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Introduction
What we know about learning outcomes in developing countries

! Learning outcomes very poor in many developing countries,
especially in South Asia and SSA

! Less known in comparative settings (under-represented in
PISA, TIMSS)

! But available results suggest differences in performance within
developing countries is big

! Vietnam-Peru gap in math is 1.4 SD in PISA 2012

! US-Finland gap - 0.38 SD
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What is this paper about?
Two key questions

! At what age are gaps in human capital evident across
countries?

! PISA, or even TIMSS, only study gaps well into schooling

! How much does the differential productivity of primary
schooling affect international gaps in human capital?

! Can we say anything about the relative effectiveness of
schooling systems?
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Why this matters

! Knowing when and how learning gaps evolve is informative for
understanding when policy interventions might work:

! Effectiveness of interventions varies importantly across the age
of children

! Understanding sources of divergence useful for identifying
domains in which intervention necessary

! we don’t just want a league table.

! Important differences between educational systems may have
important information for policy

! But most economics of education in developing countries is
focused on specific interventions within a given institutional
setting

! little work on ‘business-as-usual’ productivity of time spent in
school
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What I do

Use child level panel data for Ethiopia, India (Andhra Pradesh and
Telangana), Peru and Vietnam to:

! Compare distributions of achievement of children at 5 and 8
years across four Young Lives countries

! Examine how the gap evolves over the age group of the
children

! Is there growth between 5-8 years?
! Do rankings change across ages?

! Estimate value-added (VA) models examining sources of the
gap

! Causally identify differential productivity of schooling with VA
and IV estimates using enrollment discontinuities
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Contribution

! First analysis of the emergence and evolution of gaps in
cognitive achievement across countries, using internationally
comparable child-level panel data, at a critical age for skill
formation

! similar work on racial gaps in US, socio-economic gaps in the
UK etc. but nothing across countries

! no studies of comparable age range in developing countries

! Causal identification of learning-gains-per-year in different
countries using micro panel and RD-based identification
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What this relates to
Literature

! Methodologically:

! Racial and gender test score gaps: e.g. Fryer and Levitt
(2004, 2006, 2010, 2013), Todd and Wolpin (2007)

! Value-added models using HH panel data: Todd and Wolpin
(2003, 2007), Fiorini and Keane (2014)

! Results:

! Growth decompositions with varying school quality:
Hanushek and Kimko (2000), Hanushek and Woessmann
(various), Schoellmann (2012), Kaarsen (2014)

! Cross-country productivity differences in diff sectors: Hall
and Jones (1996), Bloom and Van Reenen (2007), Gollin et.
al. (2014)

! Micro studies on learning in developing countries: e.g.
Glewwe and Kremer (2006), Kremer et. al. (2013), McEwan
(2013)



What this relates to
Literature

! Methodologically:

! Racial and gender test score gaps: e.g. Fryer and Levitt
(2004, 2006, 2010, 2013), Todd and Wolpin (2007)

! Value-added models using HH panel data: Todd and Wolpin
(2003, 2007), Fiorini and Keane (2014)

! Results:

! Growth decompositions with varying school quality:
Hanushek and Kimko (2000), Hanushek and Woessmann
(various), Schoellmann (2012), Kaarsen (2014)

! Cross-country productivity differences in diff sectors: Hall
and Jones (1996), Bloom and Van Reenen (2007), Gollin et.
al. (2014)

! Micro studies on learning in developing countries: e.g.
Glewwe and Kremer (2006), Kremer et. al. (2013), McEwan
(2013)



What this relates to
Literature

! Methodologically:

! Racial and gender test score gaps: e.g. Fryer and Levitt
(2004, 2006, 2010, 2013), Todd and Wolpin (2007)

! Value-added models using HH panel data: Todd and Wolpin
(2003, 2007), Fiorini and Keane (2014)

! Results:

! Growth decompositions with varying school quality:
Hanushek and Kimko (2000), Hanushek and Woessmann
(various), Schoellmann (2012), Kaarsen (2014)

