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Motivation

I Positive correlation b/w education with future labor market
outcomes

I Among many subject students learns at school mathematics
is an important one (Papadakis, Kalogiannakis, and Zaranis,
2017).

I “high quality mathematics education will ensure that students
develop the skills that are essential not only in science and
technology, but also in everyday life and the workplace”
(Aturupane et al., 2011, pp.9)

I Despite free education, & high expenditure at hh level,
performance in Mathematics in GCE O/L in SL is a concern
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Mathematics Failure Rates
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Teaching Mathematics

I Sri Lanka over relies on teachers and textbooks

I Other countries are integrating alternative teaching methods
using ICT

I USA, Thailand, India, and Turkey there have been an
increase in the use of computers and technology to teach
mathematics (Zaranis, Kalogiannakis, and Papadakis, 2013).

I Countries that perform well in TIMSS and PISA rely on more
instructional materials based on computers and technological
support.

I Technology-based interventions can improve students
achievement, but it is not always clear that they are the most
cost-effective means of doing so (Dundar et al. 2014, p.256).
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Aims & Objectives

I To understand the impact of adopting e-learning systems on
students mathematics achievement

I To learn lessons and experience about implementation of
same in Sri Lanka
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Khan Academy (KA) - original form

https://www.khanacademy.org/

https://www.khanacademy.org/
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Pilot Project - KA in SL

I Translated and newly produced videos in Sinhala

I Used in a blended learning environment in mathematics

I For a sample of 9th grade Sinhala medium public-school
students

I Funded by the ADB

I Implemented with the support of Ministry of Education
(MoE) Sri Lanka, and the National Institute of Education
(NIE)
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Sampling & Prep

I Three-stage sampling
I 3 provinces
I 20 Sinhala medium

public schools in total
I 2 Grade 9 classes (T &

C group)
I 1245 students

I Operational issues -
purposive sampling

I Training workshop on KA
for

I mathematics teachers
of T group

I ICT teachers of the 20
selected schools
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Treatment & Control

613 in Control (C) Group

5 days of the week

632 in Treatment (T) Group

5 days of the week +

2-3 days of the week
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Testing & Surveying

May : Pre-Test (2nd and 3rd academic term content ) and surveys
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Testing & Surveying

May : Pre-Test (2nd and 3rd academic term content ) and surveys
Oct : Post-Test 1 (2nd academic term content) and surveys
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Testing & Surveying

May : Pre-Test (2nd and 3rd academic term content ) and surveys
Oct : Post-Test 1 (2nd academic term content) and surveys
Nov : Post-Test 2 ((2nd and 3rd academic term content ) and
surveys
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Scores
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Three Types of Scores

I Raw Score
I Limitation : does not facilitate meaningful comparison across

tests

I Standardized Score
I Zi = (Xi−X̄ )

(SD(X ))
I Limitation :cannot account for differences in questions

I Scaled Score
I Item Response Theory (IRT) adjusted scaled scores
I Two Parameter Logistic (2PL) IRT

I - account for ability of each Q to discriminate b/w high/low
ability students (αi )

I - the difficulty of each Q (βi )

I P(Xij = 1|θj , αi , β(i)) =
exp[αi (θj−βi )]

(1+exp[αi (θj−βi )]

I θj refers to the ability of student j ,

I Scaled Score of student j =
∑30

i=1[P(Xij = 1)]
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Methodology
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Propensity Score Matching (PSM)

I PSM is successful if T/C groups can be matched on
observables

I Choice of X vars used in the matching equation are guided by
economic theory and evidence

I X vars : characteristics of

I Student

I Family background

I Schools

I Teachers
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Balancing Covariates
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Unconfoundedness Assumption

I Key identifying assumption for PSM is unconfoundedness

I given observables, outcomes are independent of treatment
assignment

I Cannot directly test unconfoundedness

I But, available data allows indirectly testing via a pseudo
outcome approach

I pseudo outcome : pretreatment Std test scores

I Pre-Test scores are closely related to the outcome of interest
(changes in test scores)

I it is known as a priori to not be affected by the treatment.
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Unconfoundedness Assessment

I the ATE of the pseudo outcome is not statistically significant.

I Fail to reject the null hypothesis that the pseudo causal effect
is equal to zero

I Unconfoundedness assumption is plausible

I ∴ when controlled for observed pretreatment variables, the
bias b/w the T/C groups are removed
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Overlap Assumption
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Main Models - matching on student character-
istics
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Robustness Check 1: matching on student +
Teacher & School Inputs

I previous finding is robust when controlled for teacher and
school characteristics

I Post Test-1, raw scores higher

I Post Test-1 Std scores almost the same

I Post Test-1 scaled scores now statistically significant



32

Khan Academy in SL

Motivation

Aims & Objectives

Intervention

Sampling & Prep

Treatment & Control

Testing & Surveying

Scores

Methodology

PSM

25 Findings

Conclusion

Bilesha Weeraratne, PhD.

Robustness Check 1: matching on student +
Teacher & School Inputs

I previous finding is robust when controlled for teacher and
school characteristics

I Post Test-1, raw scores higher

I Post Test-1 Std scores almost the same

I Post Test-1 scaled scores now statistically significant



32

Khan Academy in SL

Motivation

Aims & Objectives

Intervention

Sampling & Prep

Treatment & Control

Testing & Surveying

Scores

Methodology

PSM

26 Findings

Conclusion

Bilesha Weeraratne, PhD.

What about teaching quality?

I Due to purposive elements in sampling, mathematics teachers
self-selected into treatment group

I finding can be driven by better teaching in the treatment
groups

I a second robustness test limits estimation to five schools
where a common teacher taught mathematics to both groups.
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Robustness Check 2 : Common Teacher

I Previous findings are robust to restricting the sample to
common teacher across T/C groups



32

Khan Academy in SL

Motivation

Aims & Objectives

Intervention

Sampling & Prep

Treatment & Control

Testing & Surveying

Scores

Methodology

PSM

27 Findings

Conclusion

Bilesha Weeraratne, PhD.

Robustness Check 2 : Common Teacher

I Previous findings are robust to restricting the sample to
common teacher across T/C groups



32

Khan Academy in SL

Motivation

Aims & Objectives

Intervention

Sampling & Prep

Treatment & Control

Testing & Surveying

Scores

Methodology

PSM

28 Findings

Conclusion

Bilesha Weeraratne, PhD.

Qualitative Findings
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Conclusion

I Overall KA has a positive impact

I Two notable findings

I (1) Achievement in raw scores is higher than scaled scores

I As such, in scaling up KA, Scaled score would provide a more
realistic indication of possible improvements in test scores.

I (2) Achievement is largest where there is a common teacher
for both T C students.

I Willingness of teachers to participate and adopt blended
learning cannot be understated

I Teacher has a large influence on students achievement in
using e-learning systems
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Conclusion

I KA model implemented in a sample of 20 public schools in
Sri Lanka was NOT designed to replace the teacher

I Rather, KA was used as a teaching tool supplementary to
traditional classroom teaching

I Teachers could engage more easily in differentiated instruction

I Took it as an opportunity to refresh pedagogical skills and
lesson planning
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Conclusion

I Finally:
initial evidence that using KA would help Sri Lankan students
to overcome some of the challenges related to the high failure
rate in mathematics.

I Nonetheless, before scaling up:
more analysis is required on e-learning video tutorials for
mathematics education in Sri Lanka.

I Future work:
in this area should focus on the ideal duration of such
interventions and the long-term gains to students
achievement, by adopting an intervention that follows
students from ninth grade until they receive their GCE O/L
examination results.
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