
This study plan template draws on best practice for conducting and reporting impact evaluations using non-experimental designs. The template and the guidance provided throughout adhere to the following principles:
1. These guidelines and recommendations have been informed by best practices including the CONSORT statement,[footnoteRef:2] GRADE principles,[footnoteRef:3] STROBE statement,[footnoteRef:4] and ROBINS-I Risk of Bias Tool for non-randomised studies[footnoteRef:5]. [2:  http://www.consort-statement.org/ ]  [3:  GRADE handbook]  [4:  https://www.strobe-statement.org/index.php?id=strobe-home ]  [5:  https://sites.google.com/site/riskofbiastool/ ] 


2. Impact evaluations using non-experimental approaches should be designed to minimise bias. This should be pursued even if it means that the results are not directly comparable with other EEF-funded studies (for example, by including multiple covariates in the main analysis).[footnoteRef:6] However, the key principles included in the EEF Statistical Analysis Guidance should be observed insofar as they are applicable to any impact estimate.  [6:  This differs from EEF’s recommendations for RCTs set out in EEF’s Statistical Analysis Guidance. ] 


3. Preferably, analytical approaches will be pre-specified in detail, including relevant decision rules used by the Evaluators. Recognising that non-experimental designs require a more iterative approach to research design and data analyses, some deviations from the pre-specified plan may occur but as with any pre-specified study, such changes should be explained (e.g. changes in the variables included in the matching to minimise the imbalance). However, whenever possible, preferred approaches and robustness checks should be identified before outcomes are observed. Changes affecting the nature of the study (for example, on the population of interest, outcome variables or study period) would need to be justified, agreed with EEF, and the delivery team (if applicable), and would be appropriately recorded in a revised version of the study plan.

4. The study plan should include appropriate sensitivity analyses, robustness checks and evidence to assess the plausibility of the relevant identification assumptions. 

5. The study plan should include a description of the hypothesised selection mechanism that defines why units[footnoteRef:7] use the intervention. This could be assessed by explorations of the quantitative data collected for the evaluation and should form an integral part of the Implementation and Process Evaluation for these designs.  [7:  ‘Units’ broadly defined as those who make the decisions to take part of a programme and whose outcomes are expected to change as a consequence. These could be local authorities, groups of schools, schools, classes, teachers, and/or pupils depending on the characteristics of the programme under study. ] 

 
	
6. Non-experimental designs will be subject to scrutiny from peer reviewers. However, the review points depend on the characteristics of the study. A description of the review process is detailed in Appendix A.

	PROJECT TITLE
	e.g., Using the Moodle platform to improve GCSE Maths attainment, a difference-in-difference study 

	EVALUATOR (INSTITUTION)
	e.g., Education Research Foundation

	PRINCIPAL INVESTIGATOR(S)
	e.g., Amitha Vikram

	STUDY PLAN AUTHOR(S)
	e.g., Amitha Vikram, Dr Simon Economou

	STUDY DESIGN
	e.g., Matched difference-in-difference study

	PUPIL AGE RANGE AND 
KEY STAGE
	e.g., 15-16, KS4

	NUMBER OF SCHOOLS
	e.g., 170

	NUMBER OF PUPILS
	e.g., 8,500

	PRIMARY OUTCOME MEASURE AND SOURCE
	e.g., GCSE Maths score (NPD)

	SECONDARY OUTCOME MEASURE AND SOURCE
	e.g., GCSE English score (NPD)



Study Plan version history
	VERSION
	DATE
	REASON FOR REVISION

	1.2 [latest]
	
	

	1.1
	
	

	1.0 [original]
	
	[leave blank for the original version]


Table of contents
· Please insert (with section links, if possible).
Background and study rationale 
· Provide an explanation of the theoretical and scientific background, policy context and rationale for the evaluation (including any contradictory evidence). Please include references to the academic and policy literature as relevant (and a full reference list for any in-text citations).
· Provide a brief overview of the integrated evaluation design (including impact evaluation and implementation and process evaluation if relevant), explaining why this is the best possible evaluation design for assessing the impact of the intervention on expected outcomes.  
Intervention 
· Provide a detailed description of the intervention or practice being evaluated, including training if relevant and the model of delivery in school.
· Include the logic model diagram and a description of the underlying mechanisms and assumptions at each step, in line with the requirements of the IPE Guidance.[footnoteRef:8] [8:  Please see the IPE guidance.] 

