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Abstract 

This paper examines the extent and implications of between-school heterogeneity in foundational 

learning outcomes across six public education systems in South Asia and West Africa, using 

harmonized, system-representative data from systems collectively serving more than 900,000 

enrolled children. We document substantial and pedagogically meaningful variation that tends to 

increase with grade level and baseline performance, and is therefore often most pronounced in upper 

primary grades, while also often exceeding variation explained by common subnational proxies such 

as administrative region and rural–urban status. In the vast majority of cases, the between-school 

component exceeds what would be expected from random chance due to sampling variation, often 

by statistically significant margins. These findings suggest that, in the presence of meaningful 

between-school heterogeneity, setting a single instructional level for an entire system may remain 

a consequential policy challenge even when overall curricula are brought closer to the level of the 

median child. Simulations further suggest that in systems with greater school-level heterogeneity, 

differentiated instructional targeting can increase the share of students whose proficiency is aligned 

with the assigned instructional level, relative to a uniform curriculum. Whether these alignment 

gains translate into realized learning gains depends on the quality of school-level data and the 

feasibility of implementing differentiated instruction in practice. 
Key words: foundational learning, heterogeneity, targeted instruction, optimization,  

South Asia, West Africa, curricular expectations, variance decomposition  
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I.    Introduction 

Learning outcomes in low- and middle-income countries (LMICs) remain persistently low, 

particularly in foundational literacy and numeracy (Pritchett, 2013; World Bank, 2018; Azevedo 

et al., 2021). One widely cited explanation is the mismatch between “overambitious curricula”, 

often designed with overly stringent grade-level expectations and detached from the actual 

distribution of student performance within education systems (Pritchett & Beatty, 2015; Glewwe 

et al., 2009). This challenge is often compounded by incentive structures that lead teachers to 

focus instruction on top performers at the expense of lower performers, thereby reducing 

instructional coverage and efficiency within classrooms (Glewwe et al., 2009). In response, a 

growing literature has recommended aligning curricula — and, in turn, instruction — more closely 

to the proficiency of the “median child” in each system (Hwa et al., 2020; Rodriguez-Segura et al., 

2021). Evidence from curriculum reforms in Tanzania, for example, suggests that bringing 

instructional content closer to typical student learning levels can indeed improve foundational 

skills systemwide (Rodriguez-Segura & Mbiti, 2022). 

A second well-documented challenge is that the expansion of enrollment in recent decades has 

brought many children into classrooms who would otherwise not have enrolled in school, thereby 

widening within-class disparities in many systems (Ganimian & Djaker, 2023). Pedagogically, 

within-class heterogeneity creates a targeting problem for teachers, who observe a distribution of 

performance and must choose an instructional level that maximizes the number of learners 

reached. In Kenya, for example, grouping students by prior achievement led to learning gains of 

0.18 SD, suggesting that more homogeneous classrooms may enable more efficient instructional 

delivery (Duflo et al., 2011; Cummings, 2017). Similarly, some widely known, currently growing 

programs in the vein of “Teach at the Right Level” have sought to reduce instructional dispersion 

through ability grouping, while others have focused on targeting the lowest-performing students 

or standardizing materials to reduce within-class variation (Ganimian & Djaker, 2023). 

Yet, at a macro level, policymakers aiming to set curricular expectations for a given grade, 

typically in a one-size-fits-all fashion within a given jurisdiction, face a similar challenge to that 

of teachers: they observe a systemwide distribution of performance across schools and must define 

a single instructional level for each grade, applied uniformly. In theory, this chosen instructional 

level should optimize systemwide instructional reach. However, substantial school-level 
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heterogeneity means that schools that deviate significantly from the curricular level chosen by 

central planners may not benefit from this instructional standard — either following a curriculum 

that does not meet their students’ needs or innovating locally with potentially uneven results. As 

such, curriculum setting becomes a system-level allocation problem, in which instructional inputs 

and guidance are poorly matched to the distribution of learning across schools, limiting the 

efficiency of instructional delivery.  

In this paper, we examine the extent and instructional implications of between-school 

heterogeneity in foundational learning outcomes in public education systems in LMICs. To do so, 

we leverage six unique datasets representative of six public education systems collectively serving 

more than 900,000 enrolled children across two Indian states, a Pakistani territory, two Nigerian 

states, and the West African nation of The Gambia. Because students were assessed using the 

same foundational literacy and numeracy tools across contexts, we are able to examine patterns 

of school-level heterogeneity on a comparable scale and assess whether these differences are large 

enough to imply distinct instructional needs across schools. 

We document five key facts. First, although students in even the highest-performing regions 

of our data generally fall below proficiency expectations, between-school differences in learning 

levels within these systems can show pedagogically meaningful degrees of heterogeneity, which, in 

turn, affect the optimal targeting of curricular expectations. Second, while within-class 

heterogeneity increases with grade, we show that this is an incomplete narrative, as between-

school heterogeneity and the dispersion in instructional need across schools also increase with 

grade. Third, we find that, across all grades and territories, close to half of the variance in 

foundational learning outcomes is attributable to differences between schools, suggesting a 

substantial degree of instructional misalignment risk in foundational literacy systems where 

curriculum is applied uniformly. Fourth, we find that as average performance increases, so does 

the proportion of variance attributable to between-school differences, implying that instructional 

misallocation may worsen in relatively higher-performing systems unless curricula are tailored 

accordingly. Conversely, we find that in nearly all cases, between-school variation exceeds that 

explained by sub- region or urban–rural status, indicating that commonly used proxies for 

performance are poor instruments for targeting instructional inputs. Finally, we show that if 

curricula could be more flexibly adapted to local performance levels, a more data-driven allocation 
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of instructional content could improve systemwide instructional alignment, particularly in 

contexts with high between-school heterogeneity. Whether these alignment gains would translate 

into realized learning gains depends on implementation capacity and the accuracy of school-level 

diagnostics. 

Despite the clear relevance of between-school heterogeneity for instructional policy, this 

dimension of variation has received limited attention in LMIC contexts, particularly for 

foundational literacy and numeracy. Two factors likely explain this gap. First, school-

representative data on early-grade learning are rare in LMICs, where most large-scale assessments 

are either household-based and often capped at a Grade 2 proficiency level (e.g., ASER, Uwezo) 

or drawn from selected samples with limited external validity (e.g., Crouch et al., 2020; Rodriguez-

Segura et al., 2021). Even widely cited studies of within-class heterogeneity often rely on non-

representative data or focus on a narrow set of intervention sites (e.g., Muralidharan et al., 2021). 

Second, tailoring curricula at the school level may appear less tractable than within-class 

interventions, such as ability grouping or targeted remediation, which are easier to pilot and scale 

with existing tools. As a result, between-school heterogeneity has remained empirically 

underexplored, despite its potential implications for curriculum design and instructional efficiency. 

This paper aims to fill that gap by providing some of the first system-representative estimates of 

between-school heterogeneity in foundational skills across multiple LMIC settings, and by 

quantifying its implications for curriculum targeting. In doing so, we contribute to the broader 

literature on learning inequality and input misallocation, and offer new insights for policymakers 

seeking to improve instructional alignment in low-performing systems. 

In all, our paper makes two key contributions. First, for policymakers in LMICs, it highlights 

a pedagogical challenge that has received relatively little policy and research attention compared 

to within-class heterogeneity. Even when policymakers aim to cater to the “median child” within 

a system, the median child in certain schools may be grade levels ahead of the median child in 

others. Especially when a significant share of the variance in learning outcomes occurs between 

schools, selecting a single level of instruction for national or state-wide curricula may still be a 

challenging policy decision that leaves out a large share of children and schools. Second, for 

researchers, this paper contributes to the growing literature on learning inequality and 
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heterogeneity by offering some of the first system-level estimates of between-school variation in 

foundational skills in LMICs. 

The rest of the paper proceeds as follows. Section II explains the data collection process, the 

instruments used, and the main statistical tool used to decompose the variance in learning 

outcomes. Section III presents the five key results of the paper, and Section IV discusses the 

implications of these findings for policymakers in LMICs, and the potential policy alternatives 

(and their risks) that could be leveraged in the face of meaningful levels of between-school 

heterogeneity in foundational learning outcomes. Additional figures, assessment details, and 

proficiency-mapping materials are provided in the Appendix, which is available online as 

supplementary material. 

 

II.    Data and Measurements 

1. Data collection and sample 

For this study, we used representative samples from six different regions across LMICs in 

South Asia and West Africa. These regions included two states from Northeast India — Meghalaya 

and Mizoram, the Pakistani capital territory of Islamabad, the African nation of The Gambia, 

and two Nigerian states — Anambra State and Bayelsa State. We selected these regions primarily 

because they face a shared challenge of low learning outcomes, but also because they demonstrate 

considerable geographic and socioeconomic diversity in comparison to one another, enabling a 

deeper and more externally valid analysis of the extent of heterogeneity in these regions.  

The six regions encompass a variety of economic and demographic landscapes. To illustrate, 

Meghalaya is considered one of the least economically developed states in India (Raghavan & 

Lodick, 2024; Reserve Bank of India, 2023), with a predominantly rural population — 

approximately 80% — and an agricultural sector engaging roughly 70% of the workforce 

(Government of India, 2011). Conversely, although the state of Mizoram shares a similar reliance 

on agriculture, with approximately 60% of its workforce engaged in the sector, the state currently 

has one of the fastest-growing economies in India, and a majority urban population (Government 

of Mizoram, 2016). In further contrast, Islamabad Capital Territory is the capital of the fifth most 

populous country in the world, and is characterized by rapid urbanization and a burgeoning 

information and technology sector (Liu et al., 2020). The Nigerian states in the sample, Anambra 
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and Bayelsa, are both prominent contributors to the nation’s oil and gas industry (Audu & 

Arikawei, 2013; Bello & Nwaeke, 2023), yet they face vastly different demographic profiles; 

Anambra is the second-most densely populated state in Nigeria, while Bayelsa is the least 

populated state in the country (National Bureau of Statistics, 2014). In addition to this, these six 

regions also display income levels that place them in a relatively wide range of average 

socioeconomic levels. For example, according to the World Bank income classification, The 

Gambia, with a GDP per capita of USD 808, would be considered a low-income country. In 

contrast, Bayelsa’s GDP per capita of USD 4355 would place it on the same classification scheme 

as an upper-middle-income region, whereas everywhere else is somewhere in between, classified as 

a lower-middle-income region (Hamadeh et al., 2023).1 Importantly, the diversity represented 

across these regions provides valuable insight into the unique educational challenges and 

opportunities faced within each context.   

