
Abstract
Policymakers, practitioners, and donors rely on standardised effect sizes to compare education 

programmes and allocate resources. Yet in early-grade reading interventions in low- and middle-

income countries, these metrics reflect differences in measurement tools, sample composition, 

and scaling choices as much as genuine learning gains. Drawing on data from 197 studies, we find 

that a single additional word per minute of reading fluency corresponds to anywhere from 0.03 to 

0.55 standard deviations across studies. For tests designed by researchers—the most common 

type of test in this literature and the hardest to compare—a single correct response on a reading 

assessment can result in a standardised gain anywhere from 0.08 to 0.80 standard deviations. 

Converting raw to standardised effects also reorders which programmes appear most effective. 

Fewer than one in four papers (23 percent) present both standardised and raw effects, leaving 

readers unable to judge specifically what children can do differently as a result of the programme 

and whether that change matters educationally. We propose that researchers report raw effects 

and reference distributions alongside standardised estimates, that work on reading benchmarks 

be extended across more languages and countries, and that shared measurement frameworks be 

developed faster. Together, these reporting changes can improve interpretation for policymakers 

and allow evidence syntheses to explicitly model differences in test design and sample composition 

across studies. Each of these changes would help the field show what children actually gained 

from a programme, not just how large the effect appears.
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1. Introduction
Policymakers, practitioners, and donors want to know which education interventions lead to 

meaningful improvements in children’s reading and language skills in low and middle income 

countries.1 Standardised effect sizes are the dominant metric for summarising and comparing those 

improvements across interventions (Evans & Yuan, 2022; Singh, 2015a; Angrist et al., 2025). They 

provide a common scale when studies use different instruments, populations, and designs, and they let 

readers gauge gains even across unfamiliar tests. These metrics form the foundation of the evidence 

synthesis infrastructure on which resource allocation decisions increasingly depend (Ritchie, 2025).

The problem is not that researchers standardise, but that standardised effects are routinely reported 

in isolation, without the contextual information needed to judge what they mean. Variation in 

reported effects reflects differences in measurement tools, sample characteristics, and scaling 

choices as much as underlying learning gains. The pursuit of larger standardised effects can 

therefore be misleading unless we understand what they mean in terms of raw, interpretable 

changes in children’s reading ability. A simple example illustrates how far this variation can go. 

A one-word gain in oral reading fluency can have a six-times larger standardised effect size in a 

study from Uganda (Leblango) than one in Kenya (English), and is more than twice the size in a 

study in The Gambia (English). In Nigeria (Hausa), a single additional word is almost twenty times 

the value of a word in South Africa (Setswana). Even accounting for language or grade differences, 

the substantive impact of a one-word improvement cannot plausibly differ by factors of six or twenty.

Such large differentials become a major concern in a literature that has grown rapidly and is 

used frequently for cross-study comparison, ranking, and policy guidance. In 2006, a review of 

randomised controlled trials (RCTs) of school-based interventions with learning outcomes could cite 

only seven studies from three countries (Glewwe & Kremer, 2006).2 A decade later, the landscape had 

transformed: a similar review documented 118 high-quality studies, including 80 RCTs (Glewwe & 

Muralidharan, 2016). There have been at least ten more reviews published since then.3 This growth 

reflects both an expansion of studies with credible causal claims and a strong motivation to generate 

and synthesise evidence to identify the most effective ways to allocate scarce education resources.

Yet progress in measuring skills outcomes within these evaluations has not kept pace with 

the growth in the production of causal evidence. As the literature has expanded, so too has the 

diversity of learning assessments, intervention types, and target populations being compared. 

1	 It is not the objective of this paper to provide a definitive judgment as to what constitutes a meaningful improvement. 

We would propose that a one-word gain in oral reading fluency is not a meaningful improvement and that learning 

to read a paragraph with comprehension is a meaningful improvement. Between those extremes, opinions on what 

improvement is meaningful may vary dramatically.

2	 Radio mathematics programmes, or mathematics workbooks in classrooms (Nicaragua), Uniforms, textbooks 

and classroom buildings (Kenya), Textbooks (Kenya), Deworming medicine (Kenya), Flipcharts (Kenya), 

Community teachers (India), Computer assisted learning (India).

3	 Ganimian & Murnane (2016), Conn (2017), J-PAL (2017), Asim et al. (2017), Graham & Kelly (2019), Kim et al. (2020), 

GEEAP (2020; 2023b), Evans & Yuan (2022), Angrist et al. (2025).
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Glewwe & Muralidharan (2016) warned that “more public goods and standards for measurement and 

reporting need to be created to make it easier for highly decentralized (and often opportunistically 

conducted) research studies to be compared across contexts.” Despite repeated calls for 

better, directly comparable outcome metrics and acknowledgements that standard deviations 

should be benchmarked against real world measures, little has changed (Bertling et al., 2023; 

Evans & Yuan, 2022; Stern & Piper, 2019). Meta-analyses often rest on the assumption that larger 

effect sizes imply greater educational significance and can be meaningfully combined across studies, 

an assumption that is unsafe when underlying study details differ (Simpson, 2017).

On average across papers, reporting practices lack transparency. We document that unstandardised 

(“raw”) effect sizes are rarely reported alongside their standardised counterparts. Concepts such 

as Learning Adjusted Years of Schooling (which currently take standardised effects as inputs) 

rescale effects against a further standard deviation, potentially compounding any distortion in the 

original estimate.4 Even within-study translations, for example expressing a programme’s impact as 

equivalent to a given number of additional months of schooling, rely on a learning rate drawn from 

that study’s same reference group with dispersion that is highly variable across studies. The further 

such conversions move from raw outcomes, the wider the disconnect between what is reported 

and what children can actually do (Kraft, 2020; Baird & Pane, 2019), and the harder it becomes to 

communicate the meaning of programme effects to the practitioners and policymakers who must 

act on them (Cuijpers, 2021). The risk is that resource allocation decisions may reflect statistical 

artefacts as much as genuine improvements in children’s skills.

Drawing on data from 197 studies of education interventions in low and middle income countries, 

this paper asks how far standardised effects can be compared across studies when the underlying 

measures, score distributions, and standardisation choices differ. Using oral reading fluency 

outcomes, we show that access to unstandardised effects and basic contextual information can 

materially change judgments about which programmes may merit scale-up or adaptation into 

new contexts. We then demonstrate how dispersion in the reference group, the approach to 

standardisation, and the suitability of the measurement instrument can produce large apparent 

differences in programme effectiveness even when underlying learning gains are similar. 

These issues are connected (instrument choice can shape dispersion, and dispersion shapes the 

standardised effect), and so are the three changes we propose in response, ordered from the most 

immediately implementable to the most ambitious.The most immediate step is greater transparency 

in reporting. We propose that researchers report two easily derived pieces of information alongside 

any standardised effect. First, the unstandardised (“raw”) effects, expressed in terms that show what 

children can now do as a result of their participation. Second, the reference sample distribution used 

to calculate the standard deviation when standardising. Reporting these two pieces of information 

would also place constructive pressure on researchers to engage more directly with the properties 

4	 Learning Adjusted Years of Schooling could accept any comparable learning unit, such as words per minute 

(Angrist et al., 2025). Standardised effects are used because of their current availability and flexibility across studies, 

but work to develop directly comparable scales may reduce this dependence.
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of the assessments they use, including their content, structure and reliability, the suitability of 

the chosen outcome for the sample, and whether the observed gain represents a meaningful 

shift in children’s skills. We don’t argue for abandoning standardisation but rather for routinely 

supplementing it with basic contextual information that researchers already collect.

Two further changes will take longer but should be accelerated. Outcomes need to be anchored to 

simple, language appropriate benchmarks (e.g., Ardington et al., 2021; Spaull et al., 2020) so that 

gains can be read as movements towards skills that matter. And the field needs faster progress on 

shared measurement frameworks because the choice of instrument is fundamental to whether 

a standardised effect can carry comparable meaning across studies at all. Both are important 

for connecting claims about programme effectiveness to genuine improvements in skills and 

for making evidence synthesis more informative for policy.

Several authors have examined the relationship between standardised effects and underlying 

learning in general terms (Alsalti et al., 2024; Baguley, 2009; Cuijpers, 2021; Kraft, 2020; Simpson, 2017), 

and others have raised measurement challenges specific to developing country contexts (Singh, 2015a; 

Cheung & Slavin, 2016; Bertling et al., 2023). Some have also demonstrated the problem empirically. 

Stern & Piper (2019) showed across six interventions that large effect sizes frequently failed to translate 

into meaningful gains in the proportion of children reading at benchmark. Their purpose was to help 

programme designers set realistic targets, but the finding speaks directly to the reliability of effect 

sizes as a summary of impact. Kerwin & Thornton (2021) show that, within a single randomised trial, 

the apparent programme effect is highly sensitive to which literacy subtask is used as the outcome. 

And Singh (2015b) notes that applying different scoring methods to the same set of test responses can 

double the estimated effect. These studies raise an important alarm, with each focused on a specific 

mechanism within a small set of programmes or a single evaluation. This paper attempts to describe 

how these and other distortions operate across the broader evidence base, discussing what that means 

for cross-study comparison, and the logical actions to improve reporting in the future.

The remainder of this paper is structured as follows. Section 2 describes the data and methods used. 

Section 3 documents the problem in four parts, examining how dispersion in the reference group 

shapes the standardised effect (Section 3.3), how the choice of reference group alters it (Section 3.4),  

how measurement choice and instrument suitability drive it (Section 3.5), and how secondary 

influences further complicate interpretation (Section 3.6). Section 4 proposes three practical steps 

towards improving how interventions are reported, benchmarked and interpreted. Section 5 

summarises and concludes.

2. Data and methods
We study evaluations of educational interventions that measure language or literacy outcomes 

among primary-school children in low- and middle-income countries. This paper does not present 

a systematic review. Instead, we assemble a large, purpose-built dataset designed to answer this 
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paper’s analytical question, namely how learning effects are measured, standardised, and reported 

across this literature. The resulting sample represents the peer-reviewed evidence base currently 

informing policy on literacy and reading, and is intended to capture the variation in measurement 

and reporting practices most relevant to our argument. Table 1 summarises our sample.

The sample is built primarily from existing evidence reviews. We begin with two large compilations 

of studies in the education literature, Evans & Yuan (2022, with 234 studies) and the Global Education 

Evidence Advisory Panel (GEEAP) database (GEEAP, 2023a, with 238 studies).5 We supplement these 

with Bertling et al. (2023, with 136 studies), which focuses on learning measurement in LMICs, and 

Kim et al. (2020, with 65 studies), which reviews literacy interventions in LMICs, together with a 

non-exhaustive update search for relevant studies published since 2022 (51 studies).