! Cross-country productivity differences in diff sectors: Hall
and Jones (1996), Bloom and Van Reenen (2007), Gollin et.
al. (2014)

! Micro studies on learning in developing countries: e.g.
Glewwe and Kremer (2006), Kremer et. al. (2013), McEwan
(2013)



Data
Young Lives survey structure

Round 1 Round 2 Round 3
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Data
Young Lives survey test data

! Use data from the 2006/7 and 2009 rounds on quantitative
proficiency

! Cognitive Development Assessment Quant. sub-scale for 5
year old sample

! Mathematics tests for 8 year old children

! Identical tests administered across all four countries in each
round

! can be linked within round across the four countries using Item
Response Theory
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Data

Table : Descriptives on age and school progression

Cohort Variable Statistics Ethiopia India Peru Vietnam

YC 2006 (5-years) Enrolment Mean 0.04 0.45 0.01 0.01
YC 2009 (8-years) Enrolment Mean 0.77 0.99 0.98 0.98
OC 2006 (12-years) Enrolment Mean 0.95 0.89 0.99 0.97
OC 2009 (15-years) Enrolment Mean 0.89 0.77 0.92 0.77

Older cohort Age of entry Mean 7.19 5.04 5.88 6.07
SD 1.52 0.71 0.57 0.48

YC 2009 (8-years) Grade Mean 0.64 1.63 1.31 1.71
SD 0.77 1 0.58 0.57

Grade refers to highest grade completed



Learning differences at 5 and 8

Table : Linked test scores at 5,and 8 years

Age group Statistics Countries
Ethiopia India Peru Vietnam

5 years
Mean 454 498.3 520.4 524.7

N 1846 1904 1893 1935

8 years
Mean 419.1 495.9 518.2 563.6

N 1885 1930 1943 1964

Scores are IRT test scores generated within an age sample,pooling data from

all countries, and normalized to have a mean of 500 and an SD of 100 in the

pooled sample. Scores are comparable across countries but not across age

groups.



Do rankings change across age groups?
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Rankings are unchanged but are the gaps growing?
Between 5 and 8 years of age
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Where are the gaps coming from?

! Knowing differences in levels and trends between countries
informative but not enough.

! Even trend differences need not imply differential effectiveness
of schools across countries

! endowments differ - e.g. parental education, home inputs,
nutrition, other environmental differences

! but differential effectiveness, and malleable environmental
sources of learning divergence, are where policy might make a
difference



Where are the gaps coming from?

! Knowing differences in levels and trends between countries
informative but not enough.

! Even trend differences need not imply differential effectiveness
of schools across countries

! endowments differ - e.g. parental education, home inputs,
nutrition, other environmental differences

! but differential effectiveness, and malleable environmental
sources of learning divergence, are where policy might make a
difference



Where are the gaps coming from?

! Knowing differences in levels and trends between countries
informative but not enough.

! Even trend differences need not imply differential effectiveness
of schools across countries

! endowments differ - e.g. parental education, home inputs,
nutrition, other environmental differences

! but differential effectiveness, and malleable environmental
sources of learning divergence, are where policy might make a
difference



Where are the gaps coming from?

! Knowing differences in levels and trends between countries
informative but not enough.

! Even trend differences need not imply differential effectiveness
of schools across countries

! endowments differ - e.g. parental education, home inputs,
nutrition, other environmental differences

! but differential effectiveness, and malleable environmental
sources of learning divergence, are where policy might make a
difference



Do child-specific endowments explain divergence?
Value-added models with common coefficients: Specifications

Yic,2009 = φc (1)

+β1.Yic,2006 (2)

+β2.Xi (3)

+β3.TUica + ϵica (4)

! Xi (Background) - male, eldest child, wealth index, age,
caregiver’s education, height-for-age in 2009