For the sampling approach in each of the six regions, the goal was to collect a sample of 

schools that, collectively, provided an accurate representation of the broader educational landscape 

in each region. To ensure a comprehensive representation of the state of education within each of 

the six regions, we utilized a proportional stratified random sampling method in the selection of 

schools. First, we obtained a list of schools from the respective local or national governments with 

a roster of all publicly funded primary schools in each region. These lists were then stratified by 

sub-region (e.g., districts in Mizoram, sectors in Islamabad). Then, schools were randomly selected 

within each sub-region such that the number of schools sampled from a given sub-region was 

proportional to the total number of schools in that sub-regional area.2 Within each assessed school 

and grade, a random sample of students was drawn, with sample sizes varying across the six 

regions. Hence, this sampling approach ensures that the overall results are broadly representative 

of the larger educational landscape in each region. 

 
1 In 2022, the GDP per capita in Meghalaya was 1,360 USD ($4,410 PPP) and 2,619 USD ($8,492 PPP) in Mizoram, according to the 

Reserve Bank of India (2023). The GDP per capita in The Gambia in 2022 was 808 USD ($2,497 PPP), according to the World Bank 

(Hamadeh et al., 2023). In Islamabad, the GDP per capita in 2021 was 2,500 USD ($10,466 PPP), according to the Khyber 

Pakhtunkhwa Bureau of Statistics (Hasan et al., 2021). In 2021, the GDP per capita in Anambra State was 2,002 USD ($5,231 PPP), 

and 4,355 USD ($11,379 PPP) in Bayelsa State, according to BudgIT (Okeowo & Fatoba, 2022). 
2 The original intent of these studies was for the sampling approach to reflect the number of students in each sub-region, but we found 

that in the majority of instances, there was no reliable or comprehensive enrollment data. 
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The data collection process in all regions was conducted by individuals belonging to the same 

team within the organization, NewGlobe, as part of a broader, common initiative to better 

understand these educational systems. Therefore, the recruitment of enumerators, training 

materials, and data collection forms was standardized across all six regions, as the data collection 

team utilized the same materials. This standardization serves to mitigate potentially differential 

measurement errors from one place to another, which might have arisen from differences in the 

data collection process between locations. 

In total, the sample comprises 7,413 students distributed across 276 schools and six grade 

levels (Grades 1-6). On average, 1,236 students were assessed from 46 schools per region, resulting 

in an average sample size of 27 students per school (refer to Table 1 below for more information 

regarding sampling within each region), with the median class having 6 sampled students. Given 

the selection procedure described above, the findings in this study can be generalized beyond this 

sample to represent the entirety of these six public primary education systems, spanning over 

900,000 students. In turn, the diversity of this sample, both regionally and within the broader 

global context, provides a unique opportunity for a more comprehensive examination of 

heterogeneity in learning outcomes across a variety of cultural and educational landscapes in South 

Asia and West Africa.  
 

Table 1: Sample description of each region 

Region Sample Size 

 

Sample 

Characteristics Sampling Approach Representativeness 

Date of 

Assessment3 

Anambra 

State 

(Nigeria) 

1,592 students 

from Grades 1-

6 across 44 

schools 

 

 

- 21 local government 

areas 4   

- Schools 82% rural   

- Students 51% 

female 

Proportional stratified 

random sampling at the 

local government area-

level, by number of 

schools 

Representative of 

353,155 public primary 

students 

June 2023, end of 

last academic term 

in 2022-23 school 

year 

 
3 Because the assessments were administered at different points in the school year across contexts, cross-context comparisons in absolute 

performance levels and, potentially, in the extent of between-school heterogeneity should be interpreted with some caution insofar as 

these patterns may themselves evolve over the course of the school year. We cannot rule this out, as all of our samples are repeated 

cross-sections. At the same time, within each context the assessments were conducted over a relatively short period of time, so 

differences in assessment timing are less likely to explain the within-context between-school heterogeneity that is the main focus of 

this paper. 
4 While the original empirical plan was to visit schools from every sub-region, this was not possible in Anambra State due to issues 

regarding school accessibility. To account for this, the sample from this region was weighted based on the original sampling plan to 

ensure that the inclusion or exclusion of these schools in our analytical sample did not affect the conclusions of this study. Due to 

minimal differences in the results based on whether the sample is weighted or not, the unweighted results are used throughout.  
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Bayelsa 

State 

(Nigeria) 

966 students 

from Grades 1-

6 across 30 

schools 

 

- 8 local government 

areas  

- Schools 73% rural   

- Students 49% 

female  

Proportional stratified 

random sampling at the 

local government area-

level, by number of 

schools 

Representative of 

84,856 public primary 

students 

 

 

December 2022, 

end of first 

academic term of 

2022-23 school 

year 

The 

Gambia 

1,346 students 

from Grades 1-

6 across 40 

schools 

- 6 regions   

- Schools 83% rural   

- Students 49% 

female 

Proportional stratified 

random sampling at the 

regional-level, by 

number of schools 

Representative of 

276,074 public primary 

students 

 

October 2023, 

during first 

academic term of 

2023-24 school 

year 

Islamabad  

(Pakistan) 

1,145 students 

from Grades 1-

5 across 40 

schools 

- 6 sectors   

- Schools 63% rural   

- Students 53% 

female  

Proportional stratified 

random sampling at the 

sector-level, by number 

of schools 

Representative of 

88,116 public primary 

students 

 

 

March 2023, end 

of last academic 

term of 2022-23 

school year 

Meghalaya 

(India) 

1,178 students 

from Grades 1-

5 across 60 

schools   

- 11 districts   

- Schools 92% rural   

- Students 49% 

female 

Proportional stratified 

random sampling at the 

district-level, by 

number of schools 

Representative of 

86,466 public primary 

students 

 

 

May 2023, end of 

first academic 

term of the 2023-

24 school year 

Mizoram 

(India) 

1,186 students 

from Grades 1-

4 across 62 

schools  

- 9 districts   

- Schools 76% rural   

- Students 50% 

female 

Proportional stratified 

random sampling at the 

district-level, by 

number of schools 

Representative of 

35,267 public primary 

students 

 

 

September 2022, 

during last 

academic term of 

the 2022-23 school 

year 

 

2. Assessments and main outcomes 

This analysis aims to better understand students’ foundational literacy and numeracy 

capabilities, both in absolute terms and relative to their peers in other schools, grades, and regions. 

To do so, the same core set of foundational literacy and numeracy assessments was used in each 

region, although students in different regions sometimes took additional assessments, as required 

by constraints of a set of companion studies (see Appendix Sections B and C for more information 

regarding the assessments used). For the purposes of this research, we focus on two key outcomes 

stemming from this set of common assessments: oral reading fluency, assessed using correct words 

per minute (cwpm) of a set of Grade 2 passages, and numeracy, measured by the total score on 
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the International Common Assessment of Numeracy (ICAN). These measures provide insight into 

how students in different grades between schools and systems perform on the same assessment, 

allowing us to reliably compare metrics of heterogeneity in each system. Below, we elaborate on 

these two key constructs used in the analysis. 

i.    Oral reading fluency 

To assess students’ oral reading fluency, this evaluation relies on Grade 2 English passages 

from Dynamic Indicators of Basic Early Literacy Skills (DIBELS). The full DIBELS assessment 

measures the acquisition of early literacy skills, including phonemic awareness, phonics, fluency, 

vocabulary and comprehension (Good & Kaminski, 2002), although we only used the oral reading 

fluency subsection. DIBELS serves as a valid assessment of early literacy development, as it is 

widely used in evaluation studies of educational interventions around the world (Bratsch-Hines et 

al., 2020; Good & Kaminski, 2002; Petscher & Kim, 2011). In each of the six contexts, students 

took different Grade 2 passages, although within each context, students of all grades were assessed 

with the same passage. To measure reading fluency, we use “correct words per minute” (cwpm) 

for all passages and contexts, as this is the most commonly used unit measure of oral reading 

fluency, given its comparability across languages, assessments, and educational contexts. 

Therefore, using calibrated Grade 2 passages from DIBELS and a common unit of measurement 

across all regions enable the comparison of students’ fluency levels within their system and across 

systems in the sample.  

There are also some limitations in using oral reading fluency as typically measured in cwpm 

units as the key outcome to quantify literacy outcomes. First, cwpm units do not take all 

components of oral reading into consideration. Reading fluency is comprised of three main 

components — accuracy, the ability to precisely decode words; automaticity, the ability to 

recognize and decode words effortlessly; and prosody, the ability to read a text with appropriate 

expression and intonation (Aldhanhani & Abu-Ayyash, 2020; Raskinski, 2004). Assessing fluency 

through cwpm does not account for one’s automaticity or prosody capabilities, both of which are 

key determinants of a child’s ability to read with accuracy (Valencia et al., 2010). Additionally, 

one might argue that reading comprehension, as opposed to reading fluency, is a more holistic 

measure of literacy; reading with comprehension is often considered the “ultimate goal of literacy”, 

and thus, is a consistently used metric to measure literacy across various global assessments 



Efficient instructional targeting and between-school heterogeneity 

10 

 

(Aldhanhani & Abu-Ayyash, 2020; Abadzi, 2011). While we do have data on reading 

comprehension for most of these contexts, reading comprehension is a complex skill which first 

requires the development of many prerequisite skills, including but not limited to decoding (Gough 

and Turner, 1986; Hoover and Gough, 1990). Given the low average learning outcomes within the 

sample, and the complexity of reading with comprehension, assessing literacy capabilities using 

reading comprehension may introduce floor effects, wherein the majority of students score a zero. 

This would hinder the ability to examine the extent of heterogeneity in learning outcomes — 

despite children at, for example, 0 cwpm and 35 cwpm requiring very different pedagogical 

approaches, even if they both score 0% on a reading comprehension assessment. In practice, we 

do observe that the reading comprehension scores in this sample experience serious floor effects, 

and as such, we choose oral reading fluency as the most suitable measure for the context of this 

study.  

ii.    Numeracy score 

Students’ numeracy skills are assessed using the ICAN assessment. ICAN, developed by the 

People’s Action for Learning (PAL) Network, is a tool designed to measure performance across a 

range of core numeracy competencies, all of which are relevant for the age group in this evaluation. 

ICAN assesses numeracy skills across five domains: number recognition, addition, subtraction, 

multiplication, and division. Within each domain, there are two subtasks: a simple application of 

the concept, and a more challenging application of the concept. Two of the domains, subtraction 

and division, also include a separate word problem, which provides additional insight into the 

extent to which students can apply their knowledge of arithmetic operations in real-world 

situations. 