From these sources, we focus on peer-reviewed papers that (i) use an experimental or 

quasi-experimental design,6 (ii) measure learning effects for primary-school children, (iii) report at 

least one reading, language or literacy outcome, and (iv) are conducted in a low- or middle-income 

country. This yields 171 papers (Annex B details the construction and full paper list).

From each paper’s results tables we extract every reported estimate in the units used by the 

authors. Because papers typically report multiple estimates across specifications, subgroups, and 

outcome domains, this produces an effect-level dataset of 2,018 measures of a language or literacy 

outcome.7 We use these estimates descriptively to document reporting patterns and to illustrate how 

standardisation choices affect interpretation.

Nineteen of the 171 papers report oral reading fluency outcomes measured in correct words per 

minute. Because these studies share a common raw metric, the fluency subset lets us compare 

the same nominal gain across settings. For this exercise, we also draw on Sandefur et al. (2023), 

who systematically reanalysed USAID-funded Early Grade Reading Assessment studies using the 

underlying microdata. From their sample we retain the 26 evaluations that used an experimental 

or quasi-experimental design, report both a standardised and a raw (correct words per minute) 

effect, and do not already appear in our sample. These programme evaluations were not published 

in peer-reviewed journals; we use them only in the reading-fluency analysis because they provide 

paired raw and standardised effects on a common metric, and we exclude them from our description 

of reporting trends in the peer-reviewed literature.

5	 The GEEAP online appendix (GEEAP, 2023b) indicates 235 “Studies used for evidence synthesis” in the PRISMA flow 

diagram, but the GEEAP study list (GEEAP, 2023c) includes 238 studies which were included in the Full Paper Review 

and had findings included.

6	 We take a relatively relaxed approach to this criterion, including designs such as difference-in-differences, regression 

discontinuity, and propensity score matching. Our purpose is to examine how outcome effects are measured 

and reported across the literature, not to estimate a mean effect under a certain identification standard.

7	 Including composites where language and another subject are combined into an index.
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Finally, we use replication data for 18 studies (14 from the main sample, 4 from the USAID studies) 

as illustrative case studies. These data allow us to recover summary statistics often omitted in 

published papers (such as zero-score shares or reference-group standard deviations) and to 

demonstrate how standardised effects shift when the reference group changes (Section 3.4). 

We use these files to provide missing descriptive context and to illustrate denominator sensitivity, 

not to generate new treatment-effect estimates.

TABLE 1. Sample summary

Purpose Sample Size
Document how papers report gains and how 
standardisation choices affect interpretation 
and which measures are used

171 studies: compiled from existing 
reviews plus an updating search

Compare oral reading fluency gains in raw 
and standardised terms

45 studies: 19 from the sample of 
171 + 26 from Sandefur et al. (2023)

Provide case studies of how reporting and scaling 
choices can influence effect sizes

18 studies: 14 from the 171 studies + 4 
from Sandefur et al. (2023)

3. The challenge: Standardised effects, in isolation, 
tell us little about meaningful impact
The effect size of any programme is sensitive to many features of how its evaluation is designed, how 

outcomes are measured and how effects are scaled and reported (Figure 1). These features fall into 

three broad categories. First, how skills are measured. Second, how tests are scored, standardised 

and reported. Third, how the intervention design and analysis are specified. Each can materially 

change the reported effect size and therefore our perception of programme success.

FIGURE 1. Factors that influence reported programme effects

How Learning and Skills 
are Measured

How Tests are Scored, 
Standardised and Reported

How Intervention Design and 
Analysis are Specified

What construct and skill 
domain does the instrument 

cover?

What is the score distribution 
used to standardise the raw 

effect?

Is the evaluation of a 
causal or a correlational 

relationship?

How well was the measure 
aligned to the abilities 

of students tested?

Are results reported overall 
or by subgroup?

What is the sample size 
of students and schools/sites?

In what language was the 
assessment conducted?

How are tasks or test items 
scored and combined?

What does the comparison 
group experience while the 

intervention takes place?

Does the assessment 
meet basic psychometric 

standards?

Where there are subtasks, 
which are reported and which 

are highlighted?

Over what time period were 
impacts measured?
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3.1. Known influences on reported effect sizes
The literature documents some of these influences clearly, particularly those relating to intervention 

design. For example, Evans & Yuan (2022) demonstrate that reported effects are larger for small-

scale studies than for large-scale studies, and that quasi-experimental methods generally report 

smaller effects than randomised trials. Sandefur et al. (2023) offer a potential explanation for this 

observation, proposing a “tendency for ‘better’ (and richer) programs to receive more rigorous 

evaluations.” Supplementing this, Kraft (2020) summarises the US evidence as showing that 

reported correlational relationships are, on average, substantially larger than estimates of causal 

effects. Other design factors, including how to treat short-run versus multi-year effects and how to 

compare programmes with different counterfactual conditions, also influence interpretation and 

are discussed in Section 3.6.

How skills are measured and how tests are scored and standardised are equally consequential for the 

reported effect size. In high income settings, Cheung & Slavin (2016) show that researcher-designed 

tests yield roughly double the effects of independent measures. Simpson (2017) highlights how 

sample and test design choices allow researchers to “legitimately directly manipulate effect size”; 

and Baguley (2009) argues that standardised effects represent sample variability rather than the 

meaning of the construct.

In low and middle income settings, a small body of evidence raises similar concerns. Evans & Yuan 

(2022) show that the form of the test matters substantially, with orally administered tests yielding 

much larger effects than written tests and multiple choice items larger effects than open-ended 

items. Singh (2015a) warned that standardised effects are not neutral yardsticks. Bertling et al. 

(2023) document wide variation in test content for similar grades and subjects, severe floor effects, 

and limited documentation of test properties. Several authors have called for more comparable 

or more interpretable outcome metrics (Glewwe & Muralidharan, 2016; Stern & Piper, 2019; 

Evans & Yuan, 2022). Taken together these contributions establish that measurement and scaling 

choices matter. What is less well understood is how these choices influence the interpretation 

of reported effects across a wide range of low and middle income country evaluations.

3.2. Why measurement and test scoring matter for effect-size 
interpretation
We do not propose replacing standardised effects. But without the raw gain, the reference 

distribution, and information on what the SD reflects, they can create a false sense of comparability 

across studies and distort how results are interpreted.

A standardised effect is just a raw gain divided by a chosen standard deviation (see Annex A for a 

brief description). Change the way skills are measured, who is in the sample, or which group provides 

the SD, and the reported effect can double or halve even if children’s actual learning progress is 

identical. Standardised effects are comparable when the SD is externally anchored, for example fixed 
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by biology (as with height) or by calibration to a reference population (as with PISA where 1SD = 100 

points by construction).

For most educational interventions however, the SD reflects sample composition and test properties 

that are internal to the study. The size of a standardised effect isn’t just about the underlying 

relationship between programme and reading skills, it also depends on how much variability there 

happens to be in the study data. Narrow, homogeneous samples shrink the control-group SD and 

inflate apparent effects; diverse or noisy samples widen it and dilute them. In other words, the 

standardisation process upweights progress in less variable groups, a situation that is particularly 

relevant in low literacy environments (Stern & Piper, 2019). Researcher choices about which 

reference group supplies the standard deviation (for example, a control group at baseline versus the 

full sample at endline) also shift reported effects.

Test properties compound the problem. If a reading test is short, covers a narrow skill domain, or is 

targeted at the wrong level for the children being tested, the observed SD captures features of that 

measure, rather than true variation in reading skills. In such cases, SD units can make results 

comparable in form, but not comparable in meaning.

This is clearest in oral reading fluency data where the raw metric, correct words per minute (CWPM), 

has a simple and intuitive interpretation. Yet across EGRA studies, one additional correct word per 

minute corresponds to anywhere between 0.03 and 0.55 standard deviations. (Figure 2 shows this 

variation across 66 estimates, and Annex Figure C1 provides an alternative interpretation of the 

same point by flipping the horizontal axis to show the number of words each study would need to 

reach a 0.3 SD gain.)

The same one-word gain has a six-times larger standardised effect size in a study in Uganda (0.24 SD) 

than in a study in Kenya (0.03 SD), and is more than twice the size reported in The Gambia (0.11 SD).  

In a Lugwere-language assessment (Uganda, 0.55 SD) a single word is almost twenty times as 

valuable as in a Setswana-language assessment (South Africa, 0.03 SD). These are differences 

between individual studies, not between countries, and this variation does not appear to be primarily 

a cross-language or cross-grade phenomenon. Figure 2 shows a large range of values within single 

languages and within single grades. English-language assessments alone span an almost fivefold 

range across six countries. Holding the grade constant we also see Grade 2 assessments, for example, 

ranging from 0.04 to 0.55. The effect of one extra correct word per minute cannot differ by factors of 

six or twenty.8

8	 Especially if you consider that the Kenya and The Gambia tests were both in English and the Uganda test was in 

Leblango which has a shallower orthography than English.
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FIGURE 2. The number of standard deviations represented  
by a one word per minute gain varies twenty-fold across studies
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The illusion of variation from a single word per minute arises because the standard deviation used 

in the standardisation process reflects sample composition, difficulty targeting and language, 

not a change in what “one more correct word per minute” actually represents in terms of the path 

to reading comprehension. A simple, interpretable fluency metric is being converted into SD units 

that obscure what children can actually do differently as a result of an intervention. Heuristic 

benchmarks for “small”, “medium” and “large” effects are of little help here. The range of exchange 

rates across studies means that a given SD effect (say 0.30) could correspond to a gain of anywhere 

from half a word to seven or eight words per minute.

The consequences of this variation extend beyond individual studies to the ranking of programmes. 

Figure 3 compares the rank ordering of 85 observations (wherein both the SD and the WPM effect 

was greater than zero) when ranked by SD effect versus WPM effect. Despite a strong correlation 

(Spearman ρ = 0.82), individual observations shift substantially. Some of the largest movers are 

interventions in low-literacy contexts where small absolute WPM gains produce large SD effects. 