! TUica (time use) - time use on different activities

! Yic,2006 (lagged achievement) - 2006 quantitative achievement
measures



A lot differs across samples
At 8 years of age

Ethiopia India Peru Vietnam
Mean SD N Mean SD N Mean SD N Mean SD N

Child and background characteristics (Xic)
Male 0.53 0.5 1881 0.53 0.5 1903 0.5 0.5 1892 0.51 0.5 1916
First born 0.23 0.42 1881 0.39 0.49 1903 0.37 0.48 1892 0.46 0.5 1916
Caregiver’s Education 2.95 3.73 1874 3.7 4.44 1900 7.75 4.64 1892 6.88 3.83 1908
Age in months 97.48 4.05 1879 96.03 3.92 1903 95.35 3.63 1890 97.09 3.75 1915
Height-for-age z-score -1.21 1.05 1877 -1.44 1.03 1898 -1.14 1.03 1890 -1.07 1.05 1900
Wealth index (2006) 0.28 0.18 1881 0.46 0.2 1902 0.47 0.23 1892 0.51 0.2 1914

Time use (hours spent on a typical day; TUic,a)
— Doing domestic tasks 1.66 1.37 1881 0.33 0.58 1903 0.87 0.7 1887 0.54 0.66 1899
— Tasks on family farm/business etc. 1.5 2.22 1880 0.01 0.1 1903 0.25 0.66 1886 0.09 0.48 1897
— Paid work outside household 0.01 0.28 1880 0.01 0.2 1903 0 0.08 1887 0 0.07 1897
— At school 4.91 2.54 1881 7.72 0.95 1903 6.02 0.9 1887 5.04 1.31 1898
— Studying outside school time 0.99 0.89 1881 1.86 1.09 1903 1.87 0.83 1886 2.82 1.49 1897
— General leisure etc. 4.44 2.39 1881 4.71 1.54 1903 4.13 1.65 1887 5.55 1.65 1898
— Caring for others 0.83 1.21 1881 0.21 0.5 1903 0.48 0.88 1886 0.24 0.66 1878



Do child-specific endowments explain divergence?
Value-added models with common coefficients: Results

(1) (2) (3) (4)
Dep var: Mathematics score (2009)

VARIABLES 8-years old

Country dummies

India 76.3*** 64.5*** 61.6*** 16.3***
(3.01) (2.92) (2.97) (3.58)

Peru 96.7*** 79.1*** 65.2*** 48.2***
(2.75) (2.71) (2.69) (2.85)

Vietnam 146*** 127*** 108*** 92.2***
(3.04) (3.06) (2.97) (3.45)

Lagged test scores Y Y Y

Background vars (Xic) Y Y

Time use (TUic,a) Y

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1.



Does differential productivity of home inputs explain

divergence?
Country-specific production function estimates

! Previous specification had a very strong implicit assumption:
the effect of inputs on achievement is the same across
countries

! So I run the same specifications separately for each country
sample

! allows for each input parameter to be different across countries
! but makes interpretation difficult since four sets of input

coefficients

! Key result: Between 5-8 years, divergence with Vietnam not
explained by levels of inputs
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Predicted mean scores under counterfactual scenarios
8-year olds

Coefficients (βc)
Without time use With time use

Ethiopia India Peru Vietnam Ethiopia India Peru Vietnam

Ethiopia 420.79 485.28 495.47 523.15 420.75 390.94 486.66 488.38
(9.87) (10.64) (5.49) (13.48) (10.85) (16.72) (9.62) (19.19)

Inputs India 450.36 497.32 503.74 539.9 487.38 497.32 516.86 563.24
(Xic ; TUica) (11.54) (9.59) (4.97) (11.02) (10.39) (9.87) (7.99) (14.79)

Yic,a−1 Peru 470.66 514.64 517.73 559.32 479.48 468.87 517.74 557.66
(11.35) (10.7) (4.65) (10.53) (10.93) (10.96) (5.65) (11.68)

Vietnam 478.69 518.05 522.35 567.03 492.1 476.78 520.84 568.22
(11.08) (9.76) (4.51) (9.16) (12.06) (13.14) (7.09) (11.43)

Cells contain linear predictions of test scores using combinations of country-specific production function
parameters (βc ) with country-specific input levels (Xic and TUic). Standard errors of predictions
in parentheses.