We chose ICAN for three reasons. First, ICAN is context-agnostic, enabling meaningful 

comparisons to be made across a variety of contexts (PAL Network, 2020a). Second, compared to 

other assessments, ICAN incorporates a larger range of numeracy subskills for a wider range of 

ages, enhancing its validity in reporting on children’s basic numeracy competencies (PAL Network, 

2020b). Other global assessments, like the Programme for International Students Assessment 

(PISA) and the Trends in International Mathematics and Science Study (TIMMS), target older 

students and assess more complex mathematical topics, while assessments such as the Early Grade 

Mathematics Assessment (EGMA) assess foundational numeracy in lower grades but are not 
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designed for students older than Grade 3 (PAL Network, 2020a). Third, ICAN is not designed to 

be adaptive, per guidance from PAL Network (2020b). Adaptive assessments, such as India’s 

Annual Status of Education Report (ASER) or Uwezo in East Africa, begin by assigning an 

assessment task tailored to each child’s expected academic level. Subsequent tasks and their level 

of difficulty are then adjusted based on the child’s performance on the prior task (ASER Centre, 

2023). In contrast, ICAN’s administration approach allows for progressive examination of 

students’ performance across all subskills, i.e., not relying on an adaptive process that might vary 

from student to student. In fact, we administer the full assessment to each child, starting from 

the most foundational question, and asking all questions regardless of whether they could answer 

the simpler subtask first for each skill, which allows us to obtain the same item-level data for the 

full assessment for all students. This, in turn, ensures uniformity in the number of items from 

which an overall score is calculated. These factors facilitate a more comprehensive analysis of 

students’ learning levels, enabling comparisons across a broader range of grades and international 

contexts. 

As all students took all items in the assessment, we choose to analyze numeracy outcomes as 

students’ total scores on this assessment (i.e., the ratio of correct questions over the total number 

of questions in the assessment), which allows us to gain a broader understanding of overall 

numeracy proficiency across all of the domains assessed, without being subject to potential 

volatility and differences in curricula if we were to choose a single skill (e.g. “simple addition”) as 

the main indicator.5 Similarly, continuous variables display preferable empirical properties to 

estimate certain measures of “learning inequality” than dichotomous variables (Crouch et al., 

2021), which is also an additional advantage of using the aggregate ICAN score as our main 

outcome of interest for numeracy. 

 

3. Mapping of learning outcomes onto proficiency levels 

The two outcomes previously discussed exist in the datasets as “raw” variables in units of 

“correct words per minute” for literacy and “percent correct” for numeracy. In any distribution of 

learning outcomes at scale, it would be expected to indeed find differences in terms of “between-

 
5 Nonetheless, the item-level data for numeracy were collected and are available for all contexts. 
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school” variance of the raw units. Yet, for policymakers, the pressing question is whether once 

these learning levels are translated into grade-level proficiencies — and therefore, into potential 

instructional prescriptions — if the “raw variance” also translates into tangible variance in the 

pedagogical needs of children within the same grade across schools in the same system. Hence, 

below we discuss how we also translate the literacy and numeracy data in these datasets into a 

discrete measure of “grade-level proficiency” that allows us to pressure test whether any numeric 

variance recorded in the key raw outcomes also has concrete implications for the issue of setting 

curricular levels based on the range of grade-level proficiencies that may exist within a given 

grade. 

i.    Literacy 

To further analyze literacy outcomes in this regard, we leverage two sources. First, we use a 

study conducted by Abadzi (2011), in which reading fluency measurements and outcomes from 17 

LMICs are examined. Abadzi’s study provides average reading fluency levels for each grade across 

these countries —as data were available for each grade — allowing us to use these averages as 

proficiency thresholds for the results of our study. In addition to Abadzi’s study, we also draw 

from the Hasbrouck-Tindal oral reading fluency norms — a widely used benchmark developed 

from a few different assessments, including DIBELS, with data collected primarily in high-income, 

English-speaking countries. The Hasbrouck-Tindal norms provide a broader scope of analysis of 

students’ learning levels compared to their peers in a high-income context.  

These two sets of thresholds have respective advantages and disadvantages for the purposes 

of this study. First, while the Abadzi thresholds are from comparable settings to the ones studied 

in this paper —at least in terms of average incomes and the level of development of their education 

system — they were not intended to be “norms”, just averages of existing datasets. These averages 

do not appear to be implausible as normative benchmarks: for instance, it has been suggested 

that, ideally, students would learn how to read with comprehension by Grade 3 (World Bank, 

2018). Using 45-60 cwpm as a likely proxy to reach this level of mastery (Abadzi, 2012), the 

Abadzi thresholds fall roughly in this range by Grade 3-4 (see Appendix Section D). On the other 

hand, the Hasbrouck-Tindal thresholds were indeed intended to be norms, but were developed for 

much more mature educational systems where English is likely a more latent language in society 

than in each of the six contexts in this study, which means that the levels in the norms are 
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significantly higher than the vast majority of children in English-speaking LMICs. For the 

purposes of the main text, we display results aligned with Abadzi’s thresholds, but wherever 

relevant, we include the results mapped against the Hasbrouck-Tindal norms in the Appendix as 

a robustness check. 

 

ii.    Numeracy 

To understand how the numeracy proficiency of students in this study compares to global 

grade-level expectations, we apply the Global Proficiency Framework (GPF) to map learning 

outcomes. The GPF is a context-agnostic compilation of numeracy proficiency descriptors 

developed by the UNESCO Institute for Statistics and myriad contributing organizations. 

Incorporated within it are the "Global Proficiency Descriptors" (GPD), which leverage 

mathematics performance data collated from 50 countries to establish a standardized definition of 

grade-appropriate numeracy skills. Mathematical competencies that may be demonstrated by 

students at a particular grade level, but exceed expectations for that grade level, are categorized 

as such, and underperformance is likewise attributed accordingly (UNESCO Institute for Statistics 

et al., 2023). Given the prominence of the GPF in understanding global numeracy standards, this 

study established a crosswalk between each skill assessed through the ICAN, and the grade in 

which children are expected to master that skill according to the GPF. We first carefully identify 

the mathematical benchmarks in the GPF that most closely correspond with assessment items, 

considering both the exact problem and its assessed skill. We then use the item-level ICAN scores 

to determine the grade level at which assessed students should be reaching these benchmarks by 

referencing the grade level(s) described under the framework’s “Meets Global Minimum 

Proficiency”6 threshold (see Appendix Section D for the outcomes of the mapping approach).  

 

 

 

 
6 By design, this threshold is formed from a lenient definition of the level of proficiency students need to demonstrate the skill. 

Therefore, if an ICAN skill is assessed by a problem that is marginally more advanced than the corresponding GPD on the GPF, it is 

still reasonable to state that students would achieve this skill by the grade level designated by the GPD. Since the GPD describes the 

minimum level of skill a student can demonstrate that is still considered sufficient, it is likely that a significant proportion of students 

at this grade level would have stronger proficiency.  
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III.    Results 

1. Although generally below proficiency, learning levels within these six education systems 

show meaningful school-level heterogeneity with implications for curriculum design.  

i.    Low overall proficiency across the vast majority of schools 

Children in the six regions of study exhibit generally low learning outcomes, similar to data 

for most other LMICs. For example, on average, over a third of Grade 3 students in the sample 

cannot read a single word from the Grade 2 passage or perform simple two-digit addition without 

carrying. Even in the two highest-performing regions in this sample in terms of fluency and 

numeracy outcomes, Islamabad and Anambra, a large share of children are not meeting grade-

level expectations. For instance, only 1 in 6 Grade 3 students in Islamabad meet the Hasbrouck-

Tindal median winter norm (97 cwpm), and in Anambra, only 10% of students meet this threshold. 

7 Even the significantly lower Abadzi threshold (38 cwpm) is met by only 57% of Grade 3 students 

in Islamabad and 36% in Anambra. In the direst case, Bayelsa, only 3% of Grade 3 students reach 

grade-level proficiency, even at this lower benchmark. Therefore, in absolute terms, the vast 

majority of children in these contexts, much like in the rest of the LMICs (Azevedo et al., 2021), 

do not possess the expected foundational literacy and numeracy skills for their grade level. 

Despite the overall low learning outcomes, our results show that the severity of these gaps 

varies significantly by context and by school within each context. To illustrate this, we present 

the dispersion of literacy and numeracy outcomes for Grade 3 in a series of box plots by subject 

and context (Figure 1), where each box in a given graph represents a school in each representative 

sample. The data on numeracy and literacy outcomes were collected and analyzed in a way such 

that they are comparable across all six regions; therefore, each graph allows for a visual 

examination of dispersion within each system individually (within a row), and relative to the other 

educational systems (across rows). In Appendix Figures 1-5, we include the equivalent figure for 

all other grades.  

Figure 1 demonstrates that the extent to which the school-level median levels of performance 

differ within each system actually varies significantly. In Grade 3 literacy, Bayelsa, The Gambia, 

 
7 For half of the sample (three regions), data were collected in the first term of the school year, and for the other half of the sample 

data were collected in the last term of the school year. Thus, Hasbrouck-Tindal’s median winter norm — the second benchmark out 

of three for a given grade — served as the most suitable average norm to ensure consistency in interpreting the results. 
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and Meghalaya show a “flat” profile, where most schools display median levels that are very similar 

to each other and with few individual outliers within each school beyond 50 cwpm. Conversely, 

Anambra and Islamabad have much “steeper” profiles, displaying significantly higher within-

system and between-school heterogeneity. For example, in Islamabad, 18% of schools have a 

median level below 10 cwpm, and 43% of schools have a median level at least meeting the Abadzi 

threshold for Grade 3. Similarly, in Anambra, 27% of schools have a median level of a non-reader 

(0 cwpm), and 18% of schools have a median level meeting the Abadzi threshold. 

 

 

Figure 1 

Notes: Each box plot represents one sampled school. The center line within each box denotes the median, the 

box the interquartile range, and the whiskers and points the dispersion of student-level outcomes within 

schools. Literacy is measured in correct words per minute (cwpm) using a Grade 2 oral reading fluency 

passage, and numeracy is measured as the student’s total score on the ICAN assessment. Results are shown for 

Grade 3; equivalent figures for other grades are shown in Appendix Figures 1–5. 
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ii.  Measuring dispersion across schools 

To more systematically explore the differences in school-level median levels within and across 

systems, by subject and grade, Figure 2 traces the school-by-school median of the two main 

outcomes of interest for all regions and grades. In other words, the lines for Grade 3, for instance, 

correspond to the trace of the median levels for each school on Figure 1. Intuitively, the “flatter” 

the line for a given region-subject-grade, the more similar the school-level median levels for a given 

place are. Conversely, the “steeper” the line for a given region-subject-grade, the more between-

school heterogeneity that region has. 

First, we find that — for the most part — the steepness of the lines within a subject and grade 

does seem to vary substantially by region. For instance, Grade 5 for literacy (dark blue) is 

significantly steeper in Islamabad (an increase of 10.3 correct words per minute for every 10-

percentile increase in a school-grade’s position within the context-grade distribution, the second-

highest slope for school context-grade combinations in literacy, after Anambra in Grade 6) than 

in the relatively flatter Bayelsa (3.3 correct words per minute for every 10-percentile increase in a 

school-grade’s position within the context-grade distribution, at the 50th percentile of all context 

and grade combinations for literacy) or Gambia (4.8 for the equivalent slope, at the 63rd 

percentile). Part of these differences are driven by high-performing schools: the school with a 

median level at the 90th percentile in Islamabad is performing at 122 cwpm, which is over four 

times the level of the respective school in Bayelsa and almost twice as much as in Meghalaya. 

