome measure, but it is
worth noting that all included trials ended up having outcomes of either literacy
(including literacy and language, reading, and/or writing), mathematics, or both.
Efficacy and effectiveness studies were included, but pilot studies were excluded.
Studies with a waitlist design were not automatically excluded, but evaluation reports
were examined to extract information regarding the nature of any waitlist or similar
design. Based on this examination, no studies included a waitlist design that would
have directly affected the pupils that participated in the trial, where typically schools
in the control group were given an opportunity to implement a given intervention with
the following year’s cohort of the same age.

Power calculations

Post-hoc power calculations will be performed using actual sample sizes once the
data are available. Metadata available through evaluation reports and the EEF Data
Archive catalogue at the time of writing did not include sufficient detail to be able to
complete these calculations in full.

Analysis

This project will involve several stages of analysis. Data cleaning and checking will
be conducted in IBM SPSS, while the main analyses will be conducted in R largely
using the Ime4 (Bates et al., 2015) and metafor (Viechtbauer, 2010) packages. As
this project will use linked EEF Data Archive and National Pupil Database (NPD)
pupil-level data, all analysis will be carried out within the Office for National Statistics
(ONS) Secure Research Service (SRS) environment via Assured Organisational
Connectivity (AOC), with all members of the research team holding up-to-date full
Accredited Researcher status according to ONS requirements.

Primary outcomes for the original included individual trials can be found in Appendix
B. These outcomes are quite diverse, so that as noted above we will first look at
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each trial individually before endeavouring to synthesise results across broad
groupings of trials through meta-analytic methods.

The initial stage of analysis (answering the first research question above) will
replicate the original analysis from each trial’s evaluation with longitudinal outcomes
as identified for each trial in Appendix B, including preserving the same clustering
e.g. of pupils in schools and/or classes as in the original primary outcome analysis
and including pupil records based on Intention to Treat (ITT) as per EEF’s guidance
on Longitudinal analysis of EEF trials (2019). Where the identified longitudinal
outcomes are multiple (e.g. where a trial had both Maths and Reading as primary
outcomes), separate models will be estimated for each longitudinal outcome of
interest to allow for the possibility of differential long-term effects by subject area,
correcting for multiple inference as appropriate (see below section on “Correcting for
multiple inference” for details).

Where a trial’s original evaluation deviated from the most recent Statistical analysis
guidance for EEF evaluations (EEF, 2022a), the primary model estimated at this
stage will be defined according to the most recent guidance, and a secondary model
will replicate the original analysis as per EFF longitudinal analysis guidance (2019).

Information on pupil background characteristics and assessment outcomes will be
obtained from the National Pupil Database (NPD), including prior attainment, gender,
Free School Meals (FSM) eligibility (within the last 6 years; EVERFSM_6), Special
Educational Needs (SEN) provision, and English as an Additional Language status
(EAL; coded from LanguageGroupMajor where “Other than English” is coded as 1
and “English” is coded as 0, with “Unclassified” coded as missing). This information
will be obtained both for the pupils participating in the included EEF trials and for the
entire population of pupils at relevant key stages in the cohorts taking their KS1, KS2
or KS4 assessments in 2017/18 and 2018/19.

Given the aims of the project, data from pre-COVID-19 cohorts of pupils who sat the
KS1, KS2 and GCSE/KS4 assessments in 2017/18 and 2018/19 will be used to
calculate estimates of expected outcomes for pupils, taking their prior attainment into
account (e.g. year 1 phonics screening check as prior attainment for a KS1 literacy
longitudinal outcome, KS1 as prior attainment for a KS2 longitudinal outcome; KS2
as prior attainment for a KS4 longitudinal outcome). Equation 1 below provides the
basis for estimating expected attainment:

