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I. Introduction

A fundamental challenge in education is that students are different. Students arrive at each

grade with vastly different skill levels and progress at different rates. For decades, managing this

variation in student needs has been regularly reported by teachers as one of the most difficult

challenges of teaching (Guryan et al., 2023). In classroom settings, teachers cannot easily provide

individualized attention. As a result, some students move on to other topics before clearly grasping

earlier ones while other students could be learning more advanced topics faster. This mismatch

between instruction and individual needs creates a dynamic whereby early differences in skill

acquisition lead to widening achievement gaps as students progress through school (Stanovich,

1986; Duncan et al., 2007). The average fifth-grade class contains students working at levels

ranging from third grade to eighth grade, with this performance variance increasing over time

(Peters et al., 2017; Cascio and Staiger, 2012; Nielsen, 2023).

One approach to addressing differences in learning rates across students is tutoring, which al-

lows students to progress more at their own pace and receive immediate, individualized feedback

(Beck, 2007). Dietrichson et al. (2017) concludes that tutoring is the most effective academic inter-

vention for elementary and secondary students (generating an average learning gain impact of 0.36

standard deviations (SD) ). High dosage tutoring experiments often find effective results across

subject areas, grade levels, and educational contexts (Nickow, Oreopoulos and Quan, 2020, 2024;

Guryan et al., 2023). However, tutoring alone remains prohibitively expensive and difficult to

scale. Effective tutoring programs, with 2-3 sessions a week over the school year, cost thousands

of dollars per student annually and face significant scaling challenges, particularly in ensuring

consistent student participation (Oreopoulos et al., 2024; Strassberger and Condliffe, 2024; White,

Groom-Thomas and Loeb, 2023). The pandemic highlighted these constraints as many districts

struggled to deliver tutoring at scale despite unprecedented funding (Fahle et al., 2024; Guryan

and Ludwig, 2023).

Motivated by these challenges, computer-assisted learning (CAL) has emerged as a potentially

more scalable approach for delivering personalized instruction. Several well-implemented ran-
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domized controlled trials of CAL platforms have demonstrated positive impacts on learning out-

comes, with standardized assessment scores improving by 0.20 SD (Escueta et al., 2020). CAL

platforms also allow students to progress through material at their own pace, receive immediate

feedback, and work at levels matched to their actual skills rather than their enrolled grade, poten-

tially mimicking benefits of tutoring at far lower cost. Research on ”teaching at the right level”

has demonstrated that targeting instruction to students’ actual learning levels can generate substan-

tial gains and directly address heterogeneity by filling learning gaps (Banerjee et al., 2007, 2016;

Duflo, Dupas and Kremer, 2011). This approach appears particularly promising in developing

countries, where classroom heterogeneity is often more pronounced (Duflo, Dupas and Kremer,

2011; Rodriguez-Segura, 2022). A meta-analysis of self-led educational technology interventions

in developing countries found a median effect size of 0.29 standard deviations (Rodriguez-Segura,

2022).

CAL effectiveness, however, depends on more than just its platform quality. How it is set up in

schools and how it is motivated and monitored also matter. Students often lack motivation to work

on a computer by themselves, compared to working with a human tutor. CAL programs produce

dramatically different outcomes depending on how they are structured. Some studies find negative

or null effects, often citing implementation challenges (Morgan and Ritter, 2002; Pane et al., 2010,

2014). Other studies find modest positive effects when implementation fidelity was high (Bar-

row, Markman and Rouse, 2009; Roschelle et al., 2016), while others found smaller effects when

teachers faced integration challenges (Copeland et al., 2023) or null effects when teachers strug-

gled to balance CAL with regular curriculum demands (Phillips et al., 2020). Even within studies,

average treatment effects belie enormous variation in class level fidelity, with some teachers inte-

grating CAL into their lessons very little while others embracing its potential determined to follow

instructions and embrace new methods. These patterns reveal a crucial insight: the technology

alone is not the only factor in CAL success or failure. As Hill and Erickson (2021) demonstrate,

”low fidelity increases the likelihood of weak student outcomes,” while ”moderate fidelity may

be enough to yield positive program outcomes.” The fundamental challenge is not whether CAL
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can work in principle, but how schools can facilitate sufficient dosage and quality engagement to

realize its potential benefits.

Evidence suggests that successful implementation hinges on structural support and supervision.

As Fancsali et al. (2016) conclude, learner efficiency depends on whether teachers actively sup-

port students in turning engaged time into productive learning time. Studies consistently show

clear dosage-response differences: classrooms using CAL platforms averaging 50-90+ minutes

per week are associated with substantially higher learning gains than classrooms averaging under

20 minutes per week (Oreopoulos et al., 2024; Canbolat and Arndt, 2024). Of course, time alone

is insufficient to predict gains. Students can engage in ”wheel-spinning,” practicing extensively

without making progress if they lack appropriate support (Beck and Gong, 2013). Achieving both

adequate quantity and quality of engagement requires implementation structures that ensure con-

sistent, educationally productive use. Variation across classrooms in CAL effectiveness is driven

primarily by differences in implementation conditions and the extent to which CAL practice is

integrated into their curriculum (Oreopoulos et al., 2024).

Recent evidence from India illustrates both the promise and challenge of scaling personalized

learning through technology. A recent study of Mindspark, a computer-based adaptive learning

platform, achieved gains of 0.22 standard deviations in mathematics over 18 months when imple-

mented in public schools with dedicated computer labs, modified timetables, and lab-in-charges

ensuring smooth operations (Muralidharan and Singh, 2025). But achieving this implementation

fidelity is difficult and requires thoughtful design and implementation, as our study setting in the

Indian state of Uttar Pradesh illustrates. There, Khan Academy began a partnership with 105

government boarding schools in 2022, with schools encouraged to dedicate one to two of their 6

weekly math sessions to the platform during the first year. Despite best efforts to promote 120 min-

utes of weekly practice, only 44 percent of registered students used the platform even once during

the entire year, and very few students actually achieved usage targets. Schools lacked dedicated

time in schedules for platform use, with sessions happening once monthly or less. In many schools,

it was difficult to allocate time for Khan Academy in the time table amid competing demands and,
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in other schools, regular sessions could not be conducted due to intermittent internet connection

and electricity access.

This paper presents results from an experiment in which more intensive, on-the-ground sup-

port was provided to these schools to better ensure recommended practice sessions actually occur.

With administrative approval from the Uttar Pradesh Department of Social Welfare, we provided

government schools with on-the-ground support through lab-in-charges, whose sole responsibility

was ensuring high-fidelity implementation. Lab-in-charges guaranteed two Khan Academy ses-

sions per week for each grade-section, troubleshooted technical and program related challenges,

monitored student progress data, and worked with school leadership to integrate Khan Academy

practice as mandatory curriculum time. We randomly assigned 24 schools to receive this support

and 50 schools to a control condition over 31 weeks, covering 5,535 students in grades 6-8.

The impact from treatment was substantial. Students in treatment schools scored almost half

a standard deviation higher on independently administered mathematics assessments, representing

one of the most effective interventions reported in the education policy literature. The mechanism

driving these gains corresponds to treatment schools practicing 47.4 minutes of Khan Academy

practice per student per week compared to just 7.2 minutes in control schools, a 6.6-fold increase in

usage. This dramatic difference highlights the importance of implementation quality and dedicated

staff with clear ownership of the program for ensuring effective gains from CAL. While much

attention focuses on developing better platforms or identifying optimal configurations, our results

suggest that the quality and intensity of implementation support are important complements to the

technology itself.

The remaining part of this paper is organized as follows: Section II provides background on

computer-assisted learning in India, reviewing evidence on implementation challenges and the

role of support structures in determining program success. Section III describes the setting, de-

tailing the 2023-24 Khan Academy implementation that preceded our experiment and the design

of our randomized controlled trial with dedicated lab-in-charges. Section IV presents our data

sources, including baseline and endline mathematics assessments and Khan Academy platform us-
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age tracking. Section V presents preliminary analysis including sample construction and balance

tests across treatment and control conditions. Section VI examines implementation fidelity and

platform engagement patterns across treatment and control schools. Section VII presents our main

results on learning outcomes, including effects across question difficulty levels and student sub-

groups. Section VIII discusses implications for cost-effectiveness and scalability, acknowledges

limitations, and section IX concludes with lessons for implementing computer-assisted learning at

scale.