· Please insert a copy of the PLANIT intervention description table. 
· Define the date(s)/ period when the intervention is / was being delivered. 
Impact evaluation
Research questions
· Provide the specific primary and secondary research questions the evaluation is designed to answer.
· Please number the research questions for ease of reference.
Design overview
· Provide a summary of the design in the following table, detailing and fully justifying your choices in the subsequent sections. 
· Provide a brief description of the evaluation design in plain English.

Table 1: Design
	Design 
	e.g. Difference-in-Differences (DD)

	Unit of analysis
(school, pupils)
	Which is the level at which analysis is conducted?” e.g. schools, when outcomes are measured at the school level

	Number of Units to be included in analysis
(Intervention, Comparison)[footnoteRef:9] [9:  Depending on the method used, the number of units included in the analysis can differ from the pool of potential comparison units. For example, when using matching/weighting the pool of comparisons units could represent all schools in England, but only a certain number of units will be included in the analysis after a suitable match is found. Identifying the precise number of units included might not be possible at the design stage. In these cases Evaluators can speculate on the number of units that are expected depending on the method used. ] 

	e.g. 250 (Intervention: 100, Comparison: 150)

	Primary outcome
	variable
	e.g., Maths attainment

	
	measure (instrument, scale, source)
	e.g., KS2 Maths score, 0-100, NPD 

	Secondary outcome(s)
	variable(s)
	e.g., Self-regulation 

	
	measure(s)
(instrument, scale, source)
	e.g., ELS Self-Regulation Scale, 0-5, bespoke survey

	Baseline for primary outcome
	variable
	e.g., Maths attainment

	
	measure (instrument, scale, source)
	e.g., Progress Test in Maths (PTM5), 0-26, GL Assessment 

	Baseline for secondary outcome
	variable
	e.g., Self-regulation

	
	measure (instrument, scale, source)
	e.g., ELS Self-Regulation Scale, 0-5, bespoke survey



Participants
· Describe the study participants and set out any inclusion and/or exclusion criteria. This should define which pupils, year groups, and schools take part in the intervention.
· Present the number of planned treatment units included in the study if relevant and how they will be recruited.
· Where appropriate (i.e. where there is active recruitment), describe the “quasi-randomisation date” when the final treatment sample is defined.  
Sample size calculations
· Provide a summary in the following table, detailing and fully justifying your choices in the text below. Explain how sample size was determined. Detail any sample size calculations that are being used (or Minimum Detectable Effect Size – MDES – if applicable), including assumptions, the reasons or sources for these assumptions (e.g., ICC, pre-post- test correlation) and any restrictions. [footnoteRef:10] Describe whether data for all pupils in the intervention and comparison groups will be used or a sample will be used only. [10:  EEF is in the process of commissioning work to guide the choice of assumptions for its evaluations.] 

· Include separate sample size estimations for detecting effects in the Free School Meal subgroup (defined as EVERFSM in the NPD) .
· If the number of units included is unknown, for example, because it depends on how many effective matches are feasible, Evaluators are encouraged to provide a range of MDES estimations and discuss their implications for the design (e.g. using a ‘high’ and ‘low’ estimate based on the range of available schools to match to).
· Specify software used for MDES calculations.





   Table 2: Sample size calculations
	
	Study Plan

	
	OVERALL
	FSM

	Minimum Detectable Effect Size (MDES)
	
	

	Pre-test/ post-test correlations
	level 1 (pupil)
	
	

	
	level 2 (class)
	
	

	
	level 3 (school)
	
	

	Intracluster correlations (ICCs)
	level 2 (class)
	
	

	
	level 3 (school)
	
	

	Alpha[footnoteRef:11] [11:  Please adjust as necessary for evaluations with multiple primary outcomes, 3-arm evaluations, etc., when a Bonferroni correction is used to account for family-wise errors.  ] 

	0.05
	0.05

	Power
	0.8
	0.8

	One-sided or two-sided?
	