For example, Yemen goes from 5th in SD gains to 58th in WPM gains (top-third to bottom-third) 

and Nigeria goes from 28th to 56th (top-third to middle-third). Converting raw to SD effects can 

therefore reorder which programmes appear most effective, with important consequences for 

policy conclusions drawn from cross-study comparisons.
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FIGURE 3. Converting raw to standardised effects reorders programme rankings
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A further problem is that studies rarely provide the raw effects needed for interpretation. Across 

the papers in our dataset, the trend has been toward reporting only standardised effects. Table 2 

shows how reporting practices have shifted over time. The share of papers presenting any SD-based 

effect has risen from 37 percent before 2010 to 87 percent since 2020, while the share presenting any 

raw (unstandardised) effect has fallen from 78 to 43 percent over the same period. Only 23 percent 

of papers report both metrics. The dominance of standardised reporting is not only a conceptual 

issue but a practical barrier to understanding what programmes achieved.

TABLE 2. Effect-unit reporting by publication period (171 papers)

Period Studies Any SD 
Effect

Any Raw 
Effect

Both SD and 
Raw Effects

Only Other 
Effects

Before 2010 27 10 (37%) 21 (78%) 4 (15%) 0 (0%)
2010 to 2014 50 30 (60%) 28 (56%) 9 (18%) 1 (2%)
2015 to 2019 47 38 (81%) 19 (40%) 12 (26%) 2 (4%)
2020 to 2025 47 41 (87%) 20 (43%) 15 (32%) 1 (2%)
All 171 119 (70%) 88 (51%) 40 (23%) 4 (2%)

Notes: Classification is based on the units in which treatment effects are presented in the paper’s results table or, where 
the body text includes a discussion of effects in alternative units, in that discussion. Proportion-based effects are grouped 
with raw (both are unstandardised).

This pattern reinforces the central concern. Without raw effects and sample context, standardisation 

has the potential to misdirect policy (Simpson, 2017). Policymakers risk allocating resources 

according to statistical distortions rather than meaningful improvements in children’s skills. 

We examine these challenges in four parts in the remainder of this section.

3.3. How dispersion in the reference group shapes 
the standardised effect
The standardised effect divides a raw gain by a standard deviation. The spread of scores in the 

reference group, which supplies that denominator, is therefore as important for the reported effect 

as the raw gain itself. Where the reference group is homogeneous the SD is narrow and even a 

modest raw gain translates into a large standardised effect as we illustrate below with two early 

grade reading programmes. Where scores are more dispersed, the same gain registers as a much 

smaller one.

The most common source of homogeneity in low and middle income country reading assessments 

is floor effects, with many children clustered at or near zero. Ceiling effects can produce the same 

compression when a test is too easy for the target population, though these are less common 

(Bertling et al., 2023). Oral reading fluency data, where the raw metric is directly interpretable, 

expose the problems clearly.
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The EGRA oral reading fluency subtask returns scores that are already expressed on a common 

metric of correct words per minute (CWPM). So, in principle, no further standardisation should 

be required to compare effects across contexts. Yet many studies convert CWPM gains into 

standardised effect sizes, aiming to enhance comparability across languages or with studies 

that have different outcome measures. In practice, this amplifies spurious variation more 

than it improves comparability.

Among the observations in our combined fluency sample, the pattern is stark. Studies with similar 

raw gains in words per minute report SD effects that differ by a factor of five or more, driven almost 

entirely by differences in the control-group SD. Figure 4 shows one feature of the sample, the share 

of children scoring zero, that underlies this variation.

In the oral reading fluency data, the share of children scoring zero is a strong predictor of reference-

group homogeneity and therefore of how large the SD-per-word ratio becomes. Figure 4 plots this 

relationship for the 71 observations where both a zero-score rate and the SD-per-word ratio are 

available. As the floor population grows, the control-group SD shrinks and each additional word per 

minute buys a larger standardised effect (r = 0.67 for SD-per-word ratio vs % zeros). The relationship 

is non-linear. The SD-per-word ratio rises continuously, but the steepening is particularly visible 

beyond roughly 50 percent zeros, where the few children reading at all provide too little variance 

to anchor a stable denominator (this threshold is illustrative rather than a formal breakpoint).9 

The shape of the underlying distribution, rather than the intervention itself, drives the apparent size 

of the effect.

9	 This threshold is arbitrary but helps to illustrate the mechanism. The analysis can tolerate a substantial share of zero 

scores as long as enough children record positive values. When around 40–50 percent of students read at least one 

word, their scores typically span a broad range, from a few to over a hundred correct words per minute. This provides 

sufficient spread to stabilise the standard deviation. In that range, shifting a few children from zero into positive 

territory barely changes the SD. Beyond roughly 70 percent zeros, however, the distribution becomes too truncated. 

The few positive scores no longer provide enough variation and the SD starts to move sharply with small changes 

in who clears the zero threshold.
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FIGURE 4. More zero scorers in the control group predicts inflated  
SD-per-word ratios
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Note: Each point is an individual effect (a specific outcome, treatment arm, grade or language within a study).

Source: Fluency effect size database (71 observations from 33 studies).

Figure 4 could equally be read as a statement about instrument suitability. An assessment that is too 

difficult for the target population, or mismatched in language or construct coverage, will generate 

a large floor effect and compress the reference-group SD. Large standardised effects deserve 

particular scrutiny in low-literacy settings, where the denominator is most compressed and each 

raw word buys the most SD units. A case comparison illustrates the consequences.

A comparison between a large-scale literacy programme in Uganda and a comparable programme in 

Kenya illustrates this pattern well. Both were early-grade literacy programmes combining material 

inputs with intensive teacher training and support. Both used the same measurement instrument, 

the EGRA.
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In the Ugandan programme, at the end of first grade, mother-tongue letter recognition improved by 

1.01 SDs and overall reading by 0.64 SDs. Writing effects ranged from 0.45 to 1.31 SDs across tasks. 

These effects were described as comparable to some of the largest measured in the literature.

In the Kenyan programme, using the same EGRA tasks, mean effects were still large, but more 

modest: 0.46 SD across reading subtasks, including 0.73 SD for correct letters per minute and 0.40 SD 

for oral reading fluency.

Expressed in raw terms, however, the picture reverses.10 At endline, children in the Kenyan 

programme’s treatment schools averaged 45 correct words per minute compared with 31 in control 

schools, a gain of 14 words per minute that moved many learners closer to national benchmarks for 

their grade (Piper & Mugenda, 2014). They also recognised nearly twice as many letters per minute 

(47 versus 26 in control schools). In the Ugandan programme, by contrast, gains were just 2 correct 

words per minute and 10 letters.11 These much smaller improvements in actual reading ability fall 

below the USAID average for early-grade literacy interventions (Sandefur et al., 2023).

This discrepancy exposes a central challenge in comparing programme effects. The same class 

of interventions can appear transformative or barely moderate depending on what goes into 

standardised scores. In the Ugandan case, the large standardised effect reflects that, at the endline, 

children in control schools had terribly low proficiency on almost all tasks. 46 percent couldn’t name 

a single letter, 97 percent couldn’t identify a single familiar word and 96 percent scored zero in oral 

reading fluency. Only 21 of 473 children recorded any fluency score at all and just 10 could read five 

or more words per minute. With no meaningful spread of scores, a raw gain of less than 2 words 

per minute translated into a large standardised effect. In contrast, Figure 5 shows that the Kenyan 

programme’s distribution of reading fluency scores had far fewer zero scorers, providing a more 

stable basis for interpreting progress.

10	 We chose this pair to demonstrate the mechanism because both programmes used the same instrument and a similar 

intervention model, isolating the role of the reference-group distribution. Other study pairs show different patterns; 

the point is not that all comparisons are this stark, but that the denominator can dominate the effect.

11	 These are calculated from raw scores in replication data, using the same specification as for standardised outcomes.
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FIGURE 5. Oral reading fluency rates by treatment group in projects 
in Kenya and Uganda

0
50

100
150
200
250
300

0 50 100 150
Oral Reading Fluency

KENYA: Control, SD = 29

0
50

100
150
200
250
300

0 50 100 150
Oral Reading Fluency

KENYA: Intervention, SD = 36

0

100

200

300

400

500

0 50 100 150
Oral Reading Fluency

UGANDA: Control, SD = 4

0

100

200

300

400

500

0 50 100 150
Oral Reading Fluency

UGANDA: Intervention, SD = 7

Notes: Distribution of oral reading fluency scores (correct words per minute) by treatment status at endline for Kenya 
(Piper & Mugenda, 2014) and Uganda (Kerwin & Thornton, 2021). In Kenya, both groups show a spread of scores with clear 
separation between treatment and control. In Uganda, the control distribution is dominated by zero-scorers, compressing 
the SD and inflating the standardised effect.

Source: Replication data for each study.

The dispersion of scores in the reference group is not a design choice but a feature of the setting, 

the population, and the instrument. But the researcher does choose which group’s dispersion to use 

as the denominator, and that choice, examined next, adds a further layer of variation to reported effects.

3.4. How choice of reference group alters the effect size
The first issue was the amount of dispersion. The second issue is which group’s dispersion we use. 

Because the standardised effect is constructed by dividing the raw gain by a selected SD, the choice of 

reference group becomes a powerful lever. Different denominators can produce very different effect 

sizes even when the learning change is identical. In practice, studies standardise by the average of the 

baseline control group, the endline control group, a pooled average of treatment and control groups, 

or subgroup-specific distributions (for example, separate distributions for each grade or gender).

3.4.1. Standardisation conventions and their effects

Small analytical decisions that researchers make when standardising an estimated difference in 

means can have large consequences for the magnitude of the corresponding effect size (Kraft, 2020). 

In most cases the choice is a subjective decision, sometimes influenced by the study design and data 

availability, other times by disciplinary convention.
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The most common approach is to standardise the raw effect using the control-group standard 

deviation, on the logic that variation in the treatment group may be directly influenced by the 

intervention. When using the control group, researchers may draw the standard deviation from the 

baseline (where available) or the endline. A related approach is to standardise outcomes separately 

in each assessment round, producing wave-specific ‘z-scores’. For the outcome measure this is 

equivalent to standardising by the endline control group, and we think of it in that way here.

A variation is to produce group-specific z-scores, by age, grade, location, and so on, before running 

the analysis. This removes group-driven differences in means and variances, yielding a cleaner 

within-group measure of learning gains and avoiding composition bias. Yet it also changes the 

interpretation of the standardised effect size, moving it away from “how much did the programme 

shift the full sample compared to the control overall?” to “how much did it shift children at the same 

developmental stage? / in the same location?”.12

The other common approach is to use Cohen’s d, the pooled standard deviation across both control 

and treatment groups at endline. This approach treats the variation in each group as equally relevant 

to interpretation.

Across the 119 papers that report standardised results, we see a clear tendency to favour the control-

group standard deviation at endline (Table 3), but all approaches are used. Standardisation is a paper-

level choice with every paper in our dataset using a single denominator group across all its SD effects 

(i.e., we do not see switching between using a pooled group for some effects and the control group 

for others).