II. Background

The challenge of student heterogeneity is particularly acute in developing countries. Teachers

often manage 40 pupils with limited capacity to address wide achievement gaps (Duflo, Dupas and

Kremer, 2011), while two-thirds lack minimum proficiency in their subject content (Rodriguez-

Segura, 2022). In India, these constraints can compound to severe learning deficits. In Uttar

Pradesh, where our study takes place, only 27.9 percent of third-grade students in government

schools can read second-grade-level text, and only 31.6 percent can perform basic subtraction

(ASER Centre, 2025). These foundational gaps persist through later grades, with diagnostic as-

sessments showing that eighth graders perform, on average, four grades below their enrolled level

(Muralidharan and Singh, 2025). Fundamentally, Indian school systems often face constraints that

limit their ability to adapt infrastructure and curricula to students’ needs (Banerjee et al., 2007),

resulting in widespread student variation that has made India a particularly important context for

testing whether personalized learning approaches can address these challenges.

Evidence from India demonstrates that computer-assisted learning can generate substantial

gains when implementation is properly structured, though results depend critically on program

design and support. Banerjee et al. (2007) found that a Pratham CAL program providing two

hours of shared computer time weekly increased Grade 4 math scores by 0.47 standard devia-

tions, with the key lesson being that ”it is not the number of teachers that seems to matter but

how they are deployed, and what they do.” Muralidharan, Singh and Ganimian (2019) evaluated
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Mindspark adaptive learning software in after-school centers, finding effects of 0.36 standard devi-

ations in math, noting results reflected ”the extent to which using technology increased the produc-

tivity of an instructor, as opposed to technology by itself.” However, control students received no

after-school instruction, meaning the observed effects could reflect additional practice time rather

than computer-assisted learning specifically. These supplementary programs, which added instruc-

tional time rather than replacing regular instruction, have typically shown positive effects (Singh,

2025). However, translating success into scalable government school models that substitute for

regular instruction has proven more challenging. Linden (2008) found that while supplementary

computer-assisted learning generated positive effects, ”pulling out” students from regular instruc-

tion for computer-based learning produced ”very large negative effects” even in high-performing

NGO schools, suggesting technology can be actively worse than regular classroom instruction

when poorly integrated (Singh, 2025). Similarly, a Khan Academy evaluation in Brazilian schools

that replaced one weekly classroom period found null effects, with researchers hypothesizing im-

plementation problems (Ferman, Finamor and Lima, 2019; Singh, 2025). These contrasting results

underscore that successful substitution requires more than training and monitoring alone.

More recent evidence demonstrates that substitution models can succeed with adequate struc-

tural adaptation. When Mindspark was adapted for government schools with modified timetables

displacing 25-50 percent of instruction time and lab-in-charges for hardware support, it achieved

0.22 standard deviation gains after 18 months (Muralidharan and Singh, 2025). This substitu-

tion design provided a clearer assessment of computer-assisted learning effectiveness, as control

schools continued regular mathematics instruction rather than receiving no instruction. Critically,

”learning gains were proportional to student time on the platform,” and when lab-in-charge pres-

ence decreased, ”usage declined sharply to about half the previous year’s levels,” demonstrating

that achieving gains through substitution ”will require very careful consideration of the comple-

mentarities between adult supervision and computer use” (Singh, 2025; Muralidharan and Singh,

2025). Similar patterns emerge across contexts: field staff supporting Andhra Pradesh schools gen-

erated 0.43 standard deviation gains (Kremer et al., 2025), phone-based targeted tutoring across
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five developing countries, including India, achieved 0.30-0.35 standard deviations with similar

effects from government teachers and NGO instructors (Angrist et al., 2023), and computer-

assisted learning in El Salvador providing additional instruction outperformed traditional teacher-

led lessons (Büchel et al., 2020). Research also reveals limits to simply increasing dosage, with

Bettinger et al. (2023) finding positive effects at 45 minutes weekly but similar rather than larger

effects when doubling to 90 minutes, which parallels the findings of ”wheel-spinning” by Beck and

Gong (2013). A meta-analysis confirms that effectiveness ”rests on the thoughtful customization

of the EdTech solution to the policy constraints at hand” (Rodriguez-Segura, 2022). These find-

ings suggest that the binding constraint for scaling personalized learning may not be technology

quality or general support alone, but rather the intensity and comprehensiveness of implementation

structures. This hypothesis is particularly relevant in contexts like India where previous computer-

assisted learning attempts with only training and monitoring have struggled to achieve consistent

platform usage.

The 2022-2024 Khan Academy implementation across 105 Uttar Pradesh government schools

involved training and encouragement to utilize the CAL platform for 120 minutes a week. Despite

this, students practiced little, possibly due to poor internet connectivity, a lengthy CAL rostering

process, divided teacher priorities across multiple programs, or lack of teacher buy-in. These bot-

tlenecks all provide a useful setting to test the benefits from more on-the-ground implementation

support while holding CAL usage targets the same. Our study introduces dedicated lab-in-charges

with comprehensive implementation management responsibilities. These lab-in-charges ensure

that scheduled sessions actually occur, troubleshoot technical challenges, monitor student progress,

and work with school leadership to integrate platform usage as mandatory curriculum time. Impor-

tantly, control schools retained full access to the Khan Academy platform and guidance to use it for

120 minutes, allowing us to isolate the impact of overcoming implementation bottlenecks rather

than differences in technology on its own. This approach addresses a critical gap identified across

the literature. While studies have demonstrated that supplementary computer-assisted learning can

work with adequate support, and that substitution models show promise when carefully adapted
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with structural modifications and adult supervision, few have tested whether intensive implementa-

tion capacity can enable successful substitution using freely available platforms in contexts where

previous attempts with lighter-touch support have failed. Our contribution is isolating implemen-

tation structure as a potentially crucial variable. We demonstrate how schools with dedicated staff

whose sole responsibility is ensuring technology use can massively increase CAL usage and, in

turn, achieve higher learning gains compared to those without, thereby informing pathways for

scaling personalized learning in resource-constrained government school systems.

III. Setting

Our study takes place within the residential school system operated by the Department of Social

Welfare in Uttar Pradesh, India’s most populous state. In November 2022, the Department entered

into partnership with Khan Academy India to launch a mathematics improvement program across

105 schools serving grades 6-12. The 2023-24 program followed conventional computer-assisted

learning approaches. Teachers were instructed to use Khan Academy for lesson-aligned practice

and remediation, assigning syllabus-matched exercises and videos to students, tracking comple-

tion of assigned tasks, and using the platform’s dashboard to diagnose learning levels and guide

individualized progression. Students were expected to complete these tasks using individual de-

vices (computers or tablets) in online mode during designated timetable slots. The recommended

implementation called for one to two Khan Academy sessions per week with teacher supervision,

targeting 120 minutes of platform practice per student monthly.

The program included support across multiple dimensions. Khan Academy provided capacity

building through two in-person training sessions for mathematics teachers, supplemented by online

refresher training. The partnership established continued support through dedicated WhatsApp

channels with district-level coordinators and a helpline for technical troubleshooting. An eight-

month ”Shikshak SuperStars Programme” served as an engagement campaign, recognizing high-

performing schools quarterly with awards and magazine features. The program implemented data

tracking and review through weekly performance data shared with coordinator groups and monthly
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newsletters delivering actionable insights on active learner metrics.

Despite the above mentioned support, the program adoption remained weak. First, while these

schools were equipped with sufficient tablets, access to reliable internet connectivity and elec-

tricity was occasionally subject to intermittent disruptions. Second, the Khan Academy program

required teachers to complete a one-time student rostering process, which could be considered as

time-intensive or not always intuitive. For teachers unfamiliar with the platform, these initial setup

costs may have discouraged adoption or led to implementation difficulties. Third, and likely the

main reason for weak program adoption, was an overall lack of teacher buy-in. In the absence

of any convincing evidence about the benefits of the program and divided priorities across mul-

tiple objectives, Khan Academy sessions often got deprioritized or deferred. Schools failed to

consistently allocate dedicated time for Khan Academy within schedules, with practice sessions

occurring once monthly or less as teachers prioritized multiple competing programs. Of the 27,309

registered students, only 44 percent accessed Khan Academy even once during the entire academic

year.

This implementation shortfall created the setting from which our experiment emerged. Teach-

ers, facing competing demands and lacking dedicated support, perpetually deferred Khan Academy

implementation in favor of more immediately pressing obligations. Our research question thus be-

came whether intensive implementation support through dedicated supervisory personnel could

enable successful computer-assisted learning where conventional support had proven insufficient.