Yet, differences at the top of the distribution are not fully driving the overall shape of the curve: 

while the school with a median level at the 10th percentile is reading at 48 cwpm in Islamabad, 

the respective schools in Bayelsa and Meghalaya perform at 0 cwpm. In numeracy, the cross-

regional differences are not as stark;8 in fact, the average Grade 5 percentile-on-percentile increase 

in Islamabad is smaller than that in Meghalaya or Bayelsa — but within each region and grade, 

the slope is rarely “flat” – increasing on average 4 percentage points (0.16 SD) per every increase 

of 10 percentiles in a school-grade’s position within the context-grade distribution, indicating some 

degree of between-school heterogeneity within systems. For example, the ratio of the average 

numeracy score among the 25% of schools with the highest median numeracy scores to the 

 
8 Although we cannot rule out that part of this might be due to potential ceiling effects in Islamabad Grade 5 — the highest performing 

sub-group in the entire sample. 
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equivalent score in the 25% of schools with the lowest numeracy scores is 3.7 in Grade 2 and 2.2 

in Grade 4 and 5. Even in the context with the lowest value for this ratio — Islamabad — the 

average value is 1.9, that is, the top 25% of schools with the highest median scores are performing 

almost twice as high as the bottom 25%. 

One potential concern with Figure 2 is that the school-grade cells are modest in size, with the 

median cell containing six sampled students. As a result, there may be considerable uncertainty 

around these school-grade medians due to measurement error and sampling variation. To assign 

confidence intervals to these medians, we construct bootstrap percentile intervals, since 

conventional large-sample approximations are not especially informative at this scale. Specifically, 

for each school-grade-subject cell, we draw 1,000 bootstrap samples with replacement from the 

observed students in that cell and recompute the median for each resample. We then use the 

empirical 5th and 95th percentiles of these bootstrap medians to form a 5–95 percentile interval, 

and we also report the bootstrap median itself. We apply the same procedure to the context-

grade-subject medians. These interval plots are intended as a local uncertainty check around the 

estimated school-grade medians, rather than as a formal test of between-school differences or of 

the full ranked gradient shown in the figure. For parsimony, we report these plots in the Appendix 

for a selected set of cases (Appendix Figures 6–11). Specifically, we show the 5th, 50th, and 95th 

context-subject cases in terms of median scores9 in order to illustrate what these intervals look 

like at different levels of performance for both subjects. The figures show that sampling noise 

might matter for the precise level and ordering of individual school medians, especially in small 

cells, but it does not eliminate the broader impression of substantial between-school variation in 

many settings shown in Figure 2, even if this is not the case in all settings. They also suggest that 

there are indeed cases within most setting-subject-grade combinations in which individual schools 

differ substantially from the system-wide median. A separate exercise in the following subsections 

addresses the stronger question of whether the observed degree of between-school heterogeneity 

exceeds what would be expected under random assignment alone. 

 

 
9 For literacy, these correspond to Bayelsa Grade 3 (randomly selected among the cases with a median of 0 cwpm), Gambia Grade 

5, and Anambra Grade 6, respectively. For numeracy, they correspond to Gambia Grade 1, Bayelsa Grade 4, and Islamabad Grade 

4, respectively. 
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Figure 2 

Notes: Each line traces the school-by-school median outcome for one context and grade, ordered from the 

lowest to the highest school median within that context – grade - subject cell. Literacy is measured in correct 

words per minute (cwpm), and numeracy as the student’s total ICAN score. Appendix Figures 6–11 show 

equivalent figures for selected subject-grade combinations, adding bootstrapped confidence intervals.
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iii.    When between-school differences imply different pedagogical needs 

Do the variations in learning outcomes between schools within these education systems call 

for differentiated instruction or curricula at the level of the school? In other words, are these 

differences “pedagogically meaningful,” or are they simply "numeric differences" resulting from 

natural variation among students who all require the same instructional, likely remedial, level? If 

these differences do not truly signify distinct pedagogical needs for schools, then policymakers 

aiming to optimize classroom instruction within their systems might simply adjust the level of 

their one-size-fits-all curriculum for a given grade to better align with the learning levels of 

students across the system. However, if these numeric differences also indicate variations in the 

pedagogical needs of different schools, policymakers might be interested in exploring ways to tailor 

mandated instruction and curriculum more precisely to the diverse needs of schools, going beyond 

the current one-size-fits-all approach. To investigate this question, we utilize the mapping of grade-

level proficiency discussed in the previous section to the learning outcomes presented in Figure 2. 

The results for Grade 3 are illustrated in Figure 3, and for the sake of simplicity, outcomes for 

other grades are provided in Appendix Figures 12–15.10 

Figure 3 illustrates that there are differences across systems in the extent to which variation 

in learning outcomes translates into differences in the pedagogical needs of schools. In other words, 

for certain systems, grades, and subjects, there are not large differences in the pedagogical needs 

of schools, while in other cases, there are ample differences between schools that merit a closer 

look into potential differentiation approaches. For instance, in Bayelsa, The Gambia, and 

Meghalaya, 97%, 79%, and 76% of Grade 3 classes respectively have a median literacy level aligned 

with Grade 1 proficiency. For numeracy in these same places, the figures are nearly universally 

aligned with Grade 1 proficiency. In other words, in these cases, between-school heterogeneity 

does not appear large enough to make between-school differentiation an obvious priority — 

especially if such an intervention carries high logistical costs that would need to be justified by 

similarly large gains in instructional alignment. 

 

 

 
10 Appendix Figures 16-17 also show the equivalent graphs for Grades 3-4 but using the median Hasbrouck-Tindal winter norms for 

literacy as opposed to the Abadzi thresholds.  
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Figure 3 

Notes: Each stacked bar represents one sampled school. Within each bar, the segments show the distribution 

of students across grade-level proficiency categories based on their individual assessment results. Literacy 

proficiency levels are based on the Abadzi (2011) thresholds, and numeracy proficiency levels are based on the 

mapping of ICAN items to the Global Proficiency Framework described in the text. Results are shown for 

Grade 3; equivalent figures for other grades are shown in Appendix Figures 12–15. Appendix Figures 16–17 

show the corresponding literacy results using the Hasbrouck-Tindal norms. 

 
 

Yet, in other regions, the extent of between-school heterogeneity in the median grade-level 

proficiency of each school suggests greater scope for school-level differentiation of mandated 

classroom instruction.11 For instance, in literacy, 56% of schools in Anambra display a Grade 1 or 

2 level, while 44% of them display a Grade 3 level or higher. In Islamabad, 18% of schools display 

a Grade 1 level, 18% display a Grade 2 level, and 43% of schools are at a Grade 4 level or above. 

In numeracy, there is a similar pattern, although more schools skew towards the lower levels of 

 
11 These meaningful differences in the pedagogical needs of children within systems and grades are also present when the data are 

analyzed at the median class level within each region, grade, and subject, as shown in Appendix Figure 18. This also provides some 

evidence that the differences between schools displayed here are not solely driven by measurement error in the between-school 

differences. Yet, while Appendix Figure 18 shows that there are meaningful differences in the proficiency levels within the systems, it 

obscures whether these are distributed in a similar way across schools (i.e., most of the variation comes from within-school differences) 

or in different ways between schools (i.e., a large portion of the variation comes from significant differences in the overall learning 

levels of different schools). 
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proficiency than in literacy. For example, in Islamabad, 45% of Grade 3 classes display a 

proficiency level akin to a Grade 1 level, while 55% of them are at a Grade 2 level or above. Even 

in Mizoram, which, in Figure 2, visually appears to be in the middle in terms of the extent of its 

between-school heterogeneity, 66% of schools are at a Grade 1 level, and all other schools are at 

a Grade 2 or above, with 8% of them even at Grade 4 or above. In these cases, the results suggest 

greater scope for differentiating mandated instruction between schools, as a one-size-fits-all 

curriculum is less likely to align well with the needs of a large share of children, regardless of the 

level at which it is pitched.  

These findings highlight two key takeaways for policymakers. First, the presence or absence 

of meaningful variation in pedagogical needs within a given grade should not be taken for granted. 

For instance, assuming that there is a large degree of between-school heterogeneity in Grade 3 

numeracy in Meghalaya might lead policymakers to solve a non-existent problem, as all schools 

have a median level equivalent to a Grade 1 level. In this instance, an overall curriculum 

realignment, if needed, might be enough to reach a larger share of students through classroom 

instruction. Instead, the lack of concrete data mapped onto literacy proficiency levels in Islamabad 

might obscure the large extent to which Grade 3 children in different schools have vastly different 

pedagogical needs. While 1 in 6 students need instruction aligned with levels appropriate for non-

readers or close-to-non-readers, 23% of schools are meeting the Abadzi grade-level expectations, 

and 43% are even exceeding these thresholds. Therefore, high-quality data on learning outcomes 

are needed across a system to better understand the extent of the challenge that between-school 

heterogeneity might pose.  

Second, these analyses highlight the importance of having clear mappings of learning outcomes 

to proficiency levels and pedagogical needs. Even in assuming that policymakers have access to 

reliable data on learning outcomes, the “raw” outcomes might not be enough to determine whether 

a system has meaningful differences in the pedagogical needs of schools, as it is also required that 

they are mapped onto curricular milestones that place children and schools at different proficiency 

levels. 

 

2. Within-class dispersion increases with grade, similar to what the literature has suggested 

so far, but so does between-school dispersion across entire systems. 
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The literature to date has shown how, across different settings in LMICs, large within-class 

differences in proficiency levels exist and pose a pedagogical challenge for teachers. Our findings 

align with this insight. Yet, our findings also highlight that this is only a partial answer to the 

challenge posed by heterogeneity in learning outcomes, as we also find that systemwide between-

school heterogeneity tends to increase with grade too — one of the key contributions of this paper.  

To illustrate this, Figure 4 shows two measures of dispersion of learning outcomes by region, 

grade, and subject. The yellow bar shows the average within-school standard deviation (i.e., 

calculating the standard deviation in the two main outcomes within each school and then taking 

an average for each region, grade, and subject), and the average between-school standard deviation 

(i.e., calculating the average of the two main outcomes within each school and then taking the 

standard deviation of these averages for each region, grade, and subject).12 One caveat to note in 

the presentation of these findings is the use of different scales in measuring literacy and numeracy 

outcomes, based on the different constructs assessed. Therefore, the scales of the outcomes 

presented, and any cross-subject comparisons made, should be interpreted with caution as 

suggestive of relative differences, but also as potentially emerging to some extent due to the 

different underlying units for each outcome. 

 

 
12 For completeness, we also display a similar graph in Appendix Figure 19 but featuring the "coefficient of variation" ("CV"; 

standard deviation divided by the mean for each region, grade, and subject unit). While this figure shows that the CV decreases 

with grade, we believe that this only indicates that the average levels tend to increase faster in absolute units than the standard 

deviation. That is, this does not necessarily mean that dispersion is less meaningful as grade increases, as this is only in "raw units" 

and not mapped onto proficiency levels, as we do in the main text of the paper. 
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Figure 4 
Notes: The yellow bars show the average within-school standard deviation, calculated by first computing the 

standard deviation of student outcomes within each school and then averaging across schools within each 

context - grade - subject cell. The blue bars show the between-school standard deviation, calculated as the 

standard deviation of school-average outcomes within each context - grade - subject cell. Literacy is measured 

in correct words per minute (cwpm), and numeracy as the student’s total ICAN score. 