	

	Average cluster size
	
	

	Number of schools[footnoteRef:12] [12:  Please adjust as necessary, e.g., for evaluations that are analysed at the class level.] 

	Intervention
	
	

	
	comparison
	
	

	
	Total
	
	

	Number of pupils
	Intervention
	
	

	
	comparison
	
	

	
	total
	
	


Outcome measures and other data
Baseline measures
Primary outcome
Secondary outcomes
Other data
· We suggest you organise this section using the sub-headings above. Provide the information suggested below under each of the sub-headings.
· Clearly define each outcome and explain how it is aligned with the logic model. 
· Specify how it will be measured, including source instruments or datasets. Explain whether an instrument will be used in its entirety, partially, or whether it will be adapted. Clarify the number of items / sub-scales, type of variable, range and psychometric properties.   Clear rationales should be provided for all choices.
· When using NPD data, clearly specify the variables to be used and how they will be linked to any pupil data collected during the evaluation. 
· If relevant, provide details of who collected and scored the outcomes data, including any methods used to ensure data collection and scoring were blinded (e.g., by blind test administration or tests delivered under exam conditions with spot checks by evaluators). 
· For evaluations with more than one follow-up point (e.g., delayed post-test), specify which time point constitutes the primary outcome. 
· If using multiple primary outcomes, specify the approach to addressing multiple testing/ family-wise error rates.
Selection Mechanism
· Describe the hypothesised selection mechanism(s) that is related to the use of the intervention. This section will include a description of which characteristics are expected to explain take-up of the treatment and could be based on desk-research of similar approaches, contextual knowledge, and initial qualitative research with the developer or practitioners. 
· Evaluators should attempt to review the plausibility of their hypothesised selection mechanism as part of the design of the study. 
Selection of the comparison group and identification assumptions
· Justify the approach used, specifying the relevant identification assumptions and their expected plausibility in the context of the study.[footnoteRef:13] [13:  Blundell and Costa-Dias (2009) explain that the adequacy of a given approach depends on their specific assumptions and data requirements. Thus, transparently comparing their relative advantages and disadvantages is useful to decide which design might be appropriate in each condition. ] 

Matching/Weighting
This section should include:
· General approach to be used (matching on the propensity score, weighting on the propensity score, coarsened exact matching, covariate balancing propensity score, doubly robust method, among others) [footnoteRef:14]. [14:  Williamson et al (2012) provides an introductory summary of different methods. ] 

· Level of matching/weighting (school, teacher, and/or pupil). If this is done at more than one level (e.g. first at the school level and then at the pupil level), the order of matching needs to be specified[footnoteRef:15]. [15:  Multiple methods have been proposed to deal with clustered data in a Propensity Score framework which may be appropriate depending on the selection mechanism. For example, see Arpino and Cannas (2016), Li et al (2012), Steiner et al (2012), Zubizarreta and Keele (2017)] 

· Details of the preferred approach (e.g. School-level matching using 1:1 nearest neighbour without replacement) [footnoteRef:16], with a brief justification. Evaluators should consider the competing goals of minimising imbalance and maximising the share of units matched when choosing their preferred approach. [16:  As there is no consensus on the primacy of one approach or one matching algorithm irrespective of the characteristics of the sample, it is necessary to discuss why the chosen approach is suitable. See Baser (2006), Caliendo and Kopeinin (2005, p. 11), Stuart (2010) and Austin (2014) for a discussion on the conditions under which some methods are considered superior. Methods using machine learning techniques to identify the optimal approach could be used, for example see Linde and Yarnold (2016). Evaluators are encouraged to discuss the benefits of pitfalls of different approaches. This could be included in a technical appendix. ] 

· Relevant matching/weighting variables. This should include a discussion on how those variables are correlated with the intervention (with references to the “Selection Mechanism” section) and the outcome(s) [footnoteRef:17]. This could be reported in a table as shown in Appendix B.  [17:  See Austin et al (2007), Brookhart et al (2006) and Caliendo and Kopeinin (2005, p.6) for a discussion and recommendations regarding the choice of variables. The study plan should include rules for inclusion of interaction terms, if appropriate.] 