YEXPECTED = ﬁo + ﬁlpretest +e (Equat'on 1)

where YexpecTep is the available K2 or K4 outcome, g, is the intercept, S, is the
coefficient corresponding to prior attainment, and e is the error term. A multilevel
model is not used here, but cluster-robust standard errors are implemented to
account for the clustering of pupils within schools; this is because this model is used
for the purpose of prediction in a different cohort. This model will be estimated for
both the 2017/18 and 2018/19 data, for each relevant key stage (KS1, KS2, KS4)
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and for literacy and mathematics outcomes (where “literacy” here encompasses
subject foci including English at KS4, Reading and Grammar, Punctuation, and
Spelling at KS1 and KS2). To avoid over-controlling, we do not include additional
background characteristics as covariates here for two reasons: First, the potential
influence of individual pupil background factors is already picked up implicitly in the
pre-test measure at least to some extent, as many of these background factors are
time invariant and will already have influenced the pre-test outcome. Second,
background characteristics associated with policy-relevant achievement gaps are
explicitly investigated at a later stage of analysis, where controlling for them here
might unhelpfully complicate subsequent substantive interpretation. The 2017/18 and
2018/19 results will be compared to assess stability across pre-COVID assessment
years before determining which or what combination of both to use as a predictive
model to compute expected pupil scores. Following on from this, an expected score
will be generated for each pupil in each trial included in this project, and an estimate
of COVID-19 learning loss will be computed at the individual level by subtracting the
actual from the expected scores for each pupil (learning loss = expected score —
actual score). This learning loss “score” (Y, oss) becomes a key outcome for further
analysis, to facilitate comparisons across the treatment and control groups for trials
included in this study. Prior to the main analysis, we will conduct individual- and
school-level descriptive analysis of the variation and range in learning loss scores by
group (intervention, control) and subgroup (e.g. FSM, gender, EAL, SEN) as well as
overall. Previous studies have reached mixed conclusions about the extent of
learning loss in different age groups and in literacy and mathematics due to the
COVID-19 pandemic, but there is some reasonably secure evidence that primary
school pupils had somewhere between 2 to 3.5 months’ less progress in
mathematics by Autumn-Spring 2021 than expected based on previous cohorts’
performance, and somewhere between 2 and 3 months’ less progress in reading,
with the maths and reading attainment gaps between pupils with and without FSM
widening by 0.5 to 1 month compared to pre-pandemic cohorts (EEF, 2022b).
Learning loss was also found in some studies to be greater for pupils with EAL,
pupils with SEN, and girls (Renaissance Learning & Education Policy Institute,
2022). Less is known about recovery from learning loss by the time point(s) at which
this study looks at longitudinal outcomes of interventions, i.e. 2021/22 or 2022/23.

We recognise that this approach implicitly assumes some theoretical trajectory in
common between cohorts of pupils before and during/after the COVID-19 pandemic,
absent the pandemic itself. It is not possible to provide empirical evidence on this
comparison given the lack of a “control” group not exposed to pandemic-related
educational disruption. This assumption is a strong one, but allows us to make some
sense of how individual pupils might have been expected to achieve, absent the
effects of the pandemic, with the caveat that there may be unaccounted-for
differences between the cohorts that we cannot test for in the absence of the effects
of COVID-19 on the pupils who experienced the pandemic.

Next, following an approach similar to Ashraf et al. (2021a; 2021b), each trial is
analysed using a two-level multilevel model (pupils at level 1 within schools at level

2) to account for the clustering of pupils in schools (or settings, in early years trials),
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specified below and yielding a consistent measure of effect size on COVID-19
learning loss across trials,

Yiossij = Bo + P1Pretest;; + B,Group;; + u; + e;; (Equation 2)

where Y, ssi; is the learning loss score explained above for school j and pupil i, B, is
the intercept, f; is the slope between pre- and post-tests scores, £, is the adjusted
difference between intervention and control groups where Group; j;, takes on a value
of 1 for the intervention group and 0 for the control group, between-school variability
is represented by u;~N (0, 0;7) and residual variance is represented as e;;~N (0, o),

with o2 representing the school-level variance and o2 the pupil-level variance.

Outcomes will not be z-score standardised in the initial analysis of longitudinal
outcomes for each trial. Standardising scores to have a mean of 0 and variance of 1
would be problematic in this instance, as this would make comparisons or
computations across different assessment timepoints difficult to interpret, where an
individual pupil’s standardised score is then conditioned on the mean at a given time
point, and changes in the mean between time points complicate interpretations of
change at the individual level. Given we will look at groups of trials using the same
longitudinal outcome measures (learning loss in terms of KS1, KS2 or KS4 literacy or
maths achievement) in the subsequent meta-analysis detailed below, using
unstandardised outcomes should be sufficient at this stage.