Following the 2023-24 academic year, we designed a randomized controlled trial to test this hy-

pothesis directly.

We randomly assigned schools to treatment or control conditions. Treatment schools received

dedicated lab-in-charges (LICs) whose sole responsibility was ensuring high-fidelity Khan Academy

implementation. This intervention ran for 31 weeks from August 2024 through February 2025, fo-

cusing on students in grades 6-8, with baseline assessments conducted at the intervention start

and endline assessments administered upon completion. The intervention directly addressed each

barrier identified in the 2023-24 implementation shortfall. LICs were recruited primarily through
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local newspaper advertisements and selected through multi-stage interviews. Throughout the inter-

vention period, LICs received ongoing support through weekly online sessions, follow-up training

modules, and instructional materials via WhatsApp. This equipped LICs to conduct two Khan

Academy sessions weekly for each grade-section, formally integrating these sessions into school

timetables and transforming platform usage from optional supplement to mandatory curriculum

time. During sessions, LICs trained students on basic digital literacy including operating tablets

and navigating the platform. They actively monitored student behavior to prevent diversion to

games or other applications and escalated electricity and internet connectivity issues to school ad-

ministrators and the research team for immediate troubleshooting. LICs assigned mathematical

content to students, initially focusing on units teachers had recently completed but later pivoting

to bridge courses for approximately six weeks to address foundational gaps. Following bridge

courses, LICs implemented sequential unit progression strategies where students attempted unit

tests and practiced units where performance was weak. Beyond core implementation, LICs sup-

ported program enhancements including a ”streaks” campaign that incentivized consistent weekly

practice with certificates, badges, medals, and earphones, and facilitated student webinars and

at-home usage initiatives during winter breaks.

Control schools retained full access to the Khan Academy program, received initial training and

encouragement to implement 120 minutes of weekly practice, but some of the other support mech-

anisms from the 2023-24 program were not strictly maintained. They could continue using Khan

Academy independently and had access to monitoring systems and usage data, though the Khan

Academy program was not actively promoted in control schools during the intervention period.

The time table for Treated and Control schools remained identical across all subjects. The key

difference was the presence of dedicated personnel in treatment schools whose full-time respon-

sibility was ensuring implementation fidelity. This experimental design isolates implementation

capacity as the crucial variable determining computer-assisted learning success. Critically, our

control condition represents a baseline that reflects the setting of similar computer-assisted learn-

ing studies done in India. Our experiment thus provides a test for whether on-the-ground external
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support, endorsed by school administrators can make the difference for raising CAL practice to

targeted levels, and what learning gains result from such practice.

IV. Data

Our paper encompasses 83 schools from the Uttar Pradesh Social Welfare Department’s resi-

dential school system. The initial sample consisted of 102 schools, from which we excluded 11

tribal schools operating under a distinct administrative structure, 7 schools which self-reported in-

sufficient digital infrastructure for program implementation, and 1 school which was discontinued

as a Social Welfare school. The remaining 83 schools span over 50 districts across the region. To

ensure geographic balance, we clustered schools into geographic groups and randomly assigned

one school to treatment in groups with four or fewer schools, and two schools in larger groups.

Schools were assigned to treatment using a random number generator, sorted by geographic clus-

ter and random number in ascending order, with the required number from the top of each cluster

selected for treatment. This yielded our final sample of 83 schools with 28 assigned to treatment

and 55 to control.

We measure learning outcomes through baseline and endline mathematics assessments adminis-

tered to students in grades 6-8. Teach For Learning, an independent assessment agency, developed

grade-specific tests aligned with both CBSE (Central Board of Secondary Education, India’s na-

tional curriculum) and UP Board (Uttar Pradesh state curriculum) curricula and administered in

Hindi. The baseline assessment occurred in August-September 2024 using a digital format hosted

on SurveyMonkey. Tests incorporated anti-cheating features, randomizing question and answer

option order across students. External proctors from Datamation administered all assessments,

with comprehensive tracking of timestamps, completion times, and proctor identifiers enabling

quality control. The endline assessment, administered in February-March 2025, employed a pen-

and-paper format with optical mark recognition sheets to address logistical constraints encountered

during baseline administration. There were four sets of test papers for each grade. Though all the

four sets consisted of the same questions, question and option order were randomized across them.
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Each grade received a 60-minute assessment, with external proctors again ensuring standardized

administration across all schools.

The Khan Academy platform automatically tracked all student activity through unique student

identifiers. Usage data captured total practice time in minutes, time allocation across school ses-

sions versus at-home practice, skills worked on, skills achieving proficiency or mastery, and net

skill level improvements. Our primary outcome variable is the standardized endline mathematics

test score, normalized to mean zero and standard deviation one within the control group by grade.

Key covariates include baseline test scores, school-level characteristics obtained by the Social Wel-

fare Department (curriculum type, all-girls versus all-boys composition, and enrollment size), the

school’s United Nations’ Human Development Index (according to the school’s local region), and

student grade level.

V. Sample Construction & Balance Tests

Table 1 presents our sample construction process from the 83 randomized schools. We construct

two analytic samples to address different data quality concerns. Both samples begin by removing

three control schools that could not administer endline tests. These three schools served as board

centres, an administrative designation that predated treatment assignment and was unrelated to the

intervention. These schools had conducted internal examinations for students earlier in the aca-

demic year, after which students were sent back home. By the scheduled endline assessment in

February-March 2025, conducting examinations in these schools was not possible. These three

schools were distributed across three different district groups, each of which retained multiple

control schools after their removal. Appendix Table A1 confirms that including these schools in

balance tests does not alter the pattern of successful randomization on pre-treatment characteris-

tics. The Endline Only Sample retains all remaining 80 schools (28 treated and 52 control) and

7,888 students, including six schools with suspected baseline cheating identified through unusu-

ally brief test completion times and attempts outside designated testing windows. We retain these

schools since we do not condition on baseline scores with this sample. The endline assessment
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switched to pen-and-paper OMR format with enhanced supervision, and no such irregularities

were detected. Five treatment schools discontinued participation during the intervention due to

technical barriers including lack of digital devices, internet unavailability, and insufficient support.

These schools remain in the Endline Only Sample based on their original treatment assignment to

preserve the integrity of randomization, as removing them could introduce selection bias. As such,

we include in the results section both Intent to Treat (ITT) and Treatment on the Treated (TOT)

effect estimates.

The Baseline + Endline Sample excludes the six schools suspected of baseline cheating. This

allows us to more confidently consider treatment effects with and without conditioning on baseline

scores. Four of the five treated schools that discontinued participation early in the experiment were

also schools suspected of baseline cheating. As such, estimated ITT effects are closer to TOT

effects, since this sample includes only one school with discontinued treatment. The resulting

Baseline + Endline Sample contains 74 schools (24 treated and 50 control) and 5,535 students, all

with complete baseline and endline data enabling value-added specifications.

Table 2 shows school-level balance tests across our observable characteristics between treat-

ment and control schools. Schools are balanced on district 2011 Human Development Index scores

(mean 0.597, a United Nations composite measure of health, education, and income on a zero-to-

one scale where higher values indicate greater development), gender composition (approximately

29 percent all-girls schools and 71 percent all-boys schools), curriculum type (46-48 percent CBSE

and 52-54 percent UP Board)1, and enrollment size. School-level attrition rates, measured as the

fraction of registered students who did not complete testing, also do not differ significantly be-

tween treatment and control schools, indicating that sample loss was balanced at the school level.

All regressions control for district group fixed effects to account for geographic clustering in the

randomization process. None of the treatment-control differences are statistically significant at the

5 percent level.

1CBSE (Central Board of Secondary Education) is India’s standardized national curriculum overseen by
the central government, while UP Board is the Uttar Pradesh state curriculum designed to reflect regional
educational priorities and cultural context. These curricular differences influence the scope and rigor of
material covered and may affect baseline student preparation and learning approaches.
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Table 3 documents student-level attrition patterns. Attrition rates are calculated relative to es-

timated school enrollment based on administrative registration data collected from participating

schools. Baseline data is missing for approximately 24 percent of students in both groups among

those who completed endline assessments, likely due to absenteeism. In the Endline Only Sample,

41.5 percent of treatment students and 46.2 percent of control students are missing endline data,

likely due to students leaving the boarding schools. The Baseline + Endline Sample, which by con-

struction requires that students completed both baseline and endline tests, exhibits higher overall

attrition rates. In both samples, control students exhibit slightly higher attrition rates than treat-

ment students. As shown in Table 2, these differences in school-level attrition rates are statistically

insignificant, indicating balanced sample loss across treatment and control schools.