Estimating the quality of schooling

! Specifications above include no schooling measures

! But we know exposure of schooling differs, esp. in Ethiopia
! Suspect that quality of schooling differs too

! What I do: include highest grade completed in the
specifications and re-estimate

! Identification reliant on relevant unobserved heterogeneity
being absorbed by controls and lag

! Will show RD-type IV estimates

! These are the most ‘complete’ VA specifications in the paper
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VAMs with grade effectiveness
8-year olds

(1) (2) (3) (4) (5) (6) (7) (8)
VARIABLES Dep var: Mathematics score (2009)

Without time use With time use
Ethiopia India Peru Vietnam Ethiopia India Peru Vietnam

Highest grade completed 40.9*** 27.4*** 33.6*** 60.9*** 28.4*** 25.4*** 32.6*** 55.2***
(4.67) (2.03) (3.60) (14.6) (4.48) (1.62) (3.55) (10.9)

Male 3.26 12.7*** 8.73*** 1.65 4.44 11.6*** 8.92*** 1.62
(5.61) (3.05) (2.22) (2.39) (4.82) (3.13) (2.47) (2.66)

Caregiver’s education level 3.76*** 2.40*** 2.23*** 3.16*** 2.74*** 1.86*** 2.10*** 2.18***
(0.66) (0.70) (0.49) (0.80) (0.52) (0.49) (0.48) (0.72)

Age in months 1.26** 0.51 -0.067 0.18 1.30** 0.60 0.0079 0.69
(0.53) (0.45) (0.30) (1.10) (0.56) (0.41) (0.30) (0.87)

Height-for-age (2009) 9.31*** 5.38** 5.22** 7.14*** 5.30** 4.79** 4.82** 4.81***
(2.64) (2.21) (1.92) (1.78) (2.33) (1.85) (1.73) (1.56)

Wealth index (2006) 151*** 53.6** 17.6* 78.3*** 105*** 31.0* 18.1* 59.0***
(25.9) (23.8) (8.80) (20.9) (18.8) (17.8) (8.91) (19.0)

Lagged CDA scores (2006) 0.067*** 0.13*** 0.100*** 0.065* 0.045* 0.12*** 0.100*** 0.049
(0.023) (0.027) (0.021) (0.032) (0.022) (0.027) (0.020) (0.030)

Constant 196*** 306*** 401*** 354*** 129* 97.6* 313*** 333***
(49.2) (45.5) (29.5) (74.1) (72.0) (53.8) (38.8) (65.5)

Observations 1,835 1,892 1,888 1,907 1,834 1,892 1,881 1,858
R-squared 0.340 0.276 0.343 0.437 0.410 0.365 0.370 0.458
Robust standard errors in parentheses. Standard errors are clustered at site level. *** p<0.01, ** p<0.05, * p<0.1



Can you trust VA estimates
Comparing with IV results

! What if you don’t believe that grades completed are
conditionally exogenous?

! Identification reliant on relevant unobserved heterogeneity
being absorbed by controls and lag

! Way out: try looking for an IV which affects the highest grade
completed at a particular age

! but does not directly determine learning, conditional on
controls

! Solution: Plausibly exogenous variation coming from
enrolment thresholds

! Creates discontinuity in the number of grades completed at
particular calendar months

! Conditional on age and previous learning, should be excludable



Can you trust VA estimates
Comparing with IV results

! What if you don’t believe that grades completed are
conditionally exogenous?

! Identification reliant on relevant unobserved heterogeneity
being absorbed by controls and lag

! Way out: try looking for an IV which affects the highest grade
completed at a particular age

! but does not directly determine learning, conditional on
controls

! Solution: Plausibly exogenous variation coming from
enrolment thresholds

! Creates discontinuity in the number of grades completed at
particular calendar months

! Conditional on age and previous learning, should be excludable



Can you trust VA estimates
Comparing with IV results

! What if you don’t believe that grades completed are
conditionally exogenous?