The effect size for each trial (k), both for the longitudinal outcome and for the
COVID-19 learning loss measure, will be calculated as in Equation 3.

ES, = —£2_ (Equation 3)

2 2
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with upper and lower confidence interval bounds estimated using the same equation
as above but with the upper and lower bounds of the confidence interval for 3, as
the right-hand side numerators, respectively (Equations 4 and 5, below).
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2 2
Uuk"'o-ek

Clk wpper = YpperBai) (Equation 5)
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In order to compute a weighted average of effect sizes, still following Ashraf et al.
(2021a), the standard errors of the effect sizes from each included trial are computed
as in Equation 6.

Clk,upper_CIk,lower
SEy = 3.92 (

Equation 6)



where 3.92 is the width of a 95% confidence interval in standard errors (Higgins, Li &
Deeks, 2023). As SE is computed based on multilevel model results, this statistic
inherently accounts for between-school variability.

We use a random-effects approach to meta-analysis, as this takes into consideration
the heterogeneity (72) between EEF trials included in the study (Higgins, Li & Deeks,
2023). We use the REML estimator of 72 in the metafor package in R following the
advice of Veroniki et al. (2016). Using this and the estimated effect size for each trial,
we compute a pooled effect size for similar outcomes (within literacy and within
mathematics) according to Equation 7, below.
SK_ WLES .

ESpo01ea = W (Equation 7)
within which the weight for each trial based on effect size variability and between-trial
heterogeneity is W}, = (SEf + t2)~! (Equation 8).

Ideally we would have taken an individual participant data (IPD) meta-analysis
approach, but the number of trials possible to include in this study was too small,
especially when grouping by outcome subject area, to allow for this approach in
which trial would need to constitute a level of analysis. The number of trials is still
small for a two-stage meta-analytic approach, but mitigates some of the trial-level
sample-size issue that makes IPD meta-analysis unfeasible. No approach entirely
resolves the challenge of comparing or synthesising results across a diverse set of
trials, of course, but there is at least some basis for this comparison and synthesis
where primary outcomes fall within clear groupings (e.g. literacy, mathematics).

To answer the last research question, standardised effect sizes will be directly
compared (short-term, long-term) for each included trial and for groups of trials for
which pooled estimates are feasible and interpretable (literacy and mathematics).
For short-term outcomes, this will involve replication of the original analysis for each
included trial (or re-analysis according to the latest statistical guidance; EEF, 2022a).
There is some variation across trials in the original analysis, but the approach will be
consistent within trial across the short- and long-term outcome analyses.

The secondary outcome for all trials will be attendance, where this is considered to
be a proxy for engagement and constitutes the only readily available non-cognitive
measure relevant to the project that can be obtained from the NPD administrative
data. Attendance in the NPD is available for each term (Autumn, Spring and
Summer, or Terms 1 through 3) of a given year in terms of the number of absences
and total sessions possible to attend, where the attendance outcome used in this
project will be percent of possible sessions attended in a given year, computed via
Equation 9, below:

_ Z%erm: (Sessions possiblererm—Sessions absentrerm) s

Attendancey,q, = 100 (Equation 9)

Y3 erm= Sessions possiblererm
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While the extant literature is limited on the longer-term effects of the COVID-19
pandemic on attendance, there is evidence that at least some effect on attendance
rates persisted after the end of school lockdowns in England. Specifically, between
2017/18 and 2021/22, overall absences for pupils without FSM rose from 4.3 to 6
percent, and for pupils with FSM from 7.6 to 9.7 percent (Eyles, Lilywhite & Major,
2023). We might reasonably expect, therefore, at most some small effect of COVID-
19 pandemic disruption on attendance, and an effect of at least some interventions
in terms of relevant protective effects, particularly where interventions’ theories of
change include either some direct consideration for attendance or some emphasis
on engagement.

All secondary outcome analysis will follow the same steps specified above for
primary outcome analysis, and for the same groupings of trials (e.g. by age group
and primary outcome subject area). Quality of attendance data during the period of
COVID-19 lockdowns, and to some extent immediately after this period, may be
somewhat limited due to constraints on school resources and impact of the
pandemic on the usual DfE data collection from schools (particularly affecting
2019/20 and 2020/21), however, this will mostly affect our analysis of Early Years
trials while attendance data for other trials should remain fairly reliable.