· How imbalance will be reported and dealt with.[footnoteRef:18] This would include a specification of the amount of imbalance that will be tolerated for individual variables and overall. Differences in observable characteristics should be reported for each proposed approach comparing the treated group, the unmatched sample and the matched sample. Differences should be expressed in terms of standardised mean differences, but overall measures of differences (e.g. Rubin’s B) may also be used.  [18:  Austin (2009, 2011) recommends that imbalance between treatment and comparison units should be tested at the means and higher order moments of the covariates (i.e. mean, variance and higher order moments) with differences expressed in terms of effect sizes. This may or may not be accompanied by significance tests according to the preference of the Evaluator.] 

· Whether common support has been imposed (and if not, an explanation as to why as well as the analytical implications of this decision). A visual representation of the overlap in propensity scores should be presented where appropriate. A comparison of the characteristics of those included in the common support and those for whom no match was found should also be presented[footnoteRef:19]. [19:  Some methods like Inverse Probability Weighting employ information from all individuals. In such case, it would be appropriate to explore the distribution of weights and consider robustness checks that exclude large weights (For example see trimming as proposed by Lee, Lessler and Stuart, 2011)] 

· Outline alternative approaches to be used as sensitivity checks to test model dependency. The detail of these analyses should be discussed in the Robustness Checks section.
· If possible, include the code used to create the comparison group as an appendix.

Recognising the iterative process to data analyses necessary when using matching/weighting, it might not be possible to pre-specify all the details of the preferred approach before matching/weighting is undertaken. Thus, Evaluators are encouraged to specify decision rules to choose their preferred approach, for example, around the amount of imbalance that would be tolerated. Evaluators will be expected to identify their preferred approach and subsequent robustness checks before outcomes are observed. This will be added as an Appendix to the published Study Plan and will form the basis upon which analyses are to be conducted. Even if it is preferable to identify the preferred approach before outcomes are observed, additional post-hoc sensitivity analyses could be included, but need to be fully justified. 
In studies where outcomes do not rely on administrative data, additional testing in schools is required. For these, Evaluators will use matching/weighting methods to identify a pool of potential comparison units from which they will recruit schools to take part of the study (comparison schools included in the study). In these cases, Evaluators are expected to compare the characteristics of intervention schools with i) the unmatched sample of comparison schools (usually the population), ii) the matched sample of comparison schools that forms the basis for recruitment, and iii) those effectively recruited for the study as comparison schools[footnoteRef:20]. The comparison of characteristics between schools as defined above should also be included as an Appendix to the Study Plan and will form the basis upon which analyses are to be conducted.  [20:  Comparing schools that form the pool of potential comparison units to be recruited and those that end up recruited is important as a separate selection process could be operating that defines which schools take part of the study. This could affect the conclusions made by the evaluation. Evaluators might choose to draw a random sample of those matched and approached for recruitment first, but may also approach first those that have the lowest imbalance with the treatment units. ] 

Difference-in-Differences (DD)
This section should include: 
· Description of the quasi-experimental variation that creates a feasible comparison group. This should include the definition of groups and the precise timing of the pre-intervention period and post intervention period. 
· Description of how imbalance between treatment and comparison groups will be reported and dealt with. Imbalance should be reported based on ES[footnoteRef:21]. [21:  DD approaches do not require balance across observable characteristics between groups to satisfy the parallel trends assumption. Nonetheless, balance before treatment make this assumption more tenable. Differences should be presented in terms of effect sizes as these are not dependent on the size of the sample. Significance tests could be included alongside ES according to the preference of the Evaluator. When differences are found, covariates may be included into the main analytical model to control for relevant differences.?] 