! Identification reliant on relevant unobserved heterogeneity
being absorbed by controls and lag

! Way out: try looking for an IV which affects the highest grade
completed at a particular age

! but does not directly determine learning, conditional on
controls

! Solution: Plausibly exogenous variation coming from
enrolment thresholds

! Creates discontinuity in the number of grades completed at
particular calendar months

! Conditional on age and previous learning, should be excludable



Can you trust VA estimates
Comparing with IV results

! What if you don’t believe that grades completed are
conditionally exogenous?

! Identification reliant on relevant unobserved heterogeneity
being absorbed by controls and lag

! Way out: try looking for an IV which affects the highest grade
completed at a particular age

! but does not directly determine learning, conditional on
controls

! Solution: Plausibly exogenous variation coming from
enrolment thresholds

! Creates discontinuity in the number of grades completed at
particular calendar months

! Conditional on age and previous learning, should be excludable



Enrolment threshold based discontinuities in grade

completion
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IV specifications

First stage:

gradesi ,2009 = µ + γ1.Thresholdi + γ2.Xi + γ3.sitei + ϵica (5)

Second stage:

Yic,a = αc + β1.Yic,a−1 + β2.Xic + β3.gradeica + γ.sitei + ϵica

+β4.TUic,a

! Same as old VAM but for inclusion of site fixed effects

! OK here because not comparing constant terms
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Discontinuity based results on grade effectiveness
Peru and Vietnam

(1) (2) (3) (4)
VARIABLES Dep var: Math scores (2009)

Peru Vietnam

Highest grade completed 20.1*** 20.9*** 47.3*** 46.3***
(7.61) (7.96) (7.49) (7.16)

Male 9.43*** 9.96*** 1.34 1.56
(2.39) (2.63) (2.36) (2.46)

Caregiver’s education level 2.31*** 2.14*** 3.05*** 2.41***
(0.40) (0.37) (0.61) (0.55)

Age in months 0.94 0.87 0.41 0.64
(0.66) (0.71) (0.57) (0.53)

Height-for-age (2009) 6.15*** 5.59*** 6.00*** 4.18***
(2.20) (2.00) (1.96) (1.44)

Wealth index (2006) 29.7*** 29.0*** 40.2** 28.6**
(7.67) (7.84) (16.2) (13.4)

Lagged CDA scores (2006) 0.13*** 0.12*** 0.11*** 0.088***
(0.020) (0.020) (0.031) (0.027)

Constant 290*** 227*** 375*** 316***
(58.2) (69.2) (55.5) (60.2)

Observations 1,888 1,881 1,907 1,858
R-squared 0.366 0.393 0.481 0.504
Kleibergen-Paap F-statistic 108 110 113 152
Robust standard errors in parentheses. Standard errors are clustered at site level. *** p<0.01, ** p<0.05, * p<0.1
Test scores are IRT scores normalized to have a mean of 500 and SD of 100 in the pooled four-country
sample at each age. Estimation includes a vector of site fixed effects and other covariates, coefficients for which are not reported.



Robustness checks

! Flexible lags: Possibility (even suggestion) of non-linearity in
the effect of lag on current achievement

! estimate everything with third-order polynomial of lag / bins of
achievement

! Measurement error in the lag

! instrument lag with vocabulary test in the 8-year old cohort

! assumes independent measurement error across tests

! Overall: Persistence parameter might be off but basic story
stays.
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Pulling it all together

! Levels of learning are low except for Vietnam

! Differences start early by 5 and grow further later

! Between 5-8, divergence with Vietnam reflects differential
effectiveness of a school year

! School productivity differences are huge!
! These productivity differences are causally identified
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What these results imply

! Early divergence provides suggestive support for preschool
interventions

! Evidence (except on nutrition) usually based on OECD or LAC

! But major divergence after 5 is due to differences in school
productivity at primary school level

! It isn’t all over by 5. School productivity is a variable policy
can affect!