As an ancillary analysis, and to determine whether analyses need to be in some way
adjusted to account for differential effects of the COVID-19 pandemic on schools, we
will also take an initially-descriptive look at the “TermlySessionsCoronavirus” data
from the NPD for Autumn 2020 through Summer 2022, which record how many
sessions each pupil was absent for reasons specifically related to COVID-19,
aggregated to school-level proportions by year. These data are only used tentatively
in this analytic plan because their reliability and completeness are somewhat in
question, where schools may not have reported this information consistently in the
relevant terms and years.

The main subgroup analysis of interest in this project concerns the group of pupils
eligible for FSM, specifically as identified by the EVERFSM6 indicator (of whether a
pupil has been eligible for FSM within the last 6 years).

Subgroup analysis will follow the same approach taken for primary and secondary
analysis described above, but looking at effect sizes of trial by adding FSM*Group
interaction terms to the models run in the main analysis. Further subgroup analyses
may be undertaken separately for other groups (e.g. by gender, SEN, EAL) based on
the evidence suggesting that the effects of COVID-19 on these groups were
particularly pronounced (Renaissance Learning & Education Policy Institute, 2022)
The effect size for FSM-eligible pupils will be calculated using the sum of the
standardised coefficients of Group;; and of the interaction term (EverFSMg, j*

Group;;) for each included trial, based on the model specified in Equation 10:

Yiossij = Bo + B1Pretest;j + B,Group;; + fsEverFSM_6;; + ,84(EverFSM6l.j *
Group;;) +u; +¢;; (Equation 10)
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Where the sample size allows, subgroup analysis — for each of these subgroups —
will also be conducted by following the same analytic procedure as in the main
analysis but on the subsample corresponding to the relevant subgroup (e.g. where
EverFSM_6=1, SEN provision =1, EAL = 1, or Gender=1). This is likely to be
possible for some studies but not others, where in some of the included studies at
least some of these analyses would be underpowered.

Where possible to use both approaches, the resulting effect sizes for subgroups (e.g.
FSM) should be similar; results from both approaches will be compared and reported
where appropriate.

The crctStepdown package (Watson, 2024) in R will be used to facilitate the
implementation of the Romano-Wolf correction, where appropriate, in order to control
the family-wise error rate. This package allows for relatively speedy computation
while also accommodating multilevel models run using the Ime4 package in R.
Correction for multiple inference will only be undertaken where trials are being
analysed independently; such adjustment is not necessary where inference is based
on evidence pooled across trials (Brookes et al., 2001).

Missing data patterns will be assessed across the including studies, and missing
data treatment will be decided based on these patterns.

We will report descriptive information on each variable included in any analysis
within the project both for individual trials and overall across any groups used for
pooling (e.g. across studies with literacy and mathematics outcomes), and
missingness will be reported within intervention and control groups as well as overall
both for individual trials and for relevant groups of trials (with literacy and with
mathematics outcomes). Reporting will take the form of counts and percentages of
complete cases on each variable. We will also report total percentages of complete
cases by trial for an analytic sample if listwise deletion were used, i.e. percent of
data included in an analysis dropping any case with any missing information on an
included variable, for primary, secondary and subgroup analysis.

Missingness patterns can be Missing Completely At Random (MCAR), where the
probability of missingness is not associated with observed nor with unobserved
variables; Missing At Random (MAR), where the probability of missingness is
associated with observed variables; or Missing Not At Random (MNAR), where the
probability of missingness is associated with unknown information (e.g. unobserved
variables, unknown mechanisms). If data are MCAR, testable using Little’s MCAR
test, then missingness is random, and listwise deletion does not risk biasing results.
If data are MAR, we might expect biased results if the proportion of data missing is
substantial, and so must consider some missing data treatment to mitigate this bias.
In our case, we will consider multiple imputation if the proportion of missing data on
independent variables is greater than 5% within a given study or pooled analysis and
where our initial assessment of missing data patterns suggests data are MAR. It is
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not possible to test for whether data are MNAR or MAR, but an assessment of
patterns in the missing data and consideration of plausible missingness mechanisms
should suffice to reach a credible conclusion to this end. Multiple imputation will use
all of the independent variables included in the main analysis and will use 20
imputations (van Buuren, 2018). No imputation will take place for outcome variables
as this is generally not recommended. As is typical for multiple imputation,
coefficients and standard errors will be pooled using Rubin’s rules (Rubin, 1987). If
multiple imputation is used, results will be compared to complete case analysis, and
both will be reported with an explanation of the implications of any differences
between the two. Multiple imputation will use the mice package (van Buuren &
Groothuis-Oudshoorn, 2011) in R.