 

 

In most cases, we find that the within-class standard deviation (the yellow bar) tends to 

consistently increase with grade — akin to what previous research has shown. Yet, between-school 

dispersion (the blue bar) also increases with grade at a similar pace, especially for literacy. In 

other words, in raw units of standard deviations, between-school heterogeneity may also pose a 

meaningful challenge in most settings and deserves attention alongside the issue of within-school 

heterogeneity. 

 

3. In these six education systems, the proportion of the variance concentrated between schools 

is approximately the same for foundational literacy and numeracy, and it is high relative to other 

international assessments. 

i.    Variance decomposition 

So far, we have documented that in many cases, there is substantial between-school 

heterogeneity that might also have curricular implications for the pedagogical expectations within 
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each school, and that in certain cases, a large portion of the variation might exist at the between-

school level, and not just at the within-school level. Yet, it is valuable to more precisely quantify 

the extent to which the variation in a given region, grade, and subject unit might be due to 

between- or within-school differences, as the interpretation of heterogeneity differs depending on 

whether variation is concentrated primarily within or between schools.  

For example, if a system-wide analysis (akin to Appendix Figure 12) shows meaningful 

differences in proficiency levels within a region, grade, and subject, and a large share of the 

variation is concentrated within schools, then the results would point toward the relevance of 

within-school responses such as ability grouping or targeted remediation. If, instead, a large share 

of the variation is concentrated between schools, the results would suggest greater scope for policy 

approaches in which children in the same grade across different schools receive content that is 

better aligned with each school’s overall proficiency level. 

Therefore, to further quantify how much of the raw variance in the two key outcomes of 

interest is due to between-school variation in each context and grade, we follow a basic variance 

decomposition of the kind that is typically applied to international assessments like PISA, as 

proposed by Foy (2005). In particular, we quantify the intraclass correlation (ICC) as the ratio of 

the between-school variance (i.e., the squared standard deviation of school means) over the total 

variance — the sum of the between-school variance and the “within-school” variance (i.e., the 

squared mean standard deviation within schools) — as described in the following equation (Foy, 

2005): 

 
 

Where σ2
B is the between-school variance, and σ2

W is the within-school variance.13 This method 

is appealing due to its clear interpretation of the outcome: this ratio always falls within the range 

of 0 to 1,14 indicating the proportion of the total variance in the outcome attributable to variations 

between schools. Therefore, the higher the value of the ratio, the larger the role between-school 

heterogeneity plays in that context. For all regions, grades, and subjects, Figure 5 shows the share 

 
13  This is estimated using Stata 19’s xtreg command, with school-level effects. The results are nearly identical to those obtained 

from a manual variance decomposition in which, for each subject and grade, total variance is partitioned into between-school 

variance and within-school variance based on school-average scores. 
14 Which, for visualization purposes in Figure 5, we present as a percentage from 0-100%. 
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of the total variance in outcomes that is explained by between- and within-school differences, 

where the yellow portion of each bar represents the share of the variance explained by differences 

between schools — which in this case, corresponds to the intraclass correlation (ICC). In other 

words, a greater proportion of the yellow components of each bar signifies a higher level of 

heterogeneity between schools relative to within schools. Figure 5 shows at least two key insights 

into how the variance in learning outcomes is distributed within these education systems. First, 

between-school variation in learning outcomes explains roughly the same share of the total 

variance for literacy and numeracy outcomes. Across all regions and grades, between-school 

variance explains, on average, 41% of the total variance in numeracy outcomes, and 46% of the 

total variance in literacy outcomes. For context, this same figure was 32% on average across all 

OECD countries in the 2021 PISA assessment, with LMICs typically below this average (e.g., the 

Philippines at 13%, Cambodia at 14%, Indonesia at 16%, Malaysia at 22%, and Vietnam at 30%). 

In other words, on average, foundational learning outcomes in our sample display significantly 

more between-school variance than OECD countries or most LMICs in the PISA assessment. This 

suggests that learning outcomes are meaningfully concentrated both between and within schools, 

without large subject-specific differences between literacy and numeracy in this decomposition. At 

the same time, these aggregate shares should be interpreted cautiously and in conjunction with 

the other descriptive and proficiency-based evidence presented in the paper.  
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Figure 5 

Notes: Each stacked bar reports the share of total variance explained by between-school and within-school 

differences within a context - grade - subject cell. The yellow portion of each bar denotes the intraclass 

correlation coefficient (ICC), defined as the share of total variance attributable to between-school differences; 

the remaining portion denotes the share attributable to within-school differences. For visualization, the ICC is 

presented as a percentage from 0 to 100. The estimates are based on the variance decomposition described in 

the text. 
 

The second finding from Figure 5 is the need for these figures to be understood in conjunction 

with another absolute measure of heterogeneity in proficiency levels, as shown previously. For 

example, in Grade 3, the share of the total variance in the "raw outcome" for literacy (cwpm) 

explained by between-school heterogeneity is larger in Bayelsa than in Anambra. However, when 

these outcomes are mapped onto proficiency levels, there is more diversity in school-level 

proficiency levels in Anambra than in Bayelsa. Therefore, these relative shares and potential 

patterns within a system (or across systems) require additional nuance before delving too deeply 

into subgroup differences, and it is likely good research practice to avoid over-interpreting smaller 

differences between subgroups (e.g., assuming that Grade 2 in Mizoram needs more school-level 

differentiation than Grade 1, based solely on the yellow bars in Figure 5). This type of variance 

decomposition is helpful for understanding broader patterns in the distribution of variance across 
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and within schools, but we caution against over-interpreting small subgroup differences without 

the help of other tools like those used elsewhere in this paper. 

ii.    Is the high degree of between-school variance driven by the relatively small sample sizes 

for each class? 

Because some school-by-grade cells are small, a non-zero ICC can arise mechanically even 

when students are drawn from the same underlying distribution and differ across schools only due 

to finite-sample variation and measurement error. To assess whether the observed degree of 

clustering exceeds what would be expected under such a null, we supplement the variance 

decomposition with a Monte Carlo resampling exercise. Within each context - grade - subject cell, 

we repeatedly generate pseudo-samples by randomly reassigning students to schools with 

replacement while preserving the observed number of sampled students per school, and recompute 

the ICC in each draw using the same procedure as in the previous section. This produces a 

simulation-based null distribution for the ICC under the benchmark of no true between-school 

structure, 𝜌𝑏
𝑛𝑢𝑙𝑙. We run this simulation B = 1000 times and compare the observed ICC from the 

data, 𝜌obs, to the resulting null distribution. For each context - grade - subject cell, we then report 

a one-sided Monte Carlo p-value, 𝑝𝑀𝐶, which is roughly equal to the share of simulated ICCs that 

are at least as large as the observed ICC, using the standard finite-simulation correction as follows: 

 

Figure 6 summarizes the results from this Monte Carlo exercise. Each point within each panel 

represents a context - grade cell; the vertical axis reports the observed ICC, 𝜌𝑜𝑏𝑠, and the 

horizontal axis reports the mean simulated ICC under the null across all 1,000 simulations, 

∑ 𝜌𝑏
𝑛𝑢𝑙𝑙𝐵

𝑏=1 /𝐵. Points above the 45-degree line indicate cases in which the observed degree of 

between-school clustering exceeds the average level generated by the resampling benchmark, while 

the color coding reflects the corresponding one-sided Monte Carlo p-value. This comparison is 

useful because the null itself typically produces positive ICCs. The relevant question is therefore 

not whether the observed ICC is non-zero, but whether it is unusually large relative to the amount 

of clustering expected from chance allocation alone. 
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Figure 6 
Notes: Each point represents one context - grade cell. The vertical axis reports the observed intraclass 

correlation coefficient (ICC), and the horizontal axis reports the mean ICC across 1,000 simulated pseudo-

samples in which students are randomly reassigned to schools with replacement within the same context - 

grade - subject cell while preserving the observed number of sampled students per school. Colors indicate one-

sided Monte Carlo p-value bins based on the share of simulated ICCs at least as large as the observed ICC. 

Points above the 45-degree line indicate observed between-school clustering above the average resampling 

benchmark. 
 

As Figure 6 shows, in most context - grade - subject cells, the observed ICC exceeds the mean 

ICC generated under the resampling benchmark, and in the large majority of cases the observed 

ICC lies in the upper tail of the simulated null distribution. This suggests that, although small 

school-by-grade cells can mechanically generate non-zero between-school clustering even under the 

null, the amount of clustering produced in this way is typically much smaller than what is observed 

in the data. The Monte Carlo exercise therefore serves as a complementary robustness check that 

the observed between-school component is typically large relative to a finite-sample null, 

supporting the interpretation of Figure 5 as evidence of between-school variance that is unlikely 

to be driven solely by sampling variation. 
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4. The between-school variance increases with performance, but this increase is not linear 

and is not directly predicted by regional or urban/rural cuts of the data. 

Given that the results have shown so far that school-level variance heterogeneity might pose 

a significant pedagogical challenge at the system-level, it is also valuable to understand what 

factors may be helpful to determine the extent of the challenge. If this information were available, 

then policymakers might be able to respond to system-wide heterogeneity through other 

observable characteristics of schools without the need to collect high-quality learning outcomes 

for all schools within a system.  

First, we explore in Figure 7 the extent to which heterogeneity is correlated with baseline 

levels of performance for literacy and numeracy. Intuitively, a higher average level of performance 

might be expected to lead to more heterogeneity as it is less centered on the left portion of the 

distribution through fewer children achieving scores of 0, at least from a pedagogical standpoint.15 

The orange dots on Figure 7 represent the average within-school standard deviation for each 

region, grade, and subject unit in the school, and the green dots represent the standard deviation 

of the average school-level scores for each region, grade, and subject unit.  

 

 
15 Mechanically though, several measures of dispersion like the coefficient of variation or even the Gini coefficient decrease when the 

average level score increases — holding the standard deviation constant.  
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Figure 7 

Notes: Each point represents one context - grade - subject cell. The orange dots report the average within-

school standard deviation, and the green dots report the between-school standard deviation, plotted against 

the mean outcome in the corresponding cell. Literacy is measured in correct words per minute (cwpm), and 

numeracy as the student’s total ICAN score.  
 

For literacy and numeracy, both metrics of dispersion are positively correlated with baseline 

performance (statistically significant at the <1% level). Yet, the strength of this correlation varies. 

For literacy, for example, within-school dispersion is more highly correlated with baseline 

performance than between-school dispersion, although this pattern is not as clear for numeracy. 