TABLE 3. Standardisation denominator choices (119 papers reporting SD effects)

Standardised By At Endline At Baseline Unspecified Total
Control/comparison group 57 5 5 67
Pooled/full sample (Cohen’s d) 18 8 6 32
Not specified or ambiguous 0 0 20 20
Total 75 13 31 119

Note: Eight papers standardise within sub-populations such as age groups, grade cohorts, language groups, 
or examination years rather than against a single pooled or control-group distribution.

This choice is not trivial. The sample used to calculate the SD determines the denominator of the 

effect size. In plain terms, a 0.4 SD effect is the same as saying that the intervention group mean 

increased by 0.4 units of the relevant distribution of scores, relative to the control group mean. 

Changing the reference distribution of scores alters the standardised effect size even when 

the underlying raw improvement is identical.

12	 More technically, the estimate becomes an average within-group SD gain rather than an SD gain relative to the overall 

control distribution.
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The magnitude of difference between different approaches is not consistent across studies (Figure 6). 

In some cases, the choice of reference group barely alters the reported effect (see Malawi, or Uganda), 

while in others it transforms the interpretation (see Yemen or The Gambia). Despite the horizontal 

scale being driven by the largest effect in Figure 6, for most of these studies, the differences are very 

large and will influence how readers judge intervention performance: from about 0.4 to over 1.0 

in Yemen, from 0.5 to 0.9 in Nigeria, from less than 0.4 to almost 0.6 in Kenya.

This variation reflects three interacting features, namely the raw programme effect, the relative 

variance of treatment or control groups at endline and what it was that the control group was 

exposed to while the treatment group received the intervention. When the control group remains 

largely inactive or at the floor of performance, standardisation choices are particularly influential, 

but when both groups are, say, in school and making some progress, the standardisation can be 

less important.

FIGURE 6. Reference group choices can have large impacts 
on standardised effects

Malawi EGRA G4 (2)

Malawi EGRA G2 (1)

Kenya PRIMR (12)

Uganda NULP (2)

Yemen EGRA G1-2 (3)

Liberia READ (16)

Nigeria RARA G2 (5)

Liberia Luminos Passage (21)

Liberia Luminos FamWord (18)

The Gambia (39)

0 0.4 0.8 1.2 1.6 2 2.4 2.8 3.2 3.6 4
Standardised e�ect size

Control Baseline SD Control Endline SD Pooled Endline SD

Notes: This figure shows standardised effect sizes that result from analyst choices about which distribution to use 
as the reference. All estimates are based on simple mean differences from replication data, using design weights 
where available. In The Gambia, there was no baseline assessment so only two values are shown. For each study, 
the raw difference in correct words per minute is shown in parentheses.

We don’t think that there is necessarily any single “correct” reference distribution, but the 

choice should be explicit. It is worth distinguishing the two purposes a denominator serves. 

For within-study inference, the endline control group is the natural choice because it represents 
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the counterfactual. Where a within-study default is needed, we recommend it on that basis, while 

recognising that other variants can be defensible depending on design and research intent.13

For cross-study synthesis, however, even a uniformly applied convention cannot resolve the 

comparability problem. Two studies that both divide by the endline control-group SD will still 

produce denominators shaped by different sample and instrument features, differences large 

enough, as we have shown, to reverse apparent programme rankings. Cross-study comparability 

therefore depends less on which denominator is adopted and more on whether the raw effects, 

score distributions, and instrument characteristics needed to model these differences are reported 

alongside the standardised figure.At the very least, authors should clearly state the reference 

group (e.g., “0.2 SD of the distribution of scores in the endline control group”), show the underlying 

distributions, and test sensitivity to alternative choices. Once the raw score distributions are visible, 

readers can judge what a given SD effect means in real terms, regardless of which variant is used. 

The priority is not enforcing a single standard but ensuring that SD-based effects do not give the 

impression of being comparable when they rest on different denominators.

3.4.2. Subgroup analysis as a reference-group choice

Researchers sometimes report results separately by grade, language, school type, or location. 

This disaggregation is valuable for policy since it can reveal who benefits the most from a 

programme, but it also constitutes a reference-group choice. When each subgroup is standardised 

against its own control distribution rather than the overall control, the denominator changes 

across groups. As subgroups become more homogeneous their SDs narrow and the same raw 

gain translates into a larger standardised effect (Baguley, 2009).14

Table 4 illustrates this with data from the Primary Math and Reading (PRIMR) Initiative. The same 

five-item reading-comprehension outcome yields quite different standardised effects depending 

on which slice of the sample provides the denominator.Grade 1 and Grade 2 formal students show 

similar raw gains, yet their standardised effects differ by a factor of 1.7 (0.58 vs 0.35). In Grade 2, 

one additional correct response counts as 1.09 SD in formal schools but only 0.76 SD in nonformal 

schools, a 45% premium simply because one group has a narrower distribution. These shifts come 

entirely from a choice to standardise within subgroups rather than against the full control.

13	 Baseline control-group SDs may be preferred where attrition or contamination is a concern at endline. Pooled 

(treatment + control) SDs may be preferred for comparability with Cohen’s d conventions or where the treatment is 

expected to change the variance. The key requirement is not that everyone uses the same denominator, but that the 

choice is stated explicitly and sensitivity to alternatives is tested.

14	 A more general source of range restriction comes from studies that operate in sub-regions or prioritise certain 

sub-groups in a country. If a subset of rural schools has been included in the study then it is likely that the range of 

performance in this group is considerably narrower than at the country level. Range restriction is also influenced 

by data processing choices, for example in removing suspected outliers from datasets, or winsorizing scores. 

This mechanically reduces the range of observed scores in the analysis, reducing the standard deviation.
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TABLE 4. Effect sizes for a series of subgroups from the same overall sample

Group Grade 1 
Formal

Grade 1 
Nonformal

Grade 2 
Formal

Grade 2 
Nonformal

Raw effect on reading comp. 0.38 –0.05 0.32 0.21
Control standard deviation 0.66 1.24 0.92 1.28
Standardised effect size 0.58 SD –0.04 SD 0.35 SD 0.16 SD

Group Grade 1 Overall Grade 2 Overall
Raw effect on reading comp. 0.19 0.26
Control standard deviation 1.03 1.12
Standardised effect size 0.18 SD 0.23 SD

Group Grade 1 & Grade 2 Overall
Raw effect on reading comp. 0.23
Control standard deviation 1.09
Standardised effect size 0.21 SD

Notes: The “Raw effect on reading comp.” is the difference between intervention and control groups’ average score on five 
reading comprehension questions. Weights are used to compute means and standard deviations. We standardise using 
the control standard deviation for the relevant group (i.e., the control in G1 formal schools for the “G1 Formal” group; 
or the full G1 control sample for the “G1 Overall” group).

Source: Replication data for PRIMR midline.

Claims such as “the programme worked especially well for rural girls” can therefore describe data 

structure more than educational reality. The safeguard is to standardise once against the full reference 

distribution, so that all effects are expressed relative to the same reference SD. Subgroup analyses should 

then report both raw and standardised effects alongside sample sizes, allowing readers to judge whether 

differences reflect genuine heterogeneity or result from the mathematics of smaller denominators.15

3.5. Measurement choice and instrument suitability
So far, we have focused on how variation within and between groups affects the scale against which 

progress is judged. A third challenge lies in how that progress is measured in the first place. Even 

with identical underlying gains in skills, two studies can report very different raw and standardised 

effects simply because their instruments capture different constructs, target different difficulty 

levels, or are better (or worse) aligned to the children being tested.

In this section, we describe how instrument fit can drive the standardised effect size. By instrument 

fit we mean the match between what a test measures, the ability level of the children being assessed, 

and the progress it can and cannot detect. Two questions are central:

•	 What construct or skill domain does the instrument cover?

•	 How well does its difficulty match the ability level of the learners being assessed 

(especially, how severe are the floor and ceiling effects)?

15	 Piper et al. (2014) does this excellently for subgroups in PRIMR, with Table 4 showing simple comparison of means 

by subgroup, along with effect sizes and standard deviations used to compute those.
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Understanding why measurement suitability matters for reading requires briefly considering 

what reading development looks like. Reading for meaning rests on a developmental sequence of 

subskills. Children must first master letter-sound associations, then use those sounds to decode 

new words, and eventually read sentences fast enough that working memory can assemble meaning. 

The fluency threshold at which comprehension becomes possible varies across languages, depending 

on orthographic depth and morphological structure (Section 3.6.4 discusses these language-specific 

differences in detail). What matters here is that any single instrument, whether it measures letter 

knowledge, decoding, fluency, or comprehension, captures only part of this sequence.

Foundational skills such as letter identification, letter-sound knowledge, blending, and decoding 

are strong predictors of later comprehension and represent meaningful progress in their own right. 

Crawford et al. (2024) show that children in LMICs make real gains in these early skills between 

Years 1 and 3, even when they remain far from fluency benchmarks. A child who learns 15 new 

letter-sounds or begins decoding simple words has crossed a critical developmental threshold, 

yet a fluency-based measure would record zero progress. This mismatch between what children 

have learned and what the instrument can detect is a problem of instrument fit and is the central 

concern of this subsection.

3.5.1. A fragmented measurement landscape

The EGRA is the only reading assessment that lets us directly compare nominal gains (raw words 

per minute) with standardised effects across many studies. Yet it appears in just 11 percent of papers 

in our dataset (Table 5). With the dismantling of USAID and its funding of early grade reading studies 

(Walls, 2025), the sector will likely confront an even more fragmented measurement landscape.

TABLE 5. Assessment types used across 171 papers, by publication period

Period N Gov. Exam EGRA Other Vendor Researcher Multiple
Before 2010 27 9 (33%) 0 (0%) 2 (7%) 16 (59%) 0 (0%)
2010–2014 50 13 (26%) 0 (0%) 3 (6%) 33 (66%) 1 (2%)
2015–2019 47 6 (13%) 7 (15%) 3 (6%) 28 (60%) 3 (6%)
2020–2025 47 6 (13%) 11 (23%) 2 (4%) 26 (55%) 2 (4%)
All 171 34 (20%) 18 (11%) 10 (6%) 103 (60%) 6 (4%)

Nearly two-thirds of papers use researcher-designed instruments; the rest rely on tools from 

government exams, EGRA, or other named tests such as the ASER and PPVT measures. These 

instruments measure different constructs, vary in difficulty, and present children with tasks that 

are rarely comparable. This fragmentation introduces a further complication. Nominal changes 

on different tests cannot be easily compared, but their standardised effect sizes routinely are.