Student-level baseline test scores are also generally balanced. Table 4 shows that treatment and

control students exhibit similar baseline mathematics achievement. In the Endline Only Sample,

the treatment-control difference is 0.098 standard deviations with a standard error of 0.126, while

in the Baseline + Endline Sample the difference is 0.009 standard deviations with a standard error

of 0.101. Figure 1 displays the baseline score distribution for the Baseline + Endline Sample

(Kolmogorov-Smirnov test p-value = 0.168)2.

VI. Implementation Fidelity & Platform Engagement

The intervention’s effectiveness depends on whether lab-in-charge support successfully in-

creased platform engagement. We first establish implementation fidelity by examining platform

usage patterns and skill development across treatment and control schools. Figures 2 and 3 com-

pare total platform usage over the 31-week intervention period for our two core samples. In the

Baseline + Endline Sample, treatment students averaged 47.4 minutes per week (1,470 total min-

utes) while control students averaged just 7.2 minutes per week (222 total minutes), a 6.6-fold

difference. The Endline Only Sample shows a similar pattern with treatment students averaging

39.6 minutes per week (1,229 total minutes) and control students averaging 7.1 minutes per week

2The corresponding baseline score distribution for the Endline Only Sample is presented in Appendix
Figure A1 (Kolmogorov-Smirnov test p-value = 0.0285).
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(219 total minutes), a 5.6-fold difference. Control students had identical platform access but lacked

dedicated support, and their usage remained concentrated near zero. Breaking down this total plat-

form usage to active learning time on math content including watching videos, doing exercises, and

reading articles, Table 5 quantifies the treatment effect on practice time after controlling for dis-

trict fixed effects. The intervention increased total mathematics practice by 37.1 minutes per week

(1,150 total minutes over the intervention, Panel A, p < 0.01). This additional practice occurred

primarily during school hours, which increased by 22.0 minutes per week (682 total minutes, Panel

C, p < 0.01), but also extended to at-home practice during holidays and after-school hours, which

increased by 15.1 minutes per week (469 total minutes, Panel B, p < 0.01). Lab-in-charges thus

established regular school routines while encouraging independent practice beyond formal instruc-

tion. Figures 4 and 5 show this engagement sustained throughout the seven-month intervention,

with practice time rising quickly to 50-60 minutes per week and remaining elevated despite a tem-

porary dip during extended holidays, while control usage stayed consistently low at 5-15 minutes

per week.

Table 6 reveals this increased platform time translated into productive learning activity. Treat-

ment students worked on 101 additional mathematics skills and achieved proficiency in 63 more

skills than control students (Panels A and B, p < 0.01). Panel D shows treatment students mastered

0.96 more skills per hour of practice (p < 0.01), suggesting that lab-in-charges helped students

navigate the platform effectively rather than accumulating unproductive time. Panel C shows 276

more skill-level improvements (p < 0.01), indicating progression through increasingly difficult

material. This combination of increased practice time, sustained engagement, and improved effi-

ciency suggests that lab-in-charge support successfully converted platform access into meaningful

skill development.

Figures 6 and 7 show the raw dosage-response relationship at school and student levels. At

both levels, treatment observations cluster toward higher usage and larger gains while control ob-

servations concentrate near the origin. Table 7 and Figure 8 present model predictions from this

relationship. While not for direct causal interpretation, it is noteworthy that linear models predict
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higher gains of 0.465 standard deviations for schools with 47.4 minutes of practice each week (the

treatment school’s average practice level), compared to students and schools with no KA usage. At

the student level, the linear model predicts 0.406 standard deviations gains for students with 47.4

minutes of practice per week.

VII. Results

Table 8 presents intention-to-treat (ITT) and treatment-on-treated (TOT) estimates of the inter-

vention’s impact on standardized mathematics test scores. Using the Endline Only Sample, the ITT

effect is 0.326 standard deviations (SE = 0.111, p < 0.01), while the TOT effect is 0.400 standard

deviations (SE = 0.131, p < 0.01). The Baseline + Endline Sample without baseline controls yields

similar ITT and TOT estimates of 0.445 (SE = 0.122, p < 0.01) and 0.467 standard deviations (SE

= 0.126, p < 0.01), respectively. Adding baseline controls produces an ITT effect of 0.440 standard

deviations (SE = 0.100, p < 0.01) and a TOT effect of 0.462 standard deviations (SE = 0.102, p

< 0.01). These estimates remain remarkably consistent across specifications, ranging from 0.326

to 0.467 standard deviations with all effects significant at the one percent level. To contextualize

these magnitudes, a 0.44 to 0.47 standard deviation gain represents moving an average student

from the 50th percentile to approximately the 67th to 68th percentile. Using estimates from low-

and middle-income countries, this effect size is equivalent to approximately two to three years of

learning in business-as-usual schooling (Evans and Yuan, 2019).

Figures 9 and 10 reveal that treatment shifted the entire achievement distribution rightward

rather than affecting particular performance levels. Treatment group means of 0.352 and 0.488

standard deviations in the two samples closely approximate our regression estimates (that also

include stratified group fixed effects), and the distributions maintain similar shapes across groups,

suggesting benefits throughout the performance spectrum.

Table 9 confirms these comprehensive gains extended uniformly across question difficulty levels

on the endline assessment. Treatment students improved 0.107 standard deviations on questions

at their own grade level and 0.088 to 0.147 standard deviations on questions one, two, and three
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grades below (Panel C, all p < 0.01). F-tests fail to reject equality across difficulty levels (p =

0.168), confirming that the total 0.438 standard deviation effect reflects broad-based learning gains

rather than concentration at particular skill levels.

Table 10 examines whether these gains were broadly distributed or concentrated among specific

subgroups. Most interaction terms across school gender composition, district development levels,

curriculum type, student grade, and baseline performance are statistically insignificant, suggesting

treatment benefits extended throughout the study population. Panel E reveals patterns by base-

line achievement: students in the highest performance tercile gained 0.521 standard deviations

(SE = 0.150, p < 0.01), while students in the medium and low terciles gained 0.414 and 0.382

standard deviations respectively. Although point estimates suggest larger gains for initially high-

performing students, these differences are not statistically significant. Thus, lab-in-charge support

substantially benefited both struggling and more advanced students. The intervention similarly

produced comparable effects across all-boys and all-girls schools, high and low HDI districts, and

grade levels. This consistency across diverse populations and question difficulty levels indicates

that dedicated implementation support generated comprehensive learning gains rather than narrow,

context-specific improvements.

These results demonstrate that lab-in-charge support led to large and sustained dosage of the

Khan Academy platform that generated substantial learning gains approaching half a standard de-

viation across the achievement spectrum, grade levels, and student subgroups. The implementation

fidelity ensured by lab-in-charges facilitated an environment where increased platform usage trans-

lated into improved skill mastery and ultimately test score gains. Importantly, these gains reflect

not simply usage alone, but effective implementation support that made such usage productive,

successfully converting platform access into meaningful mathematical learning.

VIII. Discussion

Our results demonstrate the importance of facilitating recommended high dosage levels of

computer-assisted-learning in order to achieve impressive classroom learning gains. The jump in
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CAL usage for treated schools, from 7.2 to 47.4 minutes per week, drove learning gains of almost

half a standard deviation. Critically, this increased time translated into productive learning rather

than unproductive practice. Treatment students mastered 0.96 more skills per hour of practice than

control students, demonstrating that lab-in-charges ensured both sustained participation and qual-

ity engagement. Third-party, in-school implementation support enabled high productive dosage,

which facilitated skill development, which generated test score gains. This validates the imple-

mentation fidelity hypothesis established in prior literature showing that ”low fidelity increases the

likelihood of weak student outcomes” while adequate support structures predict program success

(Hill and Erickson, 2021; Fancsali et al., 2016).

The key component to our intervention was the presence of dedicated personnel whose sole re-

sponsibility was ensuring implementation fidelity. While we tested this principle through dedicated

lab-in-charges, the generalizable insight is the implementation structure itself: dedicated respon-

sibility for platform use, protected curriculum time where computer-assisted learning substitutes

for rather than supplements regular instruction, active troubleshooting capacity for technical and

pedagogical challenges, quality monitoring that distinguishes productive engagement from unpro-

ductive use, extended engagement beyond school hours, and motivational systems that sustain

participation. Various staffing models could deliver these features. Schools might reallocate ex-

isting teachers, hire part-time personnel, train community members, or deploy paraprofessionals.