· Description of the graphical and statistical evidence that should be provided to support the parallel trend assumption. This requires a description of the analysis of pre-treatment common trends in the primary outcome which can include graphical analysis of pre-treatment trends in primary outcome between groups; and ‘in-time placebo’ tests. Timing of the ‘in-time placebo’ treatment estimates need to be clearly stated.
· Description of how many time-points will be included in the analysis.
Matched/Weighted Difference-in-Differences (MDD)
When MDD approaches are used, details on both sections above should be included.
Note on alternative designs
Non-experimental approaches in EEF-funded impact evaluations are most likely to be based on matching/weighting, DD, or MDD. However, Evaluators may propose alternative designs whose benefits will be considered depending on the intervention that is being evaluated. Additional suggestions for Regression Discontinuity Designs and Synthetic Control Methods, which have also been used in EEF-funded studies, are included in Appendix C. 
Primary analysis
The description of the main analysis should follow EEF guidelines[footnoteRef:22] insofar as these are applicable to any impact estimation model.  [22:  See EEF Statistical Analysis Guidance] 

Primary outcome analysis
Include the following elements:
· Specification of the estimate or model coefficient that constitutes the estimated treatment effect on the primary outcome, clearly defining the sub-sample for which it is defined as well as its implications for interpretation of results (ITT, ATT, LATE, etc).
· Specification of the regression model to be used including level(s) of analysis, outcome variable(s), covariate(s), and when appropriate, weights. Additional covariates may be included when imbalance in relevant variables is found.
· Specification of how clustering (if relevant) will be accounted for.
· Software used to run the model.

Inference
· Specification of how uncertainty will be reported and inference will be conducted (Confidence intervals, p-values, credibility intervals, permuted p-values, among other). [footnoteRef:23] [23:  For instance, inference in DD designs have been criticised when the number of clusters is limited, but some evidence suggests that the main challenge for these designs might be related to low power (For example, Brewer et al, 2017).  Other approaches like Synthetic Controls require a multiple step procedure which usually involves permutations or bootstraps to allow performing inferences (For example, Abadie et al, 2010). ] 

Robustness checks
This section should include any robustness checks and additional tests used to support the identification assumptions necessary for the method chosen. Evaluators are encouraged to consider how to reconcile and interpret differences between their preferred specification and robustness checks. 
Matching/Weighting
This should:
· Summarise alternative matching/weighting approaches that will be used to test model dependency. 
· Assess imbalance between groups and area of common support for these additional analyses as mentioned in previous sections. 

Details of these additional analyses can be included in technical appendices in the interest of brevity and depending on the preference of the Evaluator. 
Difference-in-Differences  
This may include:
· Alternative specifications including additional covariates to control for relevant differences between groups, when necessary. 
· Specification of ‘in-place placebo’ were an alternative group that did not receive treatment is compared with the comparison group. This uses the same specification and outcome but compare the results of the comparison group and an additional group that did not receive the treatment. A null ‘effect’ is expected.
· When the study spans several years, Evaluators may specify several data points for pre-intervention and post-intervention periods instead averaging out the effects before and after the intervention.
Further analyses
Secondary outcome analyses
When secondary analyses differ from the main analysis, describe here in the same level of detail. 
Subgroup analyses
Where relevant, include details of:
· Subgroup analyses to be conducted. This will include an analysis of pupils eligible for Free School Meals (FSM)[footnoteRef:24]  and other subgroup analyses supported by the theory of change. [24:  See details of the definition of FSM used for EEF-funded studies in EEF Statistical Analysis Guidance] 

· Description of the model to be used, including whether an interaction term or a separate dataset containing only members of the subgroup will be used.
If teams do not conduct sub-group analyses, state here under this heading.
Treatment effects in the presence of non-compliance
A suitable analysis to estimate treatment effects for compliers should be included here, except where intervention uptake is expected to be close to 100%. Include the following:
· Description of variable used to describe extent of intervention ‘compliance’.
· Description of the analytical method used to explore the treatment effects on the sub-sample of compliers.
For matching/weighting, this is likely to require additional matching/weighting with a model analogous to that chosen for the main analysis.
Missing data 
Include the following:
· Exploration of the extent of missingness and evidence of the potential mechanism, through cross-tabulations and a ‘drop-out’ model, for example a logistic regression predicting missingness. 
· Type and extent of missing data that will prompt sensitivity analyses. 
· Specification of sensitivity analyses to be conducted and their justification. 