Kerwin & Thornton (2021), whose Uganda data we examined in Section 3.3 for reference-group 

dispersion, provide further evidence on this point. They show that within a single randomised trial 
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the apparent effectiveness of a literacy programme can shift dramatically depending on which 

outcome measure is chosen. As they note, “there are many possible measures of learning: a wide 

range of tests, measuring a variety of skills and implemented in different languages.” Small changes 

in test construction, such as using letter-recognition versus sentence-writing tasks, can alter the 

measured effect by more than half a standard deviation. Their findings highlight how both input 

choices and measurement design jointly determine observed programme impact, even when 

implementation and context are held constant.

Within the Northern Uganda Literacy Project, for example, effect sizes ranged from 0.14 SD 

(story-writing, presentation) to 1.31 SD (given name writing) across EGRA reading subtasks and 

writing subtasks administered in the same trial. Even summarising across subtasks, the simple 

mean of subtask effects (0.53 SD) differed from the PCA-weighted composite (0.64 SD). The choice 

of which subtask to highlight can therefore shift the headline result by more than half a standard 

deviation.

Across three studies that use composite language scores, we see the same pattern. These three 

studies were selected because each constructs a composite language score from reading and 

writing subtasks, allowing a like-for-like comparison of how similar nominal progress translates 

into different standardised effects. In Nigeria, small nominal gains (1.5 additional letters sounded, 

0.3 more words per minute, near-zero improvement in comprehension) translate to 0.46 SD,16 

enough for the authors to describe the intervention as “highly effective and cost-effective.” In Kenya, 

slightly larger absolute gains (3.5 more letters, 0.6 more decoded words) yield only 0.13 SD.17 

In Colombia, still larger gains (4.4 letters, 2.5 more words per minute) produce 0.27 SD.18 The range 

of 0.13 to 0.46 SD for qualitatively similar underlying progress illustrates how much of the apparent 

variation comes from the test, the sample, and the scaling, rather than from differences in what 

children learned.

For researcher-designed item-based assessments, the variation is equally stark. A single additional 

correct response corresponds to anywhere from 0.08 to 0.80 SD across studies in Burkina Faso,19 

16	 In the baseline sample, only 116 of 9,285 children (1.2%) proceeded beyond the letter identification subtask, which 

required them to give at least one correct answer from the first 10 letters. The authors construct a composite measure 

of all literacy skills (0.46 SD effect) and calculate that this represents 0.75 LAYS / $100 ranking in the top quarter of 

72 comparator interventions.

17	 ETP replication data. Comparing raw scores by tracking status and regression of normalised literacy score 

(control normed) on tracking.

18	 All subtask scores are added together, so an additional letter is worth the same as an additional word, same as an 

additional comprehension question. The total difference was 7.7 ‘correct responses’. Good example of the aggregation 

issue.

19	 Children were asked to identify 2 letters, decode 4 words, and fill in 2 blanks. The test was the same irrespective of child 

age. 97% scored zero at age 6, 70% scored zero at age 7, 58% scored zero at age 8.
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Bangladesh,20 Afghanistan, and Indonesia,21 reflecting differences in samples, constructs, item 

difficulty, and how narrowly the test is targeted.

Differences across studies are compounded by differences within studies. In both Burkina Faso and 

Afghanistan, the SD value of a single item depends on the age of the children or the timing of the test. 

This follows directly from the standardisation process. In the first case, tests are standardised by age, 

while in the second case, the same assessments are re-standardised at two different points in time.22

3.5.2. How instrument properties mechanically alter the standardised effect

This diversity of instruments would be less concerning if different measures yielded similar effect 

sizes for the same underlying learning gain. But they do not. To illustrate, we consider what happens 

when the same improvement in children’s latent reading ability is captured by two different 

measurement tools in two different literacy environments.

The first tool is a continuous measure of oral reading fluency, returning correct words per minute 

(CWPM). The second is an ASER-style categorical ladder classifying each child into one of four 

levels (cannot identify letters, can identify letters, can read words, or can read a short paragraph). 

We compare each tool in a higher literacy environment (average fluency ~40 CWPM at baseline) 

and a lower literacy environment (average fluency ~2 CWPM at baseline).23

Although the true learning gain is identical across all four scenarios, the observed standardised 

effect sizes range from 0.35 to 1.47 SD (Table 6).

TABLE 6. The same real improvement (1 SD) in latent reading ability produces very 
different observed effect sizes depending on instrument-environment fit

Measure Latent 
Ability

Control 
Mean

Intervention 
Mean

Mean 
Difference

SD of 
Control

Std. 
Effect

CWPM higher 40.9 60.6 19.7 20.2 0.98
CWPM lower 1.5 8.5 6.9 4.7 1.47
Ladder higher 3.82 3.98 0.16 0.46 0.35
Ladder lower 1.67 2.51 0.84 0.76 1.11

20	 Note that it was not 1 more item, in fact it was the same score over time in the intervention group, just that the control 

had fallen back by 1 item. Three of the six items were translations of Bangla to English words.

21	 Pradhan et al. 2014. Based on 0.17 SD in Table 5, “Linkage” estimate, and post-SD in control (Col (1)). The 0.16 SD value is 

from replication data, comparing raw scores with z-scores.

22	 A further issue is treatment-inherent measurement. Researcher-designed tests are more likely to mirror the content 

or formats used in the intervention, increasing the chances that children in the treatment group perform well because 

the test aligns with what they practised, not because of broader gains.

23	 The illustration assumes that latent reading ability maps linearly to observed CWPM, with baseline means of 

approximately 40 CWPM (higher literacy environment) and 2 CWPM (lower literacy environment), plus normally 

distributed measurement noise. The ASER ladder scores are derived from the same latent ability using threshold 

cut-points.
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In the higher literacy environment, reading fluency tracks the true effect closely (0.98 SD), because 

the tool is well matched to children’s abilities, and scores are spread across a wide range with 

minimal floor effects. But the categorical ladder, designed for lower-literacy contexts, suffers a 

severe ceiling effect (most children are already at the top level) and captures only 0.35 SD.

In the lower literacy environment, the pattern reverses. Reading fluency produces a raw gain of 

only 6.9 CWPM (versus 19.7 in the higher-literacy setting), because most children cluster at zero and 

genuine progress in letter identification and decoding goes undetected beneath the floor. Yet when 

this small raw gain is standardised against the very narrow control-group SD, the effect inflates 

to 1.47 SD, well above the true 1 SD. The ladder is more sensitive here, capturing movement across 

proficiency levels, but still returns an inflated 1.11 SD once standardised.

3.5.3. Empirical evidence: progress hidden beneath the floor

An in-school camps intervention in Uttar Pradesh illustrates this pattern with real data 

(Banerjee et al., 2017). Of 1,725 children who could not identify letters at baseline, the endline showed:

284 children (16% of them) remained unable to identify letters
810 children (47% of them) had progressed to letter identification 
311 children (18% of them) had progressed to word identification
310 children (18% of them) had reached a level that they could read a short 

paragraph or more, i.e. some measurable fluency 

Sole reliance on a reading fluency measure would have overlooked progress for approximately 

1,500 children (a third of the total intervention sample) who had demonstrably improved their 

reading ability but had not yet reached the threshold of measurable fluency. A further 1,794 children 

who could identify letters but nothing more at baseline showed similar patterns. Forty-two percent 

remained below the level at which a reading fluency measure would detect any change.

3.5.4. Implications for instrument choice and reporting

These findings reinforce the central point. Effect sizes from different studies are not inherently 

comparable unless the measurement context and instrument design are taken into account. 

Oral reading fluency works well where children are already reading but misrepresents progress 

in low-literacy environments where many children sit at the floor. Categorical tools capture early 

gains but saturate quickly in more literate settings. Standardisation amplifies the problem in both 

directions, inflating effects where distributions are compressed, and attenuating them where ceiling 

effects dominate.

Instruments that concentrate most of the sample at the floor or ceiling will generate misleading 

effect sizes and should not be treated as interchangeable with well-targeted measures. Authors 

should show the raw score distributions so that readers can judge what a given SD effect means 
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in real terms and how suitable the measurement tool was. Where the scale has no natural 

interpretation (for example, because scores are produced using IRT), researchers should explain 

what differences on that scale represent for children’s skills. Following the guidance set out 

in Bertling et al. (2023) (piloting assessments in context, ensuring adequate variation across 

individuals, documenting psychometric properties) would avoid most of the problems illustrated 

here and make subsequent effect-size comparisons far more trustworthy.

These three channels, reference-group dispersion, denominator choice, and instrument suitability, 

account for the largest mechanical distortions in standardised effects. But several other features of 

how evaluations are designed, scored, and reported can also shift the reported effect, and we turn 

to these next.

3.6. Secondary influences on interpretation
Several other features of study design, test scoring and reporting also influence the size and 

meaning of standardised effects. Some, particularly scoring conventions and psychometric quality, 

share territory with the measurement-suitability requirement in 3.5 but operate through different 

channels. None is uniformly important across all studies, but any one of them can matter in specific 

cases. We discuss six, organised around how tests are scored and reported, properties of the 

assessment and features of the design.

3.6.1. How items and subtasks are scored and combined

Aggregation is not a neutral step. Two analysts using the same items can produce different effect 

sizes purely through their scoring and combination choices.

Instruments such as the ASER ladder do not permit aggregation, producing simple but coarse 

outcomes (a child is placed into one of four categories). EGRA and its variants allow aggregation 

but do not specify a standard method. Across our database EGRA subtasks have been combined 

in several ways.

•	 Taking a simple average of subtask scores, sometimes after converting to percent correct.

•	 Summing all items across subtasks into an overall proportion correct.

•	 Computing weighted averages using researcher-defined, Principal-Component-Analysis, 

of factor-analytic weights.

•	 Converting subtasks to binary values and applying item response theory.

•	 Aggregating some subtasks without specifying how, or excluding certain groups 

(such as zero scorers).

The central issue is whether the composite reflects a coherent construct. If every item gets one point, 

identifying the letter m counts the same as answering a comprehension question. If each subtask is 

converted to percent correct and averaged, a 20-item letter-sound task carries the same weight as a 
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5-item comprehension task. Comparability across studies depends not only on what was measured 

but on how tasks were aggregated.

Item response theory does not resolve this. IRT works well for independent accuracy items (Kolen & 

Brennan, 2014) but cannot accommodate rate measures (such as words per minute) or the inter-item 

dependencies in timed tasks, where success on later items is conditional on earlier ones.24 For this 

type of task-based assessment there is no principled method for combining all components into a 

single construct-valid scale. Best practice is to report effects separately for key subtasks, including in 

raw units and to make explicit the construction of any composite and its relationship to the intended 

reading construct.