The key is that someone must be responsible and accountable for implementation, transforming

computer-assisted learning from an optional supplement that gets deferred perpetually to manda-

tory curriculum time with dedicated support.

Our effect sizes of 0.326 to 0.467 standard deviations in seven months exceed comparable in-

terventions while demonstrating superior cost-effectiveness. Mindspark’s implementation in Uttar

Pradesh government schools achieved 0.22 standard deviations over 18 months using proprietary

adaptive software and lab-in-charges for hardware support (Muralidharan and Singh, 2025), mean-

ing we achieved double their effect in less than half the time. One explanation is from higher

quality practice time, facilitated in our study by more dedicated class time and comprehensive lab-
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in-charge support. Another possibility is that Khan Academy was integrated more closely with

the classroom curriculum. Mindspark’s own experience confirms the critical role of implementa-

tion support: when they reduced lab-in-charge presence in their third year, usage initially dropped

by approximately 50 percent before recovering after several months of intensive monitoring ef-

forts (Muralidharan and Singh, 2025). Banerjee et al. (2007) achieved 0.47 standard deviations

in fourth grade mathematics by providing two hours of weekly computer-assisted learning time

with dedicated supervision, demonstrating that similar magnitudes are achievable with simpler

platforms when implementation ensures consistent practice. Our gains also exceed the 0.36 stan-

dard deviation effect size from high-dosage tutoring meta-analyses (Dietrichson et al., 2017). The

critical insight is that properly implemented computer-assisted learning can deliver tutoring-like

personalization, but requires a dedicated support structure to ensure implementation fidelity. The

binding constraint for scaling personalized learning appears to be not the sophistication of adap-

tive algorithms or the quality of digital content, but rather whether educational systems possess

the implementation capacity to ensure technology translates into sustained, productive student en-

gagement.

A. Cost-Effectiveness and Scalability

At $14 (USD) per student over seven months, equivalent to approximately $24 (USD) annu-

ally, our intervention demonstrates cost-effectiveness through part-time implementation labor and

a freely available platform. The cost structure allocates 61 percent to lab-in-charge salaries and

training, 22 percent to program management, and 17 percent to monitoring and motivational cam-

paigns. Lab-in-charges were part-time contractors dedicating two to four days weekly rather than

full-time employees, while the Khan Academy platform is completely free with no licensing fees3.

This cost advantage stems from two factors. First, using a freely available platform eliminates li-

censing fees that proprietary software requires. Second, our part-time lab-in-charge model reduced

3For comparison, Mindspark’s scaled implementation in Uttar Pradesh cost approximately $39 (USD) per
student annually during Years 1 and 2 when they measured their 0.22 standard deviation effect (Muralidharan
and Singh, 2025), meaning we achieved roughly double their effect size at 60 percent of their cost within the
same Indian context.
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labor costs while still providing comprehensive implementation support. Compared to high-dosage

tutoring programs costing thousands per student annually (Oreopoulos et al., 2024; Strassberger

and Condliffe, 2024; White, Groom-Thomas and Loeb, 2023) and generating effect sizes of 0.36

standard deviations (Dietrichson et al., 2017), we produced larger learning gains at substantially

lower cost.

While our absolute costs reflect Indian wage structures and will be higher in higher-wage coun-

tries, the cost structure reveals that effective implementation depends on labor for supervision and

support rather than expensive technology or proprietary software. The primary concern for schools

considering this approach is not the technology cost but rather the investment in implementation

personnel. However, the key lesson from our experiment is that lab-in-charges were not the nec-

essary variable for these large effects. Rather, the implementation structure of our intervention

enabled high productive dosage with computer-assisted learning, which led to substantial learning

gains. While staffing arrangements and costs will vary across contexts, the fundamental tradeoff

remains: intensive implementation support costs substantially more than laissez-faire technology

adoption but vastly less than high-dosage tutoring while generating comparable or larger learning

gains.

B. Limitations

Several limitations warrant acknowledgment in interpreting these findings. The intervention

lasted 31 weeks. Whether learning gains persist, fade, or compound with continued exposure

remains a topic for future research. Mathematics learning was measured exclusively through stan-

dardized test scores. Effects on other subjects, problem-solving skills, or broader competencies

are unknown, though the personalized learning principles validated here should generalize across

content areas if implementation structures remain intact and the time table for both Treatment and

Control schools remains the same across all subjects. The study occurred in boarding schools

within Uttar Pradesh’s Social Welfare system. This context may facilitate implementation because

students are present throughout the day and schools face fewer competing demands from families
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or extracurricular activities compared to day schools. Results may not generalize to other coun-

tries, different grade levels beyond 6-8, or contexts where family, community, and other factors

play larger roles in educational processes. Intensive monitoring and attention in treatment schools

may have generated Hawthorne effects that boosted performance beyond what the implementa-

tion structure alone would produce. However, sustained usage throughout the full 31-week period

rather than declining after initial novelty suggests genuine engagement rather than temporary en-

thusiasm.

Even with intensive support, implementation faced barriers that constrain generalizability. Five

of 28 treatment schools discontinued participation during the intervention due to technical barri-

ers including insufficient digital devices, unavailable internet connectivity, and inadequate infras-

tructure support. These schools remain in intention-to-treat estimates to preserve randomization

integrity, but their experience demonstrates that even dedicated implementation support cannot

overcome all infrastructure constraints. Among treatment schools, the achieved dosage still varied

substantially. Weekly practice time ranged from approximately 25 minutes per week, on average,

in some schools to over 65 minutes per week in others, reflecting variation in schools’ capacity

to integrate CAL sessions consistently despite similar lab-in-charge support and practice targets.

However, the difference compared to other CAL studies is that, despite this variation, even the

lowest practice schools maintained significant dosage levels during the school-year.

The study required schools to possess basic digital infrastructure of tablets, internet access, and

reasonably reliable electricity. Implementation challenges differ substantially in contexts lacking

this foundation, where providing technology access represents a prerequisite rather than a given.

Attrition rates of approximately 55 to 60 percent relative to estimated enrollment, though balanced

across treatment and control conditions, mean results describe effects for students who completed

assessments rather than all enrolled students. Whether non-completers would have experienced

similar gains remains unknown.
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IX. Conclusion

Computer-assisted learning has long promised to facilitate personalized instruction, yet im-

plementations have often struggled to deliver on this potential. Our experience from this study

suggests that the primary constraint is not technology but implementation capacity. When dedi-

cated personnel ensured platform use through protected curriculum time and active support, the

same Khan Academy platform that produced minimal results elsewhere generated learning gains

approaching half a standard deviation. Implementation support enabled productive dosage that

facilitated skill development and test score improvements, achieving these gains at substantially

lower cost than alternative interventions. The implication is that scaling personalized learning

requires investing in organizational structures that guarantee implementation fidelity rather than

simply providing better platforms or more comprehensive training. Looking forward, emerging

AI-powered tutoring systems may offer additional pedagogical benefits beyond the solutions and

videos available in current platforms, potentially enhancing learning effectiveness when combined

with strong implementation support. However, further research is needed to determine how best to

integrate such technologies within effective implementation structures. Ultimately, the challenge

ahead remains clear: building CAL programs with the organizational capacity to translate platform

access into sustained productive learning.
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Table 1: Sample Construction

Schools Removed Schools

Sample Total Treated Control Total Treated Control

Endline Only
Initial Sample Size 83 28 55 — — —
Remove: Schools without endline data 80 28 52 3 0 3
Remaining: Discontinued treatment schools — 5 0 — — —
Final Sample Size 80 28 52 — — —

Baseline + Endline
Initial Sample Size 83 28 55 — — —
Remove: Schools without endline data 80 28 52 3 0 3
Remove: Baseline cheating schools 74 24 50 6 4 2
Remaining: Discontinued treatment schools — 1 0 — — —
Final Sample Size 74 24 50 — — —

Notes: Samples constructed from 83 schools (28 treatment, 55 control) randomized to treatment intervention. Endline Only
Sample focuses on endline analysis only, excluding schools without endline tests. Baseline + Endline Sample enables baseline
and endline analysis by additionally removing schools with suspected baseline cheating. Discontinued treatment schools are
those where the treatment could not continue due to technical barriers such as lack of digital devices, internet unavailability,
or insufficient support. Final sample sizes: 7,888 students for Endline Only Sample, 5,535 students for Baseline + Endline
Sample.
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Table 2: School-Level Balance Tests