Effect size calculation
Include the following:
· Formula for calculation of ES (Hedges’ g) including exact specification of the numerator[footnoteRef:25].  [25:  See details of the calculation of ES used for EEF-funded studies in EEF Statistical Analysis Guidance] 

· How confidence intervals/Bayesian credibility intervals will be calculated for the ES.
Implementation and process evaluation (IPE) [footnoteRef:26] [26:  Please follow the principles detailed in the Implementation and Process Evaluation Guidance (2019). If no IPE is to be undertaken, delete this section.] 

Research questions
· Specify research questions to be addressed by the implementation and process evaluation.
· Please number the research questions for ease of reference. 
Research methods
· Describe the research and data collection methods to address the implementation and process evaluation (IPE) research questions. Explain the contribution of each method to answering the IPE questions, using table 3 below. 
· Include information about compliance, fidelity, usual practice and any implementation dimensions as relevant to the study.
· Explain how data will be collected, how many participants or data sources each method will draw on and how participants or data sources will be sampled.
· Provide a brief description of the process for developing the data collection instruments if relevant, including piloting or validation exercises.
· Provide details of who will collect the data. Describe the approach to minimising bias and ensuring rigour in both the design and analysis of IPE data.
Analysis
· Describe the approach to IPE data analysis, providing rationales for all choices and explaining their relevance to the project.
· Explain how the analyses will be used to test the logic model, including causal mechanisms (drawing on both quantitative and qualitative data).
· If responses or transcripts will be coded, clarify the approach to coding (i.e. inductive / deductive / mixed).  

Table 3: IPE methods overview (adapt as necessary)
	Research methods
	Data collection methods
	Participants/ data sources
(type, number)
	Data analysis methods
	Research questions addressed
	Implementation/ logic model relevance

	
	
	
	
	
	

	
	
	
	
	
	

	
	
	
	
	
	


Cost evaluation 
· Describe how cost data will be collected, and a break-down of the costing scope (e.g., whether teacher time, administration, and others, are costed).[footnoteRef:27] [27:  Please see the cost guidance.] 

· Include procedures for cost calculations over three years, to facilitate comparisons between projects.
Ethics
· Clearly describe the process for obtaining ethical approval, including timelines and responsible parties.
· Specify the level of consent required from pupils, referring to the recruitment and retention guidance for consent considerations and the archiving guidance for requirements related to data archiving.
Data protection
· Include a data protection statement relevant to the project (i.e., not a link to the organisation’s generic data protection policy). This may use information from the Memorandum of Understanding, information sheets and privacy notice.
· Specify your legal basis for processing personal data, with reference to the General Data Protection Regulation (GDPR) Article 6 and/ or Data Protection Act 2018.
· Specify your legal basis for processing any special data with reference to GDPR Article 9 and/ or Data Protection Act 2018. 
· Provide a clear rationale for the legal bases selected for personal and special data, with reference to your organisational policies and the design of the specific evaluation project. If relying on legitimate interests, clearly specify what specific interests your organisation has in conducting the evaluation. These may include commercial interests, individual interests or broader societal benefits – please specify. (See ICO guidance for more information.)
· Describe your approach to demonstrating GDPR compliance, including, but not limited to, how you will protect individual data subjects’ rights, purposes for data processing, all parties with access to data (and reasons), retention periods.
· Specify data processing roles (controller, any processors) during the evaluation up to the point of data being deleted from all locations by the evaluator (N.B. The EEF becomes data controller for the datasets archived after the evaluation, once internal quality checks have been successfully completed by the archive manager.)
Personnel
· List all members of the delivery team and the evaluation team, each with their role and responsibilities within the project, and their institutional affiliation
Risks
· List key evaluation risks, with their likelihood of occurring and likely magnitude of impact. 
· Describe your approach to mitigating or addressing each risk.
Timeline
· Timetable including specification of who is responsible for completing each task
· Include specific dates or date intervals (rather than, for example, school terms only).