For researcher-designed instruments the same issues arise. Items are typically summed into a total, 

but the weighting approach changes the score distribution. In one case, a normalised raw score 

produced an effect of 0.32 SD while the same data expressed as an IRT-scaled score produced 0.66 SD. 

An identical learning gain doubled purely by the method of combination (Singh, 2015b).

3.6.2. Which subtasks are reported and emphasised

When an EGRA-type instrument is used, researchers choose not only how to combine subtasks but 

which to report and emphasise. Since each subtask taps a different component of reading, selecting 

one over another changes the construct being evaluated. We noted in Section 3.5 how subtask choice 

can shift the headline effect by more than half a standard deviation within a single trial.

A related issue is interpretability. Many scales have no natural criterion reference. A point on an 

IRT scale, or on a 30-point reading test, reflects a child’s position in a distribution, not mastery of a 

specific skill. Where scales lack direct meaning, researchers should provide the interpretation, for 

example by showing what children at different points on the scale can do. Other approaches include 

using percentage-correct summaries for items linked to a single competency or item-by-item 

examples that illustrate the practical difference implied by the standardised effect. The virtue of this 

is that researchers engage directly with the underlying changes in skills and what these mean for 

children. But it is very rarely done.

3.6.3. Psychometric quality

Whether an assessment is internally coherent, reliable across administrations, and valid for the 

intended construct affects the credibility of effect estimates. If items within a domain show little 

common variation across children, summary scores will be unstable. Where scores fluctuate across 

24	 In principle, each subtask could be treated as a “testlet”, with the testlet score defined as the proportion correct, 

or e.g., fluency rate. But once subtasks are treated this way, calibration requires more complex IRT models and 

the assessment collapses to only a handful of “items”, making estimation unstable, particularly in small samples. 

More importantly, this approach does not address the problems of timed tasks which violate local independence 

assumptions. We have not seen any study in our database attempt such testlet-level calibration.
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assessors or test occasions, treatment effects are attenuated, and comparisons across groups 

or rounds become difficult to interpret. These issues are particularly relevant for early-grade 

assessments relying on oral administration.

Construct validity raises a particular concern. In most EGRA reading comprehension 

administrations, children can only reach the highest scores if they read the entire passage within 

the time limit, tying the comprehension score to decoding speed (Dowd & Bartlett, 2019). Reported 

comprehension effects may therefore partly reflect improvements in fluency. This does not make 

the assessment unusable, but it influences how effects should be interpreted. More generally, 

Bertling et al. (2023) find that only 4 percent of researcher-designed tests in their review report 

reliability estimates. Where psychometric properties are weak or undocumented, effect estimates 

risk mischaracterising programme impacts regardless of how scores are standardised.

3.6.4. Assessment language

Languages differ in their writing systems, in how consistently letters map to sounds (orthographic 

depth), and in how words are built from smaller meaningful units (morphology). These differences 

directly affect how many words a child can read per minute without necessarily indicating higher 

or lower comprehension (Spaull et al., 2020; Ardington et al., 2021). A words per minute benchmark 

therefore represents different levels of proficiency across languages (Dowd & Bartlett, 2019). 

In languages with predictable letter-sound correspondences (transparent orthographies), such 

as Setswana or Kiswahili, comprehension begins at roughly 35 to 45 CWPM (Jukes et al., 2020). 

In less predictable languages like English, it typically requires 60 to 70 CWPM (Abadzi, 2012). 

Word structure also matters. In languages that join meaningful units into longer words (conjunctive 

orthographies) such as isiZulu a reader may appear slower in words per minute even though each 

word can carry more meaning (Spaull et al., 2020). For instance, in isiZulu, the sentence “Abantwana 

bayafunda izincwadi” (“The children are reading books”) combines several grammatical units into 

one word, while in Sepedi the equivalent “Bana ba a bala dibuka” separates them.

These differences are compounded when children are assessed in a colonial language (English, 

French, Portuguese), often taught as a second or third language. In transparent orthographies, 

learners can decode words they do not understand, producing what appears to be fluency 

without comprehension. This “word calling” inflates apparent fluency relative to understanding 

(Dowd & Bartlett, 2019; Abadzi & Centanni, 2020). In opaque orthographies like English, the opposite 

applies. Accurate pronunciation often requires comprehension, since words such as “bow” and “lead” 

can only be read correctly when the reader understands the context. Fluency and comprehension 

are therefore more tightly linked in opaque languages and more easily separated in transparent 

ones. By contrast, small fluency gains in mother-tongue programmes can yield large comprehension 

improvements, particularly when the language of the assessment aligns with the learner’s oral 

vocabulary.
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3.6.5. What the comparison group experiences

The estimated effect of any programme is a contrast with the comparison group. Variation in what 

control children experience therefore alters both the magnitude and interpretation of the effect. 

Consider two cases:

1.	 A programme provides teachers with technology in existing schools. The sample is drawn 

from enrolled children. Children in control schools receive regular instruction. The effect 

measures the additional gain from the programme above regular schooling.

2.	 A programme establishes new community-based schools in areas with low enrolment. 

The sample is drawn from households before schools open. Children are randomly 

assigned. Those not selected may enrol elsewhere or receive no schooling at all. The effect 

measures the gain from schooling itself, not just from the specific programme.

An effect of 0.3 SD means something different in each setting. The first comparison is against 

active instruction with a school-attending sample. The second is against a potentially unschooled 

counterfactual with a population-based sample. When interpreting effects, and especially when 

judging external validity or scalability, both the counterfactual conditions and the sampling frame 

should be clear.

3.6.6. Exposure duration

A 0.5 SD (or 6 CWPM) gain achieved over four years signals a different pace of learning from the 

same gain achieved over one term. Yet it is often hard to tell how long the measured cohort was 

actually exposed, as opposed to how long the project ran or the time between baseline and endline. 

Some multi-year programmes follow the same children, so exposure matches programme duration. 

Others support teachers across several years but test different cohorts who may have received only 

one year of treatment.

Table 7 links reading comprehension gains to exposure information for five programmes.25 Those 

with longer timelines reach the highest total gains but may deliver slower annual progress. Guinea-

Bissau records the largest four-year gain (3.54 points, equivalent to 0.89 per year), while the one-year 

Liberia intervention delivers a smaller total gain but the fastest annual pace (1.20 points per year).

Learning gains are unlikely to be linear and short intensive programmes should not be extrapolated 

over longer periods. For interpretation, what matters is not just how much children gained but how 

fast, and that requires clear reporting of exposure duration.

25	 We use these programs because they provide a range of exposure durations and because they were effective enough 

to have made relatively large changes to children’s reading comprehension skills, something that is much less 

common in short term interventions.
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TABLE 7. Reading comprehension raw effects for five programmes, 
by total gain and year of exposure

Intervention 
Country

Comparison 
Group 

Experience

Intervention 
Duration 

(Exposure Years)

Reading Comprehension 
Score at Endline (Correct 

Responses/5)

Reading Comprehension 
Points Gained 

in Intervention Over Control
Intervention 

Mean 
Control 
Mean

Per 
Intervention

Per Year of 
Exposure

Guinea Bissau In control 
communities

4 3.60 0.06 3.54 0.89

The Gambia In control 
communities

3 2.40 0.15 2.25 0.75

Liberia In control 
communities

1 1.60 0.40 1.20 1.20

Kenya In control 
schools

1.5 1.74 0.97 0.77 0.52

Liberia In control 
schools

2 1.60 0.90 0.70 0.35

Notes: Reading comprehension is measured as the number of correct responses to five questions after children attempt 
a short passage, using EGRA or closely related instruments. “Per year of exposure” divides the total gain by the number 
of exposure years.

Source: Paper or paper replication data.

4. Three steps toward a more meaningful 
interpretation of programme effects
This section turns to the practical question of how programme effects should be reported so that 

readers can tell what children actually gained? As the introduction sets out, we do not propose 

abandoning standardisation but adding to it with information researchers already collect.

We suggest three steps. First, show the raw gains and score distributions behind every standardised 

effect, so readers can see what those numbers represent (Step 1). Second, use benchmarks to put 

gains in perspective, showing how many children crossed a level that matters for their reading 

(Step 2). Third, use measures that are suited to the skills being tested, so that reported changes reflect 

real progress rather than features of the test (Step 3).

4.1. Step 1. A request for greater transparency
The first path calls for greater transparency in how programme impacts are reported. Specifically, 

it asks researchers to report raw programme effects and simple, clear metrics alongside standardised 

ones. The underlying question we should be able to answer from any study is straightforward:

“What is it that children can now do, thanks to the programme?”26

26	 Kraft (2020) sets out ten questions to ask when interpreting evaluation findings in US education literature. Several of 

these would also be helpful, but we focus on the elements that are particularly influential in low- and middle-income 

countries, which can differ from those in the US or other relatively high-literacy environments.
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As we have shown, without the raw gain and the reference distribution, these effects are hard to 

read as evidence of real learning. Researchers should report two things alongside any standardised 

effect. First, the unstandardised (“raw”) effects, in clear skill terms. Second, the reference sample 

distribution used to calculate the standard deviation. Reporting what programmes helped children 

to do in raw terms can then be built into judgments of how well a programme worked.

This path can be implemented immediately. It requires no new data and can be applied 

retrospectively, as illustrated in the examples in this paper. To support this, researchers should 

document four things:

1.	 What distribution are we standardising to when constructing the standardised effect size?

a.	 The control group or the full, pooled, sample?

b.	 At what point in the intervention, baseline, endline, both?

c.	 Are there adjustments by grade, by gender, or by other grouping?

2.	 What does that raw distribution that we are standardising on look like?

a.	 What are the mean and standard deviation for the distribution?

b.	 What does the distribution look like?

3.	 Is the standardised effect size robust to the choice of reference group?

a.	 If effects are disaggregated, what would the aggregate/overall effect be?

b.	 If standardised effects are derived from a baseline (or endline) group, what would 

change if we’d made a different choice?

4.	 What does each point of progress along that distribution mean in real terms?

a.	 Where there is a direct interpretation, such as in CWPM, provide that.

b.	 Where the scale has no direct interpretation (such as in the case of a percentage correct 

or IRT score), provide information on what additional things children can do thanks to 

the programme’s impact.