Similarly, for both literacy and numeracy, the strength of the relationship between both metrics 

of dispersion and baseline performance tapers off at higher levels of performance. In other words, 

given a relatively higher-performing sample, it will be harder to predict the extent of within- or 

between-school heterogeneity than if it were performing at lower levels. This is important because 

a relatively higher-performing sample, on average, is likely a necessary (but not sufficient) 
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condition to observe meaningful school-level heterogeneity that might have pedagogical 

implications for policymakers. However, policymakers faced with a relatively higher-performing 

sample should not immediately assume a high or low degree of between- and/or within-school 

level heterogeneity without at least a representative sample with high-quality data from their own 

context. 

Next, we explore whether regional characteristics, such as the sub-regional unit a school is 

located in or the rural/urban status of a school, are strong predictors of between-school 

heterogeneity. In turn, this could serve as a useful proxy for potential curriculum customization 

in the presence of meaningful heterogeneity. To investigate this issue, we compare, for each region, 

grade, and subject unit, the share of the variance explained between schools to the share of the 

variance explained between rural/urban designations or sub-regional units. In Figure 8, we present 

the results for literacy, comparing the share of the variance explained between urban/rural 

designations (vertical axis) and the share of the variance explained by between-school differences 

(horizontal axis). The patterns are largely the same for numeracy or for sub-regional units (see, 

for example, Appendix Figure 26). Dots above the line of equality would signify a region, grade, 

and subject unit where rural/urban designations explain a larger share of the variation than 

between-school differences. Instead, Figure 8 shows that, in most cases, rural/urban designations 

play a small role in explaining between-school heterogeneity. 

 

 

Figure 8 

Notes: Each point represents one context - grade - subject cell. The horizontal axis reports the share of total 

variance explained by between-school differences, and the vertical axis reports the share explained by the 

proxy shown in the corresponding panel (e.g., rural/urban status). Points above the 45-degree line indicate 

cells in which the proxy explains a larger share of the variance than between-school differences.  
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Taken together, the findings here suggest that predicting the extent to which school-level 

heterogeneity might pose a challenge in determining curricular requirements within a system might 

not be as straightforward as proxying this through the performance level of the system or 

observable school-level characteristics usually thought to be related to overall performance, like 

rural status. While a relatively higher average level of performance might be a prerequisite for 

meaningful heterogeneity, it is not a guarantee of a pedagogically large extent. Similarly, our 

results show that, in most cases, there are enough urban and rural schools that are high and low 

performing (or even by sub-regional unit, like districts) such that, if policymakers target curricular 

expectations by these characteristics rather than using student-level data, it might lead to 

significant misclassification of instructional needs. These findings suggest that observable school 

characteristics such as rural status are unlikely to provide a reliable basis for targeting school-

level pedagogical requirements. In practice, any attempt to respond to meaningful between-school 

heterogeneity through school-level customization would therefore likely require reliable, system-

wide learning outcomes data. 

 

5. Faced with meaningful between-school heterogeneity, data-driven targeting of the 

curriculum may increase instructional alignment across schools. 

Next, we use a stylized exercise to examine how the share of students aligned with classroom 

instruction changes under different approaches to curriculum setting. The objective is not to 

estimate realized learning gains from any specific reform. Rather, the exercise is intended to 

illustrate how the potential scope for improved instructional alignment varies with the degree of 

between-school heterogeneity. 

We compare four instructional-leveling scenarios. The first is a baseline misalignment scenario, 

meant to capture an “overambitious curriculum” in which instruction is set above the proficiency 

level of most students. The second assigns a single instructional level for all schools in a region 

and grade based on the median student in that region-grade cell. The third and fourth allow 

school-level differentiation by assigning different instructional levels to schools grouped by baseline 

performance, using either two groups or four groups. These scenarios are not intended to represent 
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exact policy designs; rather, they provide a simple way to compare how the scope for instructional 

alignment changes as targeting becomes more fine-grained. 

More formally, to quantify the share of children falling within the instructional band under 

different curricular leveling scenarios, consider teacher i in school s, region r, who teaches grade g 

with N students. In this class, the teacher faces a median level of performance p, which comes 

from a distribution of performance P. This teacher pitches their instruction at a level L (proxied 

in units of the outcome, e.g., correct words per minute), which is set by the central planner, either 

fixed at 𝐿̅ for all students in the region and grade (𝐿̅rg), or is dependent on the baseline level of 

performance of each school at Lrsgp — depending on the instructional leveling scenario being 

considered. Similarly, the teacher is assumed to be a “curriculum-taker,” i.e., they cannot decide 

the level of instruction they teach and instead take it as given by the central planner. For the 

sake of simplicity of the model, assume that at any given level of instructional leveling L, each 

student is dichotomously either "reached" by instruction or not, and that the share of students 

reached by instruction is given by c(L, d, P), which is a function of the instructional leveling L, d  

—  the “span” of children at levels around L that can still be reached by instruction at L,16 and 

the overall distribution of outcomes P. Therefore, the policymaker’s problem is to take the given 

N⋅c(L,d,P), P and d  for their context and optimally select L  such that they maximize  

the systemwide sum of children reached by classroom instruction in region r and in grade g.17  

With this in mind, we consider four different scenarios on how to select L, i.e., how to target 

instructional leveling within schools, and for each, we quantify the systemwide share of children 

that would be reached by classroom instruction under each L in each region r, given the differences 

in their actual distributions of performance P. The four scenarios that we consider are: 

● "Curricular misalignment": the canonical case of overambitious curricula, where 

instruction is pitched at a much higher level than what the majority of children can do. In 

 
16 To simplify the model, we will assume that d is fixed at d — that is, when instruction is pitched at a level L, children at L ± d 

would be reached by it, and we will set d at 10 cwpm, although we do verify that these arbitrary and simplifying decision do not affect 

the ultimate qualitative conclusions reached through this analysis.  
17 Clearly, without incorporating costs for each level (L) into the model, the central planner should select the most fine-grain L that 

fits the data at the greatest level of disaggregation. This choice might involve higher costs, and it may not be selected as the optimal 

response if the model considers costs. However, we maintain the model in its current state for two reasons. First, estimating costs can 

be highly context-dependent and prone to errors, introducing greater uncertainty into the model. Second, the primary goal of this 

exercise is to quantify the marginal benefit of different leveling approaches given various performance distributions. This allows us to 

derive broader insights that policymakers can use to weigh costs in their specific context, which they are likely more familiar with 

than us as researchers. 



Efficient instructional targeting and between-school heterogeneity 

34 

 

our model, we make the arbitrary decision of setting instruction in this scenario one full 

standard deviation (σ) above the level of the median child across the system. In other 

words, the instructional level that everyone in this system receives is  𝐿̅ 𝑟𝑔(𝑝+𝜎). 

● "Targeting the median child system-wide": we simulate a scenario where instruction is 

pitched at the level of the median child within the region, grade, and subject. This 

represents the basic case where a central government revises its curriculum for a given 

grade to better align with the lower learning levels in their schools, still within the one-

size-fits-all constraint. The instructional level that everyone in this system receives 

is  𝐿̅ 𝑟𝑔(𝑝). 

● "Targeting the median child across two distinct performance groups": this scenario 

represents the case where policymakers have accurate learning outcomes data for all 

schools at baseline through which they can create two sub-groups of schools. These groups, 

in turn, receive instruction tailored to the median child in each group. The two 

instructional levels within this scenario are 𝐿̅ 𝑟𝑔(𝑝1) and 𝐿̅ 𝑟𝑔(𝑝2), where p1 and p2 represent 

the median level of students in group 1 — the lowest-performing half of schools — and in 

group 2 — the highest-performing half of schools.  

● "Targeting the median child across four distinct performance groups": a similar scenario 

to the previously described targeting of instruction based on baseline levels but with four 

groups instead of two, where the four targeted levels are 𝐿̅ 𝑟𝑔(𝑝1) through  𝐿̅ 𝑟𝑔(𝑝4). This 

scenario serves to understand the extent to which even more tailored instructional leveling 

might lead to additional benefits in the share of students reached — especially in light of 

the potential additional logistical challenges that this might pose for policymakers, that 

would need to be offset by meaningful instructional gains. This assumes that policymakers 

do, in fact, have the necessary resources and materials to implement multiple streams of 

instruction within each grade. 

To showcase how we map this model to the data, we first visually represent the four 

instructional leveling scenarios for literacy outcomes in Grade 5 Meghalaya in Figure 9. We choose 

this grade and region as it is an advanced grade that might display a higher level of between-

school heterogeneity but does not stand out in previous analyses either as an extreme outlier in 

the presence of school-level heterogeneity.  
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The four base panels of Figure 9 show the same data, similar to the literacy row in Figure 1: 

a box-and-whiskers representation of reading fluency scores for Grade 5 students in Meghalaya, 

school by school. What varies from panel to panel in Figure 9 is positioning of the light blue box, 

which represents the leveling approach being modelled in each panel, centered in every case at the 

respective L — the given instructional level for each school and scenario — and spans a range of 

𝑑̅, 10 cwpm up and down from L. Therefore, the share of children falling within the instructional 

band under the different leveling scenarios c(L, d) is displayed as the portions of the individual 

box-and-whiskers within each graph under this light blue box. 

 

 

 

Figure 9 

Notes: Each panel shows the distribution of Grade 5 literacy outcomes across sampled schools in Meghalaya 

under one of four stylized instructional-leveling scenarios. As in Figure 1, each box plot represents one sampled 

school. The light blue band denotes the instructional level assigned in that scenario, centered at the relevant 

instructional target and spanning a range of 𝑑=10 correct words per minute above and below that level. The 

share of students “reached” under each scenario corresponds to the share of student outcomes falling within the 

light blue band. 
 

 

In the case of literacy outcomes for Grade 5 students in Meghalaya, only 11% of the sample 

is reached under the “curricular misalignment” scenario, as shown in the leftmost panel. Once the 

curriculum is modified to target the median child system-wide — the next panel on the right — 

37% of the sample is reached. Further customizing the instructional requirements across two 

distinct groups will allow policymakers to reach 58% of Grade 5 children in this context, and 

differentiating across four different groups (i.e., the right-most panel) will enable policymakers to 

reach 81% of students. It is important to note that, although each subsequent panel from left to 

right leads to average improvements, this is not necessarily the case for all students at the 
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individual level. For instance, moving from "curricular misalignment" to "targeting the median 

child system-wide" leads to more children being reached on average, but there is a portion of 

children at the top of the distribution that are actually better served by the first scenario than 

the second scenario, despite the net gains systemwide. 

We now quantify the potential gains in instructional alignment by repeating this exercise for 

all regions and grades, displaying the results in Figure 10. To understand how Figure 10 is related 

to Figure 9, note that the baseline case (curriculum misalignment, in dark green) for Meghalaya 

Grade 5 has a value of 11% — this is the share of children under the light blue box in the leftmost 

panel of Figure 9. The next bar over on Figure 10 for Meghalaya Grade 5 displays 26% — this is 

the additional gain in the share of children reached from the leftmost panel in Figure 9 (11% of 

children under the light blue box) to the next panel over targeting the system-wide median child 

(37% of children under the light blue box, for a gain of 26% — as shown in Figure 10).  