Endline Only (N=80) Baseline + Endline (N=74)

Control Mean T-C Diff. Control Mean T-C Diff.
Variable [SD] (SE) [SD] (SE)

District HDI Score 0.597 0.005 0.596 0.004
[0.051] (0.009) [0.052] (0.010)

All-Girls School 0.288 0.009 0.280 0.009
(0.106) (0.113)

CBSE Curriculum Adoption 0.462 0.054 0.480 0.061
(0.119) (0.131)

School Size 94.519 11.624 71.040 11.458
[38.652] (8.517) [29.599] (7.853)

Missing Endline Survey 0.467 -0.049 0.597 -0.048
[0.169] (0.040) [0.133] (0.038)

Missing Baseline Survey 0.238 0.019 — —
[0.104] (0.026)

Regression specifications
District Group Fixed Effects ✓ ✓

Notes: School-level balance tests regressing each school characteristic on treatment assignment. Each cell shows
control group means with standard deviations in square brackets for continuous variables and treatment-control
differences with standard errors in parentheses. District group fixed effects control for geographic clustering in
treatment assignment. District HDI Score is Human Development Index (0-1 scale). All-Girls School is proportion
of all-girls schools versus all-boys schools (binary variable). CBSE Curriculum Adoption is proportion using CBSE
(Central Board of Secondary Education) versus UP (Uttar Pradesh) Board curriculum (binary variable). School
size is number of students per school. Missing Endline Survey is the fraction of registered students who did
not complete endline testing (out-of-sample attrition). Missing Baseline Survey is the fraction of sample students
missing baseline test scores and applies only to Endline Only Sample (Baseline + Endline Sample requires complete
baseline data). Endline Only Sample size: 80 schools (28 treatment, 52 control). Baseline + Endline Sample
size: 74 schools (24 treatment, 50 control). No significance stars appear as all differences are non-significant at
conventional levels, indicating successful randomization and balanced attrition. Significance levels: *** p ≤ 0.01,
** p ≤ 0.05, * p ≤ 0.10.
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Table 3: Student-Level Attrition Summary

Est. Sample Missing Sample Missing
Sample Registered Endline Endline Baseline Baseline

Endline Only
Treated 5,078 2,973 0.415 2,248 0.244
Control 9,128 4,915 0.462 3,732 0.241
Total 14,206 7,888 0.445 5,980 0.242

Baseline + Endline
Treated 4,356 1,983 0.545 1,983 0.000
Control 8,775 3,552 0.595 3,552 0.000
Total 13,131 5,535 0.578 5,535 0.000

Notes: Student-level attrition summary showing sample composition and missingness patterns across
treatment groups. Est. Registered represents estimated total school enrollment based on admin-
istrative registration data collected from participating schools. Sample Endline shows the number
of students with completed endline test scores who are included in the analysis samples. Missing
Endline represents the proportion of estimated registered students who did not complete endline
testing. Sample Baseline shows the number of students in the sample who have baseline test scores
available. Missing Baseline represents the proportion of students in the sample who lack baseline
test scores. Endline Only Sample includes all students with endline test data regardless of baseline
test availability. Baseline + Endline Sample restricts to students with both baseline and endline test
scores, resulting in zero baseline missingness. Sample sizes: Endline Only Sample contains 7,888
students from 80 schools, Baseline + Endline Sample contains 5,535 students from 74 schools.

29



Table 4: Student-Level Baseline Balance Tests

Control Mean T-C Diff.
Sample [SD] (SE)

Endline Only 0.000 0.098
[0.9997] (0.126)

Baseline + Endline 0.000 0.009
[0.9997] (0.101)

Regression specifications
District Group Fixed Effects ✓
School Level Clustered SEs ✓

Notes: Student-level baseline balance tests regressing standardized base-
line test scores on treatment assignment with school-level clustering and
district fixed effects. T-C Diff. shows treatment-control differences with
school-clustered standard errors in parentheses. Control group means
and standard deviations in square brackets reflect standardized base-
line scores. District group fixed effects control for geographic clustering
in treatment assignment. Endline Only Sample includes 5,980 students
with baseline data from 7,888 total students with endline data. Base-
line + Endline Sample includes 5,535 students with complete baseline
and endline data. No significance stars appear as all differences are
non-significant at conventional levels (p > 0.10), indicating successful
randomization. Significance levels: *** p ≤ 0.01, ** p ≤ 0.05, * p ≤
0.10.
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Figure 1: Baseline Test Scores - Baseline + Endline Sample
Figure 1: Baseline Test Scores - Baseline + Endline Sample

Notes: Kernel density plots comparing standardized baseline test score distributions between treatment and control
groups. Solid line shows control group distribution, dashed line shows treatment group distribution. Vertical lines
indicate group means (control mean = 0, treatment mean = 0.013). Baseline + Endline Sample includes 5,535
students with available baseline data.
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Figure 2: Platform Usage - Baseline + Endline Sample
Figure 2: Platform Usage - Baseline + Endline Sample

Notes: Kernel density plots comparing total platform usage distributions between treatment and control groups.
Solid line shows control group distribution, dashed line shows treatment group distribution. Vertical lines indicate
group means (control mean = 222 minutes, treatment mean = 1470 minutes). Platform usage measured in total
minutes over the 31-week intervention period. Weekly averages: control 7.2 minutes/week, treatment 47.4 min-
utes/week. Baseline + Endline Sample includes 5,460 students with available usage data.
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Figure 3: Platform Usage - Endline Only Sample
Figure 3: Platform Usage - Endline Only Sample

Notes: Kernel density plots comparing total platform usage distributions between treatment and control groups.
Solid line shows control group distribution, dashed line shows treatment group distribution. Vertical lines indicate
group means (control mean = 219 minutes, treatment mean = 1229 minutes). Platform usage measured in total
minutes over the 31-week intervention period. Weekly averages: control 7.1 minutes/week, treatment 39.6 min-
utes/week. Endline Only Sample includes 7,764 students with available usage data.
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Table 5: Treatment Effects on Practice Time

Endline Only Baseline + Endline

(1) (2) (3)

Panel A: Total Practice Time

Treatment Effect 920.99*** (92.11) 1150.17*** (77.49) 1150.41*** (76.90)

Control Mean [SD] 235.40 [329.67] 236.36 [330.09] 236.36 [330.09]

Panel B: At-Home Practice

Treatment Effect 379.96*** (47.06) 468.66*** (49.41) 468.78*** (49.35)

Control Mean [SD] 43.44 [106.37] 45.18 [113.06] 45.18 [113.06]

Panel C: At-School Practice

Treatment Effect 541.02*** (63.49) 681.51*** (56.84) 681.63*** (56.50)

Control Mean [SD] 191.96 [272.58] 191.18 [270.77] 191.18 [270.77]

Panel D: Holiday Practice

Treatment Effect 226.26*** (26.59) 277.65*** (28.70) 277.72*** (28.91)

Control Mean [SD] 20.54 [63.02] 21.71 [66.41] 21.71 [66.41]

Panel E: After-School Practice

Treatment Effect 262.79*** (39.34) 324.03*** (42.90) 324.11*** (42.90)

Control Mean [SD] 28.78 [84.46] 29.62 [90.73] 29.62 [90.73]

Regression specifications
Baseline Controls ✓
District Group Fixed Effects ✓ ✓ ✓
School Level Clustered SEs ✓ ✓ ✓

Notes: Treatment effects on math practice time over the 31-week intervention period. Each
panel shows results from separate regressions with school-clustered standard errors in parenthe-
ses and control means with standard deviations in square brackets. All practice time measured
in minutes. Total Practice Time (Panel A) measures active learning time on math content
including watching videos, doing exercises, and reading articles. At-Home Practice (Panel B)
combines usage during holidays and after-school hours. At-School Practice (Panel C) equals To-
tal Practice Time minus At-Home Practice. Holiday Practice (Panel D) includes usage during
any school holidays excluding Sundays. After-School Practice (Panel E) includes usage during
after-school hours on school days and all day on Sundays. All regressions include district group
fixed effects and school-level clustering. Baseline controls (column 3 only) include standardized
baseline test scores. Students without usage identifiers excluded from analysis. Endline Only
Sample: 6,923 students. Baseline + Endline Sample: 4,853 students. Significance levels: *** p
≤ 0.01, ** p ≤ 0.05, * p ≤ 0.10.