These are minimal requests needed for fair reading of findings, and they add to other information 

on intervention design (identification strategy, sample size and structure, timeline) that is often well 

reported. They also push researchers to engage with the meaning of programme effects and guard 

against publication pressures that can lead to overstating sometimes trivial effects. If we saw these 

pieces of information alongside the standardised effect size we would quickly have a much better 

picture of what programmes are doing for children.

Different readers will draw on different pieces of this information. For policymakers and donors, 

the pairing of a raw effect alongside any standardised one is sufficient to judge whether a 

programme delivered something meaningful. The more detailed elements can feed into improved 

evidence aggregation. In a systematic review or meta-analysis, characteristics of this kind can be 

used as covariates in a meta-regression to test, for example, whether reported effects shrink once 

differences in test type, share of zero scorers, or choice of denominator are taken into account 

(Deeks et al., 2024).
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4.2. Step 2. Use benchmarks to put gains in perspective
Where we use a measure of reading fluency, we may prefer to focus on unstandardised (raw) effects 

which readers can understand directly. These can be linked to benchmarks which help put results in 

perspective and set realistic expectations (Stern & Piper, 2019). For instance, reporting what share 

of children crossed a key comprehension threshold offers a clearer picture than citing mean fluency 

or standard deviations. Even when comprehension gains remain modest, benchmarks show where 

learners stand relative to useful skill levels. They can also show whether progress is concentrated 

among beginning readers or those near fluency, guiding teaching decisions.

Reporting clear outcomes, rather than standardised effect sizes, can be particularly helpful in 

communicating with policymakers. A minister of education or finance does not (usually) need a 

discussion of the choice of denominator or the shape of the score distribution to decide whether a 

programme is worth looking into. They need to know whether more children are reaching relevant 

skill levels. Benchmarks do the job of translating a reported effect into more familiar units.

This principle of benchmarking can apply to any assessment measure. It is easiest to put into practice 

with tools like EGRA, because its tasks produce units (words per minute, letters per minute) that 

already have a clear meaning. As we have shown, however, the EGRA tool is far from dominant in our 

dataset. A complementary approach is to anchor results to descriptions of specific reading skills or 

competencies that children are expected to acquire at a given stage. For instance, the skills described 

in proficiency frameworks for reading such as the Global Proficiency Framework or one of the several 

standard setting exercises linked to the Global Alliance to Monitor Learning. Where a study can show 

not only that the programme raised scores by a certain margin but that a given share of children 

moved from one recognisable skill level to the next, the results communicate something meaningful 

regardless of the instrument used. Fluency measures are necessarily language-specific while skill-

based levels could serve a parallel function across a wider range of assessments and countries, 

provided they are based on evidence of what children at each level can actually do. These need not be 

identical across all settings, but their use requires deep engagement with the measurement process 

and what results mean for children.

4.2.1. Example: How benchmarks reveal real progress in South Africa

South Africa offers a particularly strong reference point, demonstrating how benchmarks can show 

whether children improved statistically as well as whether they reached useful levels of skill. Across 

the last decade, the Early Grade Reading Study (EGRS) has generated longitudinal evidence on the 

acquisition of foundational reading skills in Setswana and English. Together with the Department 

of Basic Education’s development of reading benchmarks for specific languages, South Africa 

tells a unique story about how meaningful learning gains should be read, how fluency develops in 

agglutinative languages, and why benchmark attainment cannot be the sole criterion for judging 

programme success.
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Over three years, the first round of the EGRS showed how a structured pedagogy programme can 

generate real gains even when most learners remain below comprehension benchmarks. Students 

gained roughly 8–10 CWPM, improved knowledge of letter sounds and nonword decoding, and 

saw large reductions in the share scoring zero. Although few reached fluency levels required for 

comprehension, many children moved from nonreader to emergent or developing reader status. 

This represents important developmental progress in a language where reliable word reading begins 

around 20 CWPM and functional comprehension around 35 CWPM. Longitudinal evidence reinforces 

this picture. Tracking the same learners to Grade 7, Stern et al. (2026) found that early fluency gains 

persisted seven years later and enabled skills in Setswana and English written comprehension 

that only emerged later. Only learners who had crossed early fluency thresholds experienced these 

subsequent comprehension benefits, underscoring that fluency can also function as a gateway skill 

rather than a standalone metric. This illustrates why benchmark attainment alone is an insufficient 

measure of outcomes at the child level and programme level, as it fails to capture whether gains 

persist and translate into higher-order reading competencies over time.

South Africa’s experience reinforces several central themes of this paper about how to interpret 

reading gains. First, progress occurs at multiple developmental levels. For an emergent reader, 

moving from 0 to 20 CWPM is as important as a shift from 40 to 60 CWPM for a learner approaching 

proficiency. Second, benchmarks that reflect the language of instruction are essential for making 

such progress visible. The DBE’s commitment to setting benchmarks across all 11 official languages 

greatly strengthens the interpretation of results. Without Setswana’s thresholds of roughly 20 CWPM 

for early word reading and 35 CWPM for functional comprehension, gains would appear modest 

when they in fact represent real developmental progress (Ardington et al., 2021; Spaull et al., 2020). 

Third, fluency gains alone are not sufficient. Although oral reading fluency showed improvement, 

most learners still fell short of the fluency levels needed for comprehension in either Setswana 

or English. Finally, South Africa illustrates why distributional shifts matter more than averages. 

Reductions in share scoring zero and movement from emergent to developing reader bands reveal 

a richer picture of learning than mean CWPM or effect sizes alone. The goal is not uniformity but 

transparency, ensuring that literacy reporting reflects how children actually learn and progress 

toward comprehension.

4.3. Step 3. Use measures that are fit for the skills being assessed
This is not a psychometrics paper, but how we read programme effects ultimately depends on 

how well the measures fit. Where an assessment is poorly matched to the skills of interest, 

reported changes will misrepresent true learning gains regardless of how responses are scored 

or summarised.

In the absence of a widely adopted set of common literacy measures, three issues are important, 

namely the need for minimum reporting standards regardless of instrument, the prominent but 
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imperfect role of EGRA, and the need for faster progress towards shared measurement tools that 

support comparison and clarity.

First, whatever tool is used, researchers should document key properties of the instruments they 

use. Drawing on Bertling et al. (2023), this includes whether the instrument was piloted in the 

relevant context; whether score distributions show floor effects (many children scoring zero) or 

ceiling effects (many scoring perfectly); whether items are internally coherent and show variation 

across individuals; which skill domains are covered; and how responses are scored and combined. 

These choices directly affect the reliability of reported scores and, in turn, whether effect estimates 

support valid inferences about learning gains (American Educational Research Association, 2014).

Second, while the EGRA appears in only around 11 percent of studies in our database, this still makes 

it the most widely used literacy assessment. It has several features that align with the goals of this 

paper. In raw form, it reports units that readers can understand directly, such as correct letters 

identified or words per minute, which makes it easier to see underlying gains alongside standardised 

effects. The EGRA also has established documentation, and experience across languages in many 

African countries. Yet at the same time EGRA is not a complete solution. In particular, reading 

comprehension is weakly measured relative to decoding and fluency. There is also no consistent 

approach to aggregating subtasks, creating wide researcher discretion and making it harder to 

compare reported effects. Addressing these issues would improve the consistency and clarity of 

results in studies that use the EGRA.

Third, alongside improvements in the use of existing tools, there is work ongoing, most notably in 

relation to the GEEAP, to develop publicly available item banks that link to existing Global Proficiency 

Frameworks for numeracy and literacy. The aim would not be to impose a single instrument, but allow 

results from different studies to be placed on a common scale. Where successful, such an approach 

would improve comparability by reducing dependence on scaling choices tied to individual tests, and 

make it possible to aggregate evidence across studies without conflating learning differences with 

instrument artefacts. Such item banks can also lower the costs involved in assessment development, 

while still allowing local adaptation. Although a common scale has no obvious meaning on its own, 

this can be addressed by linking scale points to descriptions of what children can typically do, and by 

using (feasibly common) benchmarks to clarify what counts as real progress. This is a more ambitious 

agenda which could move the field beyond standardised effect sizes altogether.

5. Summary and conclusion
This paper set out to ask how far standardised effect sizes can be compared across studies when the 

underlying measures, score distributions and denominators differ. Drawing on data from 197 studies 

of education interventions in low and middle income countries, the answer is that they often cannot. 

Dispersion within the reference group, especially floor effects, can inflate standardised effects for 
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modest raw gains. The choice of reference group for standardisation can shift reported effects in 

ways that are rarely transparent. And the measurement instrument itself, including its difficulty, 

construct coverage and scoring rules, strongly conditions the scale on which programme impact 

is expressed. From assessments in our database, a single additional correct response, or additional 

word read, can correspond to a standardised effect as small as 0.03 SD or as large as 0.80 SD, 

depending on the test, the sample and the age of the children assessed.

These distortions matter because they feed into how programmes are ranked and resources are 

allocated. When standardised effects are used in concepts such as Learning Adjusted Years of 

Schooling or cost per standard deviation, any inflation in the original estimate is embedded. Current 

norms risk rewarding large, legible numbers over meaningful learning gains. Journals, funders and 

evidence synthesis initiatives face strong incentives to highlight single, comparable figures, and 

researchers in turn have reason to favour instruments, samples and analytical choices which may 

mechanically increase apparent effects. The cumulative result is a research and policy ecosystem 

in which the reported size of a programme’s impact can drift away from what children can actually 

do differently.

These findings have specific consequences for how decisions are made. For funders and 

policymakers, the results highlight the risks of relying on league tables of effect sizes to make 

allocation decisions. In environments where many children cannot yet read, where instruments 

suffer from severe floor effects, or where standardisation draws on narrow subsamples, apparently 

“large” effects may correspond to modest practical change, and vice versa. Donors and education 

ministries should be cautious about treating single summary metrics as portable across contexts. 

A programme generating “X SD” in one setting may achieve that figure largely because of properties 

of the local assessment and sample. Assuming that outcome will apply in other settings risks both 

overpromising and misallocation. For governments and implementing organisations, the implication 

is that national discussions of “what works” should focus less on the nominal size of effect sizes and 

more on where in the distribution programmes move children, and how quickly. A government may 

reasonably place high value on a programme that reduces the share of nonreaders and moves a 

sizeable minority to the cusp of fluency, even if average fluency remains below benchmark. An effect 

size ranking might instead favour a programme with a larger effect concentrated among already 

better-performing children.