Depending on the quality and completeness of data on compliance in the EEF Data
Archive for the trials included in this secondary analysis, compliance will be included
as a covariate/factor in multi-trial models investigating whether and to what extent
various intervention features are associated with any effects that are protective
against COVID-19 learning loss. Given compliance may not be measured
consistently across trials, this variable will likely have to be simplified to a binary
indicator for insufficient compliance across a trial sample, based on a review by the
research team of how compliance was defined and measured in each trial. An initial
review of this information (noting trials in which this is unclear, missing, etc.) is
included in Appendix B.

ICCs will be calculated in the usual way for empty models and for each of the
primary and secondary analysis models using the variance at a given level as a
proportion of total variation in the model.

2
Icc = # (Equation 11)
where a2 represents the variance at the school level for a given trial and o2

represents variance at the pupil level. ICC can be interpreted as the proportion of
variation in the outcome that lies at the school level.

Evaluating longitudinal outcomes across a number of trials introduces multiple
complications to analysis as well as interpretation. One particular issue in
educational interventions is that where there is an ethical commitment not to deprive
the control group of an intervention likely to have a positive effect, a waitlist design
(in which the control group receives the intervention or a version of it following trial
completion) or some version of this design, is commonly used. As indicated in
Appendix A, nine of the 17 included trials included some version of a waitlist design
or at least the option for control schools to implement the intervention after the trial.
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In cases where a waitlist or modified waitlist design was used, control schools did not
implement the intervention with the same cohort of pupils targeted in the relevant
trial, but in trials after which control schools had the option to implement if they
wanted after the intervention, no data was available regarding whether and with
which pupils they may have done so. We did not exclude trials where this information
was unknown, but note this as a limitation of our inferences as it would be for any
analysis of longitudinal outcomes of trials without information on subsequent
engagement with similar interventions in participating control settings.

The available data do not allow us to have any direct measure of differential COVID-
19 disruption across schools, which is also an important limitation. It is likely that
there was some considerable variation in disruption to learning between schools, not
least because of differences in schools’ responses to the pandemic, needs of their
specific populations of pupils, and resourcing of alternative learning provision.

The distal nature of some of the longitudinal outcomes relied upon in this research
also limits the strength of inferences; much can happen between KS2 and KS4.
However, as noted above, we use the most proximal information available in the
form of the next available statutory assessment following pandemic-related
disruption, and we suggest that this offers some useful insight even if caveated
according to the complications introduced by other unmeasured influences on
learning between the original trials and longitudinal outcomes.

Other important caveats to the inferences that can be drawn from this project’s
analyses are linked to the necessity of adopting strong assumptions already noted
above in this statistical analysis plan. That is, assuming that learning trajectories are
similar across cohorts may be problematic, but difficult to impossible to directly
assess for the cohorts of interest. We mitigate this to some extent by looking at
trajectories in two pre-COVID cohorts to assess stability, but this does not guarantee
that the strong assumption across other cohorts holds true.

Finally, we might expect different types of interventions to differ in their longitudinal
effects according to outcomes, implementation features, etc. Although we do not put
forward strong hypotheses about these aspects, our initial review of intervention
features (Appendix B) affords us the opportunity to consider whether to conduct
additional analyses that pool results (within outcome) according to different features
if and when this is possible, i.e. where numbers of included trials are sufficient to
compare across relevant categories (e.g. of type of implementer or intervention
feature). Thus, it may be possible to examine this sort of variation in protective
effects empirically, though initially we focus on comparisons across literacy and
mathematics outcomes rather than intervention features on the principle that these
are readily available within the data without importing our own constructed variables
from the review and we can reasonably expect to have sufficient numbers of trials to
include in pooled estimates by these outcome groupings.
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