	Date
	Activity
	Staff responsible/ leading
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APPENDIX A – Review Process
Depending on the characteristics of the study, there will be variations in how the peer review and subsequent stages of the review process are conducted. There are three main study types:
1. Retrospective studies that use administrative data only. These are based on interventions that have been delivered and whose outcomes have been observed.  
a. These study plans will be reviewed by EEF and an additional Peer Reviewer before analysis is conducted.
2. Prospective studies that use administrative data only. These are based on interventions that have not been fully implemented where some intervention and evaluation activities are planned in intervention schools, but outcomes are based on administrative data.
a. These study plans will be reviewed by EEF and an additional Peer Reviewer before the framework (e.g. matching approach) to select comparison units is used. 
b. Comparison units are selected using the agreed framework. Then, the Evaluator and EEF will discuss the validity of these units as a counterfactual based on pre-defined criteria (e.g. tolerance to differences). An additional peer review could be considered at this stage. This will be added as an Appendix to the Study Plan and will be form the basis for analyses.
c. Analyses are conducted based on this framework once outcomes are available.
3. Prospective studies that require recruiting comparison schools. These are based on interventions that have not been fully implemented where evaluation activities are planned in intervention and comparison schools which require collecting new data. Thus, comparison schools need to accept taking part of the study. 
a. These study plans will be reviewed by EEF and an additional Peer Reviewer before the framework (e.g. matching approach) to select comparison units is used.
b. Comparison units are selected using the agreed framework. Then, the Evaluator and EEF will discuss the validity of these units as a counterfactual based on pre-defined criteria (e.g. tolerance to imbalance). An additional peer review could be considered at this stage. 
c. Comparison units are recruited from the pool of potential comparison units. Then, the Evaluator and EEF will discuss the validity of these units as a counterfactual comparing them with those included in the pool of potential comparison units based on pre-defined criteria (e.g. tolerance to imbalance). This will be added as an Appendix to the Study Plan and will be the basis for analyses.




These approaches are summarised below:
[image: https://documents.lucidchart.com/documents/cc220fd4-d50d-49cc-8649-619c4bb1f082/pages/0_0?a=2799&x=8&y=-18&w=1584&h=487&store=1&accept=image%2F*&auth=LCA%207268ac4f01e7e06f42eedd96f484c8a9c122958b-ts%3D1550850824]
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APPENDIX B – Table to describe variables that define why units take part of the intervention 
Complete as referred in the “Selection of the comparison group and identification assumptions” Section and considering the hypothesised selection mechanism explained in the “Selection Mechanism” Section.

	Factor
	Indicator(s)
	Justification
	Problems
	Influence decision to take up intervention?
	Impact on outcomes?
	Influenced by outcomes?
	Use for matching?

	Prior Attainment
	Average KS1 Maths
	Low previous attainment explains why schools would use the intervention
	
	Yes
	Yes
	No
	Yes

	
	Average KS2 Maths
	Low previous attainment explains why schools would use the intervention
	
	Yes
	Yes
	No
	Yes



	
	
	







APPENDIX C – Regression Discontinuity Design and Synthetic Control Method
Regression Discontinuity Design (RDD)
Description of this method should include:
· Description of the cut-off that creates a quasi-experimental variation to identify the comparison group. This should include graphs for: i) Density of the assignment variable; and, ii) Probability of assignment to treatment against the assignment variable. 
· Width of the window(s) considered for inclusion with alternative specifications of the width of the window and the functional form of the running variable[footnoteRef:28].  [28:  This requires recognising the tension between precision of the estimate, validity of the local randomisation and local linearity of the running variable – a narrower window reduces the number of units (increasing variance of the estimator), but improves the validity of local randomisation (units are more alike) and local linearity of the running variable (reducing the need to test alternative functional forms of the running variable). See Lee and Lemieux (2010, p 321-323) for a discussion and further guidance.] 