As we analyze Figure 10, also note that we are not displaying these numbers as ultimate 

estimates for each region and grade; the precise numbers, as with any other model, depend on the 

assumptions behind them and parameters used (e.g., setting d at 𝑑̅=10 for all grades and modeling 

scenarios, or the extent of the misalignment in the baseline scenario). Instead, these estimates 

should be taken as a pattern-seeing exercise to help policymakers better understand broader trends 

in when school-level customization of instructional requirements might be most beneficial, and to 

what extent and level of differentiation curricula need to be customized. More importantly, the 

exercise does not estimate how changes in instructional alignment translate into actual learning 

gains, nor does it incorporate implementation costs, teacher responses, or political constraints. 

The results should therefore be interpreted as a stylized comparison of alignment under alternative 

targeting rules rather than as causal estimates of the effects of differentiated curriculum reform. 
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Figure 10 

Notes: Each bar reports the four shares of students reached under each one of the four stylized instructional-

leveling scenario: curricular misalignment, targeting the median child system-wide, targeting two performance 

groups, and targeting four performance groups. Results are shown separately for each context - grade. 

“Reached” is defined as the share of students whose observed outcome falls within the instructional band 

around the assigned level under each scenario. 
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There are at least three key insights emerging from Figure 10. First, we observe that for the 

lower grades like Grade 1 or 2, the vast majority of the gains come from a system-wide curriculum 

alignment with the median level in the whole system. On average across these six systems, the 

boost from transitioning from the curriculum misalignment scenario to alignment with the median 

systemwide level is 71 percentage points, relative to an additional 7 percentage points from 

differentiating schools into two groups or four additional groups based on baseline performance. 

This pattern suggests that, in early grades, much of the potential gain in instructional alignment 

may come from system-wide curriculum realignment rather than from fine-grained school-level 

differentiation. 

Secondly, perhaps unsurprisingly, higher grades and regions with more school-level 

heterogeneity tend to show larger potential gains from more differentiated instructional-leveling 

approaches. For example, in Islamabad, from Grade 2 onwards, the most fine-grain approach to 

curriculum targeting represents the single largest gain in the share of students reached. 

Interestingly, in Grade 5 in The Gambia, instructional customization in two groups has virtually 

no added benefit relative to the systemwide realignment of the curriculum towards the median 

child. Instead, it is not until further differentiation into additional performance groups is added 

that a significantly larger share of children is reached. These cases illustrate that, in the presence 

of school-level heterogeneity, a single curriculum level for an entire region may leave many 

students poorly aligned with the assigned instructional level, even when that level is chosen to 

maximize alignment on average. In other words, it is true that in these cases, there are levels of 

the whole-system curriculum that may maximize the share of children reached (e.g., the median 

systemwide level), but even at these levels, many children and schools may remain poorly aligned 

with the assigned instructional level because the curriculum may still be pitched too high or too 

low for their specific needs. 

Thirdly, Figure 10 shows that at any given level of differentiation (i.e., for any of the 

instructional leveling approaches shown), the share of children reached by classroom instruction 

decreases with grade — likely because of the average increase in heterogeneity with grade and/or 

baseline performance both within-schools and between-schools. In other words, as grades progress, 

most types of classroom instruction become less able to cater to the needs of all children within 

those classes, as a larger proportion of them will either need much stronger remediation than the 



Efficient instructional targeting and between-school heterogeneity 

39 

 

median level amongst their peers, or because they are several grade levels ahead. These patterns 

also suggest limits to what curriculum targeting alone can accomplish, particularly in higher grades 

where substantial within-school heterogeneity remains. In such settings, additional interventions 

may still be needed for students far below or above the assigned instructional level. Examples of 

this might include "pull-out" remedial tutoring for low-performing students or a cross-school gifted 

education program for high-performing children needing additional stimulation. 

Finally, given the potential logistical costs of fine-grain school-level differentiation, we would 

also like to understand how the gains from targeting four groups — relative to a simpler 

systemwide curriculum misalignment — correlate with the baseline level of performance and 

dispersion in the data, as shown in Figure 11.  

 

 

Figure 11 

Notes: Each point represents one context - grade - subject cell. The vertical axis reports the gain in the share 

of students reached under the most differentiated instructional-leveling scenario relative to the baseline 

scenario described in the text. The horizontal axes report baseline mean performance and baseline dispersion, 

respectively. Literacy is measured in correct words per minute (cwpm), and numeracy as the student’s total 

ICAN score.  

 

Figure 11 first indicates that the correlation between the gains from fine-grain targeting of 

school-level instruction is correlated with baseline levels of performance and baseline dispersion, 

consistent with what Figure 6 also shows. Yet, similarly to before, the correlation between baseline 

levels and the pedagogical benefits of additional differentiation at the school level tapers off at 

higher levels of performance. After a baseline level of approximately 20 cwpm, the relationship 

between these two factors becomes significantly flatter. As such, like before, baseline average levels 
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do not appear to be a strong predictor of what type of curriculum alignment or differentiation 

would have the largest impact on the accessibility of classroom instruction relative to their 

logistical costs. The relationship between the baseline standard deviation and these potential gains 

is stronger across the distribution, but even then, there is a "fanning out" pattern, where at any 

given level of baseline standard deviation, there can be a gap as wide as 20 percentage points (or 

approximately 50%) in the potential gains from differentiation. In this sense, a recurring theme in 

these findings is that neither the extent of school-level heterogeneity nor the potential benefits of 

fine-grain differentiation can be easily quantifiable without, at the very least, a representative 

sample of students and schools with high-quality data on learning outcomes. 

 

IV.    Discussion and policy implications 

In this paper, we have explored the issue of between-school heterogeneity in foundational 

learning outcomes across six public education systems in LMICs and the potential implications 

that this issue might have for curriculum setting at a large scale. We have shown that in certain 

regions, grades, and subjects, there are pedagogically meaningful levels of school-level 

heterogeneity, which may make a uniform set of curriculum expectations less well aligned with 

the distribution of learning across schools within a given system. The stylized targeting exercise 

suggests that, in systems with meaningful between-school heterogeneity, school-level 

customization of instructional levels may increase the share of students aligned with classroom 

instruction relative to a uniform curriculum, although whether such alignment gains can be 

realized in practice depends on the availability of reliable school-level data and on implementation 

capacity. We also present cases, such as in the earlier primary grades of low-performing regions, 

where such customization appears less important than aligning the national or regional curriculum 

more closely to the level of the median child in that grade across the context. Still, this paper does 

not identify the underlying sources of this heterogeneity. Some of the observed between-school 

differences may reflect de facto curricular adaptation, remediation practices, or other school-level 

responses already taking place on the ground, in addition to differences in student composition, 

assessment timing, and school quality. Our contribution is therefore descriptive rather than causal: 

we document the extent of realized school-level heterogeneity and explore its implications for 
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instructional alignment, but we do not attempt to attribute that heterogeneity to specific 

mechanisms. 

We also reflect on the fact that the production of the current paper, and one of the reasons 

why similar exercises are scant, is the relative lack of available, high-quality, at-scale learning data 

for all grades within education systems in LMICs. Without this type of student-level data, either 

in the form of census data of learning outcomes or representative samples with similar assessments, 

policymakers not only are effectively blind to the issue of between- (or within-) school 

heterogeneity but also lack insight into the broader state of learning outcomes within their 

educational system. Moreover, while a representative sample allows policymakers to quantify the 

extent of learning outcomes and/or heterogeneity within their system, census data from every 

school is needed in order to accurately differentiate instruction. Therefore, the existence of 

comprehensive, high-quality learning outcome data for education systems is a critical prerequisite 

to understand potential policy alternatives to raise learning outcomes, among which could be 

interventions that address school-level heterogeneity if the data shows that this is indeed a 

challenge in that context. 

Furthermore, the quality of the learning outcomes data is as important as its existence for the 

quantification of between-school heterogeneity for at least three reasons. First, our data shows 

that school-level characteristics typically associated with performance levels like urban/rural 

status do not explain a large portion of between-school heterogeneity. In other words, policymakers 

wanting to tackle between-school heterogeneity by differentiating curricula by rural status, for 

example, will actually incur a large degree of measurement error and misleveling of schools. 

Secondly, accurate school-level data is needed to minimize measurement error at the school level. 

That is, if a government were to differentiate curricular expectations by school, a poor-quality 

assessment or one with large degrees of measurement error (i.e., misclassification of grade-level 

proficiencies) would lead to schools receiving instruction not suitable for them. One can even 

imagine a scenario in which an assessment is relatively accurate at the system level but inaccurate 

at the individual level (i.e., the measurement error is a “classical error,” or with an expected mean 

of 0); in this case, the benefits of school-level tailoring wash away across the system despite 

instructional tailoring for schools, due to poor school-level classification. Hence, high-quality 

learning data that is accurate at least at the level of the school is a requirement to address school-
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level heterogeneity. Finally, high-quality data is required to coexist with pedagogically sound 

mappings of this data to grade-level proficiencies and instructional mandates so that policymakers 

have a way to translate between the raw outcomes in their data and the potential policy 

prescriptions at the curricular level. 