! Differences in school productivity across countries raise an
important question:

! why is productivity so much higher in some countries?
! This is not the focus of most of the work in education in dev

econ (but still important)
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How should we comparably measure school productivity
A pitch for linked micro panels

! Linked micro panel data has important advantages for this
question:

! PISA, TIMSS go to very selective non-OECD countries

! and the divergence has already happened by 15 years of age
! and selection on enrollment and attendance

! Returns to schooling for migrants in the US

! differential selection of migrants makes individual country
estimates unreliable

! Schoellman (2012) rankings put India way ahead of Vietnam,
Ethiopia and Peru

! the exact opposite of what I find! (or levels in PISA!)

! A lot could be done if educational interventions linked tests...
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Appendix: Item Response Theory
How I link scores

! Decades long history in education and psychometrics – GRE,
GMAT, SAT, NAEP, TIMSS

! The basic idea:The focus of IRT is at the item level.

! Models the probability that an individual with given ability will
get an item right

! The overall ability estimate (test score) generated by analyzing
an individual’s response to different items each defined by their
own characteristics

! Many advantages (see e.g. Das and Zajonc, 2010):

! Most importantly (for me) the ability to link
! But also much better diagnostics for cross-cultural comparisons
! Less arbitrary than summing up correct responses

! Caveat: Linking requires common items across samples

! can’t directly compare across age groups
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Appendix: Item Response Theory
3 Parameter Logistic (3PL) Model

Item Response Function:

Pg (θi) = cg +
1 − cg

1 + exp(−1.7.ag .(θi − bg))
(6)

! cg is the pseudo-guessing parameter - with multiple choice
questions, even the lowest ability can get some answers right.
Set to zero for non-MCQ to get 2PL model

! bg is the difficulty parameter - the level at which the
probability of getting item right is 0.5 in 2 PL

! ag is the discrimination parameter - slope of the ICC at b –
how quickly the likelihood of success changes with respect to
ability.
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Appendix: Item Response Theory
Core Assumptions

1. Unidimensionality - A single latent individual-specific trait
determines performance on the test

2. No Differential Item Functioning: Implicit in ICC, item
characteristics are person-invariant

2.1 particularly important in cross-cultural settings

3. (Conditional) local independence:

3.1 Item responses are independent across individuals (no
cheating!)

3.2 Conditional on ability, item responses are locally independent
across questions for the same individual

Under these assumptions, can recover estimates of ability and item
characteristics given matrix of responses by individuals
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Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Item Response Theory
How does linking work?

! IRT only identifies the latent ability up to a linear
transformation

! need to fix the scale somewhere
! e.g. fix min and max. GRE used to be from 200 to 800

(130-170 now)
! or fix mean and SD. PISA and TIMSS have mean of 500 and

SD of 100

! Item characteristics are fixed and can be used to link across
samples

! common items serve as ‘anchors’ which bring two assessments
on a common scale

! only a subset of items need to be common

! Without sufficient common items:
! Still can do IRT but scores not on comparable scales
! important because then you can’t use panel methods such as

differencing or fixed effects without very strong assumptions
about the two distributions



Appendix: Differential Item Functioning
When it’s not a problem

C:/Users/pemb2850/Dropbox/Learning levels -



Appendix: Differential Item Functioning
When it IS a problem

C:/Users/pemb2850/Dropbox/Learning levels -


	Introduction
	Motivation
	What I do
	Contribution and literature

	Data
	Data description

	Comparing achievement levels
	Comparing achievement at different ages

	Value-added models of achievement
	Common coefficients
	Allowing for parameter heterogeneity
	Estimating grade effectiveness
	IV estimates of grade effectiveness
	Robustness Checks

	Summary/Conclusions
	Appendix slides
	Item Response Theory