Our call for more information may seem like it runs counter to the push for simplicity and better 

evidence communication with policymakers. In fact the current convention may be the more 

demanding one, asking readers to take cross-study comparability on trust when it often does not 

hold. Reporting raw effects and benchmarks alongside the standardised one lets policymakers 

and donors judge a study directly. It also disciplines comparisons that advisors may make, making 

visible the differences in skills assessed, samples, and reference distributions that currently sit 

hidden behind a common metric, and making it harder to treat as equivalent effects that rest on very 

different foundations. The score distribution, the choice of denominator and the documentation of 



THE ILLUS ION OF COMPAR ABIL IT Y A MONG STANDARDISED EFFEC T S IZES: 

WHY EDUC ATION E VALUATIONS SHOULD REPORT R AW EFFEC TS

34

instrument suitability can then strengthen systematic reviews and meta-analyses. There they can 

be used as study characteristics in a meta-regression or in sensitivity analyses (Deeks et al., 2024). 

Differences in test design and sample composition may be modelled across studies rather than left 

implicit in pooled estimates. Identifying the evidence relevant to a given decision then becomes more 

straightforward, and reliable, not less.

Our analysis has several limitations. This is a descriptive and analytical paper, not a formal 

systematic review, and the study sample is built to capture variation in measurement and reporting 

practices rather than to be exhaustive. The detailed fluency analysis rests on a subset of 45 studies 

that share a common raw metric; the conclusions about raw versus standardised comparisons are 

clearest in that domain and may or may not transfer exactly to other skill areas. We do not model 

the relationship between measurement choices and true programme effects econometrically. 

The analysis demonstrates that the variation is large and consequential, but it does not recover 

“correct” effect sizes.

As USAID’s role in early-grade reading work recedes and the role of EGRA weakens, measurement 

is likely to fragment further. That makes cross-study synthesis harder, but it also creates an 

opportunity. If evidence synthesis bodies, journal editors and funders begin to expect raw gains, 

score distributions and instrument documentation alongside standardised effects, the incentive 

to report large but opaque effect sizes will fall. If governments invest in language-specific 

benchmarks and the field develops shared measurement scales, the dependence on study-specific 

standardisation will weaken. The aim is not to replace one dominant metric with another but to 

ensure that when programmes are described as effective, those claims rest on clear improvements 

in children’s skills. Policymakers, practitioners and donors want to know which interventions lead to 

meaningful gains in reading and language. That is the question the evidence should be designed to 

answer, enabling more children to read with understanding, and to do so sooner.
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Annex A: What is a standardised effect size?
When researchers report the results of an education intervention, they almost always express 

them in terms of a standardised effect size. It is meant to provide a simple, comparable summary of 

a programme’s impact, regardless of the test used or the scale of its scores.

A standardised effect size typically represents the difference in average performance between 

the treatment and control groups, expressed in standard deviations rather than the original 

measurement units. The simplest way to calculate it is to divide the raw effect, the difference 

between the two groups, by the standard deviation of a reference group, most often (but not always) 

the control group.27

For example, at the end of an intervention, children in the treatment group could read 20 words per 

minute on average and those in the control group 15 words per minute, for a raw programme effect of 

5 words per minute. The control group standard deviation is 10 words per minute, so the standardised 

effect size would be:

5 ÷ 10 = 0.5 SD

[Raw Effect] ÷ [Std. Deviation] = [Std. Effect Size]

In words, the intervention improved reading by half of the spread of scores in the control group. 

As you can imagine, when that spread is wide, a 0.5 SD gain represents a large absolute difference; 

when the spread is narrow, the same 0.5 SD implies a much smaller real gain.

The widespread use of standardised effect sizes has grown alongside the rise of randomised control 

trials in global education. Yet its simplicity conceals three important complications that shape how 

results should be interpreted.

1.	 The choice of reference group matters, especially in very-low-literacy environments. 

Different denominators can produce very different standardised effects for the same 

underlying gain.

2.	 The dispersion of scores in that group matters. When the reference distribution is unusually 

wide or narrow, the same raw effect translates into very different standardised effects.

3.	 The measurement tool shapes that dispersion. Test content, floor and ceiling effects, 

aggregation and scoring conventions directly influence how much variation appears 

in the data and therefore how large the standardised effect size appears.

These three issues underpin the work that follows.

27	 Alternatively, ‘z-scores’ can be used. First, the mean and standard deviation of the scores in a reference group are 

calculated. Then each individual’s raw score is transformed by subtracting the mean and dividing by the standard 

deviation. This produces a ‘z-score’ showing how far above or below the mean each observation lies. Analysis proceeds 

using these ‘z-scores’.
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Annex B: Study selection and data

B.1. Sample construction
The sample draws on five overlapping sources of studies evaluating educational interventions in 

low- and middle-income countries:

1.	 Evans & Yuan (2022), who compiled 234 studies from 11 earlier systematic reviews 

(Kremer et al., 2013; Krishnaratne & White, 2013; Glewwe et al., 2013; Ganimian & 

Murnane, 2016; McEwan, 2015; Masino & Niño-Zarazúa, 2016; Glewwe & Muralidharan, 

2016; Asim et al., 2017; Snilstveit et al., 2015; Conn, 2017; J-PAL, 2017) supplemented with a 

literature search covering 2015–2018.

2.	 The GEEAP database (GEEAP, 2023a, 2023b), a meta-analysis of the cost-effectiveness of 

education interventions in LMICs (238 studies).

3.	 Bertling et al. (2023), a review of learning measurement in LMICs (136 studies).

4.	 Kim et al. (2020), a review of literacy interventions in LMICs (65 studies).

5.	 A non-exhaustive update search for relevant studies published since 2022, covering:

a.	 The African Education Research Database, the American Economic Journal: Applied 

Economics, the American Economic Journal: Microeconomics, the American Economic 

Review, Economics of Education Review, Education Economics, the International 

Journal of Educational Development, the Journal of Development Economics, 

the Journal of Economic Perspectives, the Journal of Human Resources, and the 

Quarterly Journal of Economics (51 studies).

From the combined, deduplicated set of candidates we retained peer-reviewed papers that

1.	 are conducted in a low- or middle-income country (at the time of data collection).

2.	 measure intervention impacts for children in primary schools

3.	 report at least one reading, language or literacy outcome; this could be part of a composite 

index or a language-specific measure

4.	 use an experimental or quasi-experimental design, including difference-in-differences, 

regression discontinuity, instrumental variables and propensity score matching, but 

excluding purely observational studies (our purpose is to examine how the impacts of 

interventions or policy changes are measured and reported across the literature, not to 

estimate a mean effect under a certain identification standard).

Applying these criteria yielded a final sample of 171 papers.
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B.2. Effect extraction
From each paper’s results tables we extracted every reported treatment effect on a language or 

literacy outcome, recording each estimate in the units used by the authors. Units included standard 

deviations, raw test-score points, percentage points, or proportions, such as exam pass rates. 

No conversions or standardisations were applied at the extraction stage. Where a paper reports the 

same outcome in both SD-normalised and raw-score units, both versions are retained. This produced 

an effect-level dataset of 2,018 language or literacy measures across the papers. At the same time we 

recorded the reference group for standardisation, often from table notes but also from elsewhere 

in the body text, and the assessment(s) used. We use this information descriptively to document 

reporting patterns.

B.3. Supplementary fluency data from Sandefur et al. (2023)
Nineteen of the 171 papers report oral reading fluency outcomes measured and reported in correct 

words per minute. To extend coverage of this metric, we supplement the peer-reviewed literature 

with data from Sandefur et al. (2023), who reanalysed original microdata from USAID-funded 

Early Grade Reading Assessment (EGRA) evaluations in LMICs. From their sample we retain the 26 

evaluations that used an experimental or quasi-experimental design, report both a standardised and 

a raw (correct words per minute) effect, and do not already appear in our sample.

We rely on the summary statistics in Sandefur et al. rather than returning to the original 

evaluation reports, because the original reports sometimes calculate effect sizes inconsistently 

and Sandefur et al. applies a common analytical framework to the underlying microdata. These 

programme evaluations were not published in peer-reviewed journals; we use them only in the 

reading-fluency analysis because they provide paired raw and standardised effects on a common 

metric, and we exclude them from our description of reporting trends in the peer-reviewed 

literature.

B.4. Replication data
We use replication data for 18 studies as illustrative case studies. These studies were not selected 

at random; we chose them because their microdata allow us to demonstrate the mechanisms 

discussed in the paper for example, how zero-score shares or reference-group standard deviations, 

often omitted in published tables, affect the interpretation of standardised effects. We use these 

files to provide descriptive context and to illustrate denominator sensitivity, not to generate new 

treatment-effect estimates.
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Annex C: Additional words per minute required 
for a 0.3 SD effect size

FIGURE C1. Additional words per minute required for a 0.3 SD effect size

Uganda, Lugwere
Yemen, Arabic

Uganda, Lusoga
Uganda, English
Nepal, Nepali L2

Uganda, Leblango
Nigeria, Hausa

Malawi, Chichewa
Ghana, Local

Kenya, Kiswahili
Uganda, Lhukonzo

Uganda, Lumasaaba
Kenya, English

The Gambia, English
Nepal, Nepali

Zambia, Local
Kenya, Kiswahili

Mozambique, Portuguese
Nepal, Nepali L2

Uganda, Lugbarati
Uganda, Acoli

Ghana, English
Uganda, Local

DRC, French
Tanzania, Kiswahili

Kenya, Kiswahili
Egypt, Arabic

Liberia, Unstated
Uganda, Leblango

Uganda, Ngakarimojong
Kenya, Kiswahili

Uganda, Luganda
Uganda, Runyankore-Rukiga

Haiti, Kreol
Uganda, Runyoro-Rutooro

Nepal, Nepali L2
Colombia, Spanish

Kenya, English
Nepal, Nepali

Kenya, English
Uganda, Ateso

DRC, French
Kenya, Kiswahili

DRC, French
Liberia, English
Kenya, English
Nigeria, Hausa

Kenya, Kiswahili
Malawi, Chichewa

Uganda, English
Nepal, Nepali

South Africa, Setswana
Kenya, English
Peru, Spanish

South Africa, English
Kenya, English

Indonesia, Indonesian
Bangladesh, Bangla

Brazil, Portuguese
Peru, Spanish

Guatemala, Spanish
Georgia, Georgian

Peru, Spanish
Kyrgystan, Kyrgyz or Russian

Ghana, English
South Africa, Setswana

0 1 2 3 4 5 6 7 8 9 10 11 12

Words for a 0.3 SD e�ect
Dashed line: median = 4.7

Grade 1

Grade 2

Grade 3

Grade 4

Grade 5+

n/a

Notes: This figure inverts the relationship used in Figure 2, providing an alternative perspective. We simply ask how many 
additional words per minute would a study need to return a uniform 0.3 SD effect size.
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