34



Figure 4: Weekly CAL Usage Over Time - Baseline + Endline Sample

Figure 4: Weekly CAL Usage Over Time - Baseline + Endline Sample

Notes: Weekly average CAL usage in minutes per week over the 31-week intervention period (August 2024 to
February 2025). Solid line represents treatment group average, dashed line represents control group average. Shaded
regions represent standard error bands. Analysis includes 4,857 students (Treatment: 1,955, Control: 2,902) with
valid usage identifiers from Baseline + Endline Sample. Students without usage identifiers (678 students, 12.2% of
sample) were excluded as their usage data could not be linked to treatment assignment. Weekly usage calculated
as zero for students with valid identifiers but no recorded usage in a given week.
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Figure 5: Weekly CAL Usage Over Time - Endline Only Sample

Figure 5: Weekly CAL Usage Over Time - Endline Only Sample

Notes: Weekly average CAL usage in minutes per week over the 31-week intervention period (August 2024 to
February 2025). Solid line represents treatment group average, dashed line represents control group average.
Shaded regions represent standard error bands. Analysis includes 6,926 students (Treatment: 2,916, Control:
4,010) with valid usage identifiers from Endline Only Sample. Students without usage identifiers (961 students,
12.2% of sample) were excluded as their usage data could not be linked to treatment assignment. Weekly usage
calculated as zero for students with valid identifiers but no recorded usage in a given week.
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Table 6: Treatment Effects on Skills Mastery

Endline Only Baseline + Endline

(1) (2) (3)

Panel A: Skills Worked On

Treatment Effect 82.25*** (8.03) 101.33*** (6.58) 101.35*** (6.56)

Control Mean [SD] 20.24 [31.05] 19.84 [30.72] 19.84 [30.72]

Panel B: Skills Proficient

Treatment Effect 49.56*** (6.01) 63.46*** (5.64) 63.49*** (5.52)

Control Mean [SD] 9.83 [19.63] 9.42 [19.52] 9.42 [19.52]

Panel C: Net Skill Upgrades

Treatment Effect 218.40*** (23.83) 275.53*** (21.24) 275.64*** (20.90)

Control Mean [SD] 47.30 [83.02] 45.96 [82.85] 45.96 [82.85]

Panel D: Skills Proficient per Hour

Treatment Effect 0.62*** (0.22) 0.95*** (0.21) 0.96*** (0.21)

Control Mean [SD] 2.16 [2.60] 2.06 [2.57] 2.06 [2.57]

Regression specifications
Baseline Controls ✓
District Group Fixed Effects ✓ ✓ ✓
School Level Clustered SEs ✓ ✓ ✓

Notes: Treatment effects on math skills mastery over the 31-week intervention period. Each
panel shows results from separate regressions with school-clustered standard errors in paren-
theses and control means with standard deviations in square brackets. Skills Worked On (Panel
A) counts unique math skills students engaged with during the intervention. Skills Proficient
(Panel B) counts skills where students achieved proficiency level or higher. Net Skill Upgrades
(Panel C) measures total skill level improvements across all mathematics skills. Skills Profi-
cient per Hour (Panel D) measures learning efficiency as the ratio of skills achieving proficiency
to total practice hours, restricted to students with positive practice time. All regressions in-
clude district group fixed effects and school-level clustering. Baseline controls (column 3 only)
include standardized baseline test scores. Students without usage/skill identifiers excluded
from analysis. Endline Only Sample: 6,923 students for Panels A-C, 5,535 students for Panel
D. Baseline + Endline Sample: 4,853 students for Panels A-C, 3,954 students for Panel D.
Significance levels: *** p ≤ 0.01, ** p ≤ 0.05, * p ≤ 0.10.
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Figure 6: School-Level Dosage-Response Relationship
Figure 6: School-Level Dosage-Response Relationship

Notes: School-level relationship between average platform usage and learning gains. Learning gain measured as
difference between standardized endline and baseline test scores. Triangles represent treatment schools, circles
represent control schools, with point sizes proportional to number of students per school. Fitted line represents
linear regression of average school learning gains on average school weekly usage minutes, forced through the origin,
using all schools (treatment and control). Gray shaded area represents 95% confidence interval. Analysis includes
schools from Sample 2 with complete baseline, endline, and usage data.
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Figure 7: Student-Level Dosage-Response Relationship
Figure 7: Student-Level Dosage-Response Relationship

Notes: Student-level relationship between individual platform usage and learning gains. Learning gain measured
as difference between standardized endline and baseline test scores. Triangles represent treatment students, circles
represent control students. Fitted line represents linear regression of individual student learning gains on individual
student weekly usage minutes, forced through the origin, using all students (treatment and control). Gray shaded
area represents 95% confidence interval. Usage truncated at 100 minutes per week for display. Analysis includes
students from Sample 2 with complete baseline, endline, and usage data.
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Table 7: Predicted Learning Gains by Usage and Model

Average Treatment Usage

Model Student-Level School-Level

Linear +0.406 SD +0.465 SD

Quadratic +0.493 SD +0.524 SD

Cubic +0.514 SD +0.538 SD

Notes: Predicted learning gains from dosage-response models evaluated at
average treatment group usage (47.4 minutes per week, corresponding to
1,470 total minutes over the 31-week intervention period). All models regress
learning gains (difference between standardized endline and baseline test
scores) on weekly usage minutes, forced through the origin, using treatment
group data only. Linear model includes usage as single predictor. Quadratic
model adds squared usage term. Cubic model adds both squared and cubed
usage terms. Student-level models use individual student data; school-level
models use school-aggregated average gains and usage. Analysis uses Sample
2 treatment group students and schools with complete baseline, endline, and
usage data.
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Figure 8: Predicted Dosage-Response Effects by Analysis Level

Figure 8: Predicted Dosage-Response Effects by Analysis Level

Notes: Predicted learning gains from linear dosage-response models at student and school analysis levels. Both
models regress learning gains on weekly usage minutes, forced through the origin, using treatment group data only.
School-level model uses school-aggregated average gains and usage; student-level model uses individual student
data. Solid lines represent predictions within empirical support range (±2.5 standard deviations of observed usage
distribution at each level); dotted lines show extrapolated predictions beyond empirical support. Vertical line
indicates average treatment group usage (47.4 minutes per week). Student empirical support extends to 113.2
minutes/week; school empirical support extends to 81.3 minutes/week. Analysis uses Sample 2 treatment group
data with complete baseline, endline, and usage information.
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Table 8: Treatment Effects on Student Test Scores

Control Mean ITT TOT
Sample [SD] (SE) (SE)

Endline Only 0.000 0.326*** 0.400***
[0.9998] (0.111) (0.131)

Baseline + Endline 0.000 0.445*** 0.467***
[0.9997] (0.122) (0.126)

Baseline + Endline 0.000 0.440*** 0.462***
with Baseline Controls [0.9997] (0.100) (0.102)

Notes: Treatment effects on standardized endline test scores. ITT shows
intention-to-treat effects comparing all students in treatment vs control schools.
TOT shows treatment-on-treated effects using instrumental variables estimation
where treatment assignment instruments for actual school-level treatment re-
ceipt. Each row shows results from separate regressions with school-clustered
standard errors in parentheses. Control group means and standard deviations in
square brackets reflect standardized endline scores. Treatment receipt defined as
schools assigned to treatment that did not discontinue participation due to im-
plementation challenges. Compliance rates for TOT estimation: 81.6% (Endline
Only), 95.2% (Baseline + Endline samples). First-stage F-statistics for TOT
estimation: 2623 (Endline Only), 7706.1 (Baseline + Endline), 7254 (Baseline +
Endline with Baseline Controls), all exceeding conventional thresholds indicat-
ing strong instruments. All regressions include district group fixed effects and
school-level clustering. District group fixed effects control for geographic clus-
tering in treatment assignment. Baseline controls include standardized baseline
test scores for the Baseline + Endline with Baseline Controls specification only.
Endline Only Sample: 7,888 students from 80 schools. Baseline + Endline Sam-
ple: 5,535 students from 74 schools. Significance levels: *** p ≤ 0.01, ** p ≤
0.05, * p ≤ 0.10.
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Figure 9: Endline Test Scores - Endline Only Sample
Figure 9: Endline Test Scores - Endline Only Sample

Notes: Kernel density plots comparing standardized endline test score distributions between treatment and control
groups. Solid line shows control group distribution, dashed line shows treatment group distribution. Vertical lines
indicate group means (control mean = 0, treatment mean = 0.352). Endline Only Sample includes 7,888 students
with complete endline data.
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Figure 10: Endline Test Scores - Baseline + Endline Sample
Figure 10: Endline Test Scores - Baseline + Endline Sample