In all, our paper makes a dual contribution to the field. For researchers, it adds to the literature 

on learning inequality and heterogeneity, particularly by focusing on between-school heterogeneity 

at a system-wide level. For policymakers, it provides a set of frameworks to better understand the 

potential extent of between-school heterogeneity and its relative policy urgency, as well as ways 

to quantify the potential benefits of different policy alternatives in response to meaningful 

between-school heterogeneity. For future research, we identify at least two potential areas that 

require further exploration. The paper does not provide a clear framework for policymakers facing 

both between-school and within-school heterogeneity on how to weigh these two potential 

challenges and direct relative portions of their efforts to one or the other. To begin to think about 

such a framework, obtaining full census data, at least from each sampled school, might be advisable 

to minimize potential measurement error in within-school heterogeneity due to small sample sizes 

within each school and grade combination. Second, even if, in theory, there might be gains in 

learning outcomes if the curriculum or instruction were better tailored to the level of each class 

or school in the presence of between-school heterogeneity, the magnitude of these gains, if any, is 

still uncertain. As such, building a body of research on interventions that address between-school 

heterogeneity, akin to the budding body of research addressing within-system heterogeneity, will 

be valuable for policymakers considering potential alternatives for their education systems and 

specific challenges with heterogeneity within them. 
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B. Assessment instruments used for the two main outcomes of interest 

i.    Oral reading fluency 

Grade 2 passage: Anambra State, Islamabad, Meghalaya 

 

 

Grade 2 passage: Bayelsa State, Mizoram 
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Grade 2 passage: The Gambia 

   

ii.  Numeracy 

International Common Assessment of Numeracy (ICAN) 
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C. Full list of assessments given in each region 

 

Appendix Table 1: Detailed overview of all assessments given in each of the six regions 

Region Common assessments across 

grades 

Grade-level passage Reading comprehension 

assessment 

Additional assessments 

Anambra State Grade 2 passage from 

DIBELS 

Grade-level passage from 

DIBELS 

2 additional questions 

after each passage: 1 

“direct thinking” and 1 

“inferential thinking” 

question 

English oral language 

assessment 

ICAN Internally-developed 

diagnostic numeracy 

assessment 

Bayelsa State Grade 2 passage from 

DIBELS 

Grade-level passage from 

DIBELS 

2 additional questions 

after each passage: 1 

“direct thinking” and 1 

“inferential thinking” 

question 

Internally-developed 

diagnostic numeracy 

assessment 

ICAN 

The Gambia Grade 2 passage from 

DIBELS 

Grade-level passage from 

English textbooks 

approved by the 

government 

4 additional questions 

after each passage: 3 

“direct thinking” and 1 

“inferential thinking” 

question 

English oral language 

assessment 

ICAN Internally-developed 

diagnostic numeracy 

assessment 

Islamabad Grade 2 passage from 

DIBELS 

Grade-level passage from 

DIBELS 

2 additional questions 

after each passage: 1 

“direct thinking” and 1 

“inferential thinking” 

question on both an 

English and Urdu 

passage 

English oral language 

assessment 

Grade 2 Urdu passage 

from a government-

approved textbook 

ICAN Grade-level Urdu passage 

from a government-

approved textbook 

Internally-developed 

diagnostic numeracy 

assessment 
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Meghalaya Grade 2 passage from 

DIBELS 

Grade-level passage from 

DIBELS 

2 additional questions 

after each passage: 1 

“direct thinking” and 1 

“inferential thinking” on 

both an English and 

native language passage 

Grade 2 Garo passage 

from a government-

approved textbook 

Grade 2 Khasi passage 

from a government-

approved textbook 

Internally-developed 

diagnostic numeracy 

assessment 

Mizoram Grade 2 passage from 

DIBELS 

Grade-level passage from 

DIBELS 

2 additional questions 

after each passage: 1 

“direct thinking” and 1 

“inferential thinking” 

question 

Internally-developed 

diagnostic numeracy 

assessment 
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D. Additional information on mapping proficiency levels 

 

Appendix Table 2: Grade-level averages abstracted from reading fluency studies 

Grade Average words per minute Number of countries where these 

grades were tested 

1 12 8 

2 23 13 

3 38 13 

4 62 5 

5 70 3 

6 56 2 

Source: Abadzi, H. (2011). Reading fluency measurements in EFA FTI partner countries: Outcomes and improvement prospects. World Bank. 

https://documents1.worldbank.org/curated/en/925221468179361979/pdf/797780WP0readi0Box0379789B00PUBLIC0.pdf  

 

 

Hasbrouck-Tindal Oral Reading Fluency Norms 

The Hasbrouck-Tindal Oral Reading Fluency Norms are widely used as a tool to benchmark appropriate 

student progress in English oral reading fluency, given their developmental stage at different points of their 

primary school experience. These benchmarks are developed based on data from a few different assessments, 

including DIBELS, collected primarily in high-income, English-speaking countries. The chart below contains 

the Hasbrouck-Tindal grade-level benchmarks for students in the 25th, 50th, and 75th percentiles during the 

Spring term, the last term of the school year. Furthermore, the chart also includes the average expected 

growth per week from a student in the 50th percentile at this point of the school year.  

 

 

Appendix Table 3: Oral Reading Fluency Norms (Correct words per minute) 

 25th percentile 50th percentile 75th percentile 
Median average  

weekly improvement 

Class I 34 60 91 2.0 

Class II 72 100 124 1.6 

Class III 91 112 139 0.9 

Class IV 105 133 160 1.2 

Class V 119 146 169 0.8 

 

 

 

https://documents1.worldbank.org/curated/en/925221468179361979/pdf/797780WP0readi0Box0379789B00PUBLIC0.pdf
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Appendix Table 4: Mapping ICAN Results onto Global Performance Standards 

ICAN skill Sample problem Grade-level 

expectation, 

according to 

GPF 

Rationale1 

Simple number 

recognition:  

One-digit number 

recognition 

3, 0, 8, 2, 9 KG G1: N1.1.1_M Count in whole numbers up to 30. 

Complex number 

recognition: 

Two-digit number 

recognition 

48, 97, 84, 22, 30 G1–2 G1: N1.1.1_M Count in whole numbers up to 30. 

G2: N1.1.1_M Count in whole numbers up to 100. 

Simple addition: 

Two-digit addition 

without carrying  

32 + 15 = ____ G2 G2: N1.3.1_M Add and subtract within 20 (i.e., 

where the sum or minuend does not surpass 20), and 

represent these operations with objects, pictures, or 

symbols.  

 

G3: N1.3.1_M Demonstrate fluency with addition 

and subtraction within 20 and add and subtract 

within 100 (i.e., where the sum or minuend does not 

surpass 100), with and without regrouping, and 

represent these operations with objects, pictures, or 

symbols (e.g., 32 + 59; solve an addition or 

subtraction problem presented by images of bundles 

of tens and ones; use number lines or skips on a 

hundreds grid to reason through or solve addition 

and subtraction problems).  

Complex addition: 

Two-digit addition 

with carrying 

56 + 17 = ____ G3 G3: N1.3.1_M Demonstrate fluency with addition 

and subtraction within 20 and add and subtract 

within 100 (i.e., where the sum or minuend does not 

surpass 100), with and without regrouping, and 

represent these operations with objects, pictures, or 

symbols (e.g., 32 + 59; solve an addition or 

subtraction problem presented by images of bundles 

of tens and ones; use number lines or skips on a 

hundreds grid to reason through or solve addition 

and subtraction problems).  

 
1 In this column, the Global Proficiency Descriptors for each grade level are coded in accordance with which domain and where in the 

GPF they are located (“N” stands for “Number Operations” and “A” stands for “Algebra”). The “M” at the end of each descriptor’s label 

indicates that this is the expectation for the “Meets Minimum Proficiency” level. To access the GPF firsthand, please follow this link: 

https://gaml.uis.unesco.org/wp-content/uploads/sites/2/2021/03/Global-Proficiency-Framework-Math.pdf 
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Simple subtraction: 

Two-digit subtraction 

without borrowing 

46 - 21 =____ G2 G2: N1.3.1_M Add and subtract within 20 (i.e., 

where the sum or minuend does not surpass 20), and 

represent these operations with objects, pictures, or 

symbols. 

Complex subtraction: 

Two-digit subtraction 

with borrowing 

78 - 29 = ____ G3 G3: N1.3.1_M Demonstrate fluency with addition 

and subtraction within 20 and add and subtract 

within 100 (i.e., where the sum or minuend does not 

surpass 100), with and without regrouping, and 

represent these operations with objects, pictures, or 

symbols. 

Simple multiplication: 

One-digit 

multiplication without 

regrouping (exact 

multiplication) 

2 x 4 = ____ G3 G3: N1.3.2_M Multiply and divide within 100 (i.e., 

up to 10 x 10 and 100 ÷ 10, without a remainder), 

and  

represent these operations with objects,  

pictures, or symbols.  

Complex 

multiplication: 

Two-digit 

multiplication with 

regrouping 

42 x 6 = ____ G5 G5: N1.3.2_M Multiply, with and without 

regrouping, and divide, with no remainder, any 

number by a  

one-digit number and multiply two, 2-digit  

numbers, with and without regrouping (e.g.,  

342 x 4 = __; 42 x 34 = __; 1380 ÷ 5 = __). 

Simple division: 

Exact, one-digit short 

division with no 

remnant 

9 ÷ 3 =  ____ G3 G3: N1.3.2_M Multiply and divide within 100 (i.e., 

up to 10 x 10 and 100 ÷ 10, without a remainder), 

and  

represent these operations with objects,  

pictures, or symbols.  

Complex division: 

Short division of a 

two-digit dividend by 

a one-digit divisor with 

a remnant 

93 ÷ 7 =  ____ G6 G6: N1.3.2_M Multiply any number by a 2-digit 

number, with and without regrouping, and divide 

any  

number by a 1-digit number, with and without  

a remainder (e.g., 3427 x 68; 1380 ÷ 6 = __). 

Simple fractions: 

Recognition of the 

magnitude of fractions 

Which is greater: 4/5 

or 3/15 

G5 G5: N2.1.3_M Compare and order fractions with 

different but related denominators up to 12.  

G6: N2.1.3_M Compare and order proper and 

improper fractions with different, unrelated  

denominators.  

Complex fractions: 

Addition of a fraction 

and a mixed number 1 1/6 + 1/3 =____ 

G6 G6: N2.2.1_M Add and subtract improper fractions 

or mixed numbers with different but related  

denominators.  

Simple algebraic 

equations: 

Solving for a variable 17x = 68 x = ____ 

G6 G6: A3.2.1_M Find a missing value in a number 

sentence using any one of the four operations.  
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requiring one step 

Complex algebraic 

equations: 

Solving for a variable 

requiring two steps 

-5y - 3 = 12 y = 

____ 

G7 G7: A3.3.1_M Represent and solve problems, 

including real-world problems, using a two-step  

equation with any of the four operations.  

Subtraction word 

problem 

There were 43 children 

in the park. Out of 

these, 25 of them have 

gone home. How many 

children are in the 

park now? 

G4 G4: N1.4.1_M Solve simple real-world problems 

involving addition and subtraction of whole numbers  

within 100 (i.e., where the sum or minuend  

does not surpass 100) with and without  

regrouping, including problems involving  

measurement and currency units.  

Division word problem A shopkeeper has 48 

apples. He keeps 3 

apples in each box. 

How many such boxes 

will he need to keep 

all the apples? 

G5 G5: N1.4.2_M Solve simple real-world problems 

involving the multiplication of two whole numbers 

to 10, and associated division facts.  

Fractions word 

problem 

There were 108 goats 

in the pen. 1/6 of them 

were black. How many 

goats were NOT black? 

G5 G5: N2.3.2_M Solve real-world problems involving 

the multiplication and division of a proper fraction  

and a whole number.  

Algebraic equations 

word problem  

A number plus 8 

equals √144. What is 

the number? 

G7 G7: A2.1.1_M Use linear expressions to represent 

problem situations with a single variable (e.g., The  

cost of buying cinema tickets online is £12  

per ticket plus a £2 booking fee. Write this as  

an expression where x is the number of  

tickets purchased).  

 

G7: A3.3.1_M Represent and solve problems, 

including real-world problems, using a two-step  

equation with any of the four operations  

(e.g., solve 3x + 4 = 22; Some people got on  

a bus, doubling the number of passengers.  

At the next stop, 8 people got off, leaving 16  

people on the bus. Represent the situation  

as an equation, and solve to find the number  

of people on the bus originally).  

 

 