· Description of how imbalance will be reported. RDDs strive to attain the equivalent to local random assignment around the cut-off. Accordingly, imbalance between treatment and comparison units should be explored around the cut-off and reported in terms of ES[footnoteRef:29]. This needs to be done for each width of the inclusion window considered. [29:  Evaluators can also report significance tests for these differences.] 

· Description of tests for manipulation of the assignment variable around the cut-off. This should be explored graphically, as well as statistically[footnoteRef:30]. The model used to explore the density of the running variable needs to be fully specified.  Evidence of continuous density of all other variables around the cut-off could also be provided and fully specified[footnoteRef:31]. [30:  For example, using McCrary Density Test (McCrary, 2008)]  [31:  This requires providing evidence that there is no other discontinuity in relevant variables that could be conflated with the effects of the discontinuity that defines the treatment that is being evaluated ] 

When RDD are combined with DD (Carneiro et al. 2015, Hong et al. 2019), details for both approaches would need to be considered as the identification assumptions for both need to be satisfied.
Synthetic Control Method (SC)
Full details of the synthetic control method employed should be provided, including:
· Specification of level of comparison (school, cluster of schools, local authority, etc).
· Description of the potential control units, i.e. the “donor pool”. Criteria to exclude units from the donor pool should be specified, if possible. 
· Specification of the study period (pre-intervention and intervention periods)
· Specification of variables used to construct the synthetic control (this should include the outcome measure, lags of the outcome measure and a set of relevant covariates correlated with the outcome measure) [footnoteRef:32].  [32:  Abadie et al (2010) use three years of lags in the outcome measure; Ferman et al (2016) recommend using different sets of lags and reporting results for all.] 

· Specification of the method to determine the weights that define the synthetic control[footnoteRef:33].  [33:  This could be done using the cross-validation method or optimal weights as defined by Abadie et al, (2010, 2015). The Synth pack (Available for Stata) default option is to calculate optimal weights that minimise the mean square prediction error. If the Evaluator uses the cross-validation method, the training and validation periods need to be specified.] 

· Description of how imbalance will be measured. Root mean squared prediction errors (MSPE) should be reported for the pre-intervention and intervention periods and could be discussed graphically. The ratio of pre-intervention and intervention MSPE could also be presented graphically. These should be presented for all specifications.
· Description of extensive sensitivity analyses. Recognising that this method is data-driven, choosing one specification ex-ante might not be feasible,[footnoteRef:34] but extensive sensitivity analyses should be considered. Some may include: [34:  McClelland and Gault (2017) and Ferman et al (2016) aver that these choices considerably affect results, thus reporting a range of alternative specifications is important to assess model sensitivity. However, for the purpose of inference this creates the conundrum of which specification(s) should be used for hypothesis testing: requiring a statistically significative effect in one specification would lead to an increased probability of over-rejection of the null hypothesis. Conversely, requiring rejection of the null across all specifications would be very conservative.] 

· changes in the donor pool (e.g. leave-one-out, include all units)
· changes in the variables used (e.g. number of lags, choice of covariates)
· method for choosing predictor weights (e.g. optimal or cross-validation)
· changes to the study period (e.g. extend or reduce pre-treatment period)
· in-time placebos (i.e. shifting the intervention period to a point before the intervention was actually put in place)
· Description of the method used for statistical inference. Abadie et al (2010, 2015) propose estimating “placebo treatment effects” for all units in the donor pool. These should mimic the specifications used to estimate the synthetic control of the treatment unit. MSPE for the pre-intervention and post-intervention periods, as well as the ration between them should be presented.
Evaluators are encouraged to provide a balanced account of results found across specifications and to treat evidence as suggestive when using this method as it remains in its infancy.
This method was originally developed by Abadie et al. (2003, 2010) for cases with one treatment unit, but more recent developments have extended it for cases with multiple treatment units (See Acemoglu et al. 2016, Krief et al. 2016 and Robbins et al. 2017).
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