Notes: Kernel density plots comparing standardized endline test score distributions between treatment and control
groups. Solid line shows control group distribution, dashed line shows treatment group distribution. Vertical lines
indicate group means (control mean = 0, treatment mean = 0.488). Baseline + Endline Sample includes 5,535
students with complete endline data.
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Table 9: Treatment Effects on Endline Performance by Question Grade Level

Control Mean T-C Diff.
Question Grade Level [SD] (SE)

Panel A: Endline Only Sample

At Grade Level 0.000 0.092***
[0.303] (0.029)

1 Grade Below 0.000 0.138***
[0.379] (0.042)

2 Grades Below 0.000 0.091***
[0.284] (0.025)

3 Grades Below 0.000 0.086***
[0.276] (0.023)

Sum (Total) 0.000 0.406***
[1.000] (0.116)

F-test: Equality of effects F = 1.93, p = 0.122

Panel B: Baseline + Endline Sample

At Grade Level 0.000 0.108***
[0.305] (0.030)

1 Grade Below 0.000 0.149***
[0.378] (0.044)

2 Grades Below 0.000 0.097***
[0.286] (0.026)

3 Grades Below 0.000 0.089***
[0.275] (0.023)

Sum (Total) 0.000 0.443***
[1.000] (0.121)

F-test: Equality of effects F = 1.68, p = 0.168

Panel C: Baseline + Endline Sample with Baseline Controls

At Grade Level 0.000 0.107***
[0.305] (0.024)

1 Grade Below 0.000 0.147***
[0.378] (0.037)

2 Grades Below 0.000 0.096***
[0.286] (0.020)

3 Grades Below 0.000 0.088***
[0.275] (0.019)

Sum (Total) 0.000 0.438***
[1.000] (0.098)

F-test: Equality of effects F = 1.68, p = 0.168

Notes: Treatment effects on student performance across question groups targeting different
grade levels. Scores are standardized using control group means and the total score standard
deviation, ensuring level effects sum exactly to the total effect. T-C Diff. shows the treatment-
control difference in standard deviations with school-clustered standard errors in parentheses.
Control means and standard deviations (in brackets) are from the control group. Question
grade level indicates the relative difficulty: At Grade Level tests students on their current grade
questions, while 1, 2, and 3 Grades Below test on progressively easier material. Each level pools
students across grades 6, 7, and 8 based on relative question difficulty. The Sum (Total) row
shows the treatment effect on overall standardized test scores and equals the sum of the four level
effects by construction. F-test examines whether treatment effects differ across the four grade
levels; non-significant tests indicate uniform effects. All regressions include district group fixed
effects and school-level clustering. Baseline controls in Panel C include standardized baseline
test scores. Panel A: 7,281 students. Panels B & C: 5,527 students . Sum (Total) effects closely
match main results, with some divergence due to smaller sample sizes. Significance levels: ***
p ≤ 0.01, ** p ≤ 0.05, * p ≤ 0.10.
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Table 10: Heterogeneous Intent-to-Treat Effects on Endline Test Scores

Endline Only Baseline + Endline

(1) (2) (3)

Panel A: Gender

Treatment Effect 0.279** 0.459*** 0.420***
(0.134) (0.121) (0.094)

Treatment × All-Girls 0.190 0.005 0.105
(0.219) (0.219) (0.189)

Panel B: HDI

Treatment Effect 0.505*** 0.603*** 0.567***
(0.150) (0.185) (0.158)

Treatment × Above Median HDI -0.351 -0.294 -0.241
(0.236) (0.251) (0.208)

Panel C: Curriculum

Treatment Effect 0.321** 0.373*** 0.268***
(0.126) (0.134) (0.092)

Treatment × CBSE -0.015 0.123 0.318*
(0.198) (0.222) (0.169)

Panel D: Grade

Treatment Effect 0.257** 0.406*** 0.398***
(0.116) (0.131) (0.096)

Treatment × Grade 7 0.042 -0.030 0.002
(0.133) (0.153) (0.147)

Treatment × Grade 8 0.153* 0.142 0.117
(0.089) (0.108) (0.109)

Panel E: Baseline Performance

Treatment Effect — 0.504*** 0.521***
(0.147) (0.150)

Treatment × Low Tercile — -0.119 -0.139
(0.165) (0.170)

Treatment × Medium Tercile — -0.086 -0.107
(0.121) (0.128)

Control Mean 0.000 0.000 0.000
[SD] [0.9998] [0.9997] [0.9997]

Regression specifications
Baseline Controls ✓
District Group Fixed Effects ✓ ✓ ✓
School Level Clustered SEs ✓ ✓ ✓

Notes: Heterogeneous intention-to-treat effects on standardized endline test scores examining
differential impacts across student and school characteristics. Each panel shows results from
separate regressions including interaction terms between treatment assignment and the specified
characteristic. Treatment Effect shows the main treatment effect for the reference group with
school-clustered standard errors in parentheses. Interaction terms show the additional treat-
ment effect for the specified subgroup relative to the reference group. Total treatment effect for
any subgroup equals Treatment Effect plus relevant interaction coefficient. Reference groups
are: All-Boys schools (Panel A), Below Median HDI districts (Panel B), UP Board curriculum
schools (Panel C), Grade 6 students (Panel D), and High Tercile baseline performers (Panel E).
HDI refers to Human Development Index at the district level with above/below median split.
Students classified into terciles based on baseline test scores: Low Tercile (0-33rd percentile),
Medium Tercile (34th-67th percentile), High Tercile (68th-100th percentile). Panel E not avail-
able for Endline Only Sample (column (1)) due to incomplete baseline data. All regressions
include district group fixed effects and school-level clustering. District group fixed effects con-
trol for geographic clustering in treatment assignment. Baseline controls include standardized
baseline test scores and apply only to column (3). Control group means and standard deviations
in square brackets reflect standardized endline scores. Endline Only Sample: 7,888 students from
80 schools. Baseline + Endline Sample: 5,535 students from 74 schools. Significance levels: ***
p ≤ 0.01, ** p ≤ 0.05, * p ≤ 0.10.
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APPENDIX

Table A1: Full Sample School-Level Balance Tests

Full Sample (N=83)

Control Mean T-C Diff.
Variable [SD] (SE)

District HDI Score 0.598 0.005
[0.052] (0.009)

All-Girls School 0.309 -0.010
(0.105)

CBSE Curriculum Adoption 0.436 0.069
(0.116)

School Size 149.491 12.373
[46.459] (9.454)

Missing Baseline Survey 0.319 0.027
[0.151] (0.033)

Missing Endline Survey 0.496 -0.079*
[0.205] (0.047)

Regression specifications
District Group Fixed Effects ✓

Notes: School-level balance tests for the full randomized sample of 83 schools (28 treat-
ment, 55 control), including three control schools that served as board examination cen-
tres and could not administer endline tests. Each cell shows control group means with
standard deviations in square brackets for continuous variables and treatment-control
differences with standard errors in parentheses. District group fixed effects control for ge-
ographic clustering in treatment assignment. District HDI Score is Human Development
Index (0-1 scale). All-Girls School is proportion of all-girls schools versus all-boys schools
(binary variable). CBSE Curriculum Adoption is proportion using CBSE (Central Board
of Secondary Education) versus UP (Uttar Pradesh) Board curriculum (binary variable).
School size is number of students per school. Missing Baseline Survey is the fraction
of registered students without baseline test scores. Missing Endline Survey is the frac-
tion of registered students without endline test scores. The single marginally significant
difference in endline missingness reflects the three control schools without endline data;
these schools were board centres that conducted internal examinations earlier in the year
and could not be tested during the scheduled endline assessment. Removal of these three
schools does not alter the pattern of successful randomization on pre-treatment charac-
teristics (see Table 2). Significance levels: *** p ≤ 0.01, ** p ≤ 0.05, * p ≤ 0.10.
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Figure A1: Baseline Test Scores - Endline Only Sample
Figure A1: Baseline Test Scores - Endline Only Sample

Notes: Kernel density plots comparing standardized baseline test score distributions between treatment and control
groups. Solid line shows control group distribution, dashed line shows treatment group distribution. Vertical lines
indicate group means (control mean = 0, treatment mean = 0.089). Endline Only Sample includes 5,980 students
with available baseline data.
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