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Abstract

Generative Al can make schoolwork look better without making students better at it. Al
tutors could reach families who cannot afford human tutors, but whether they narrow
learning gaps depends on policy. Randomized trials in Ghana, Nigeria and Sierra Leone
show that Al-supported programs can raise learning measured without Al. Yet they do not
isolate what works, and a large trial in rural China found no gain from Al personalization
over non-personalized practice. This essay suggests that education systems, in Africa and
beyond, judge complete programs rather than chatbots: by what students learn without Al,
who benefits, and how they compare with feasible alternatives at full cost.
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From chatbots to programs

Generative Al can make schoolwork look better without making students better at it. In a
field experiment in Tiirkiye, about 1,000 high-school students practiced mathematics with a
standard GPT-4 chatbot, with a tutor version prompted to give hints, or with no AI'. Practice grades
rose by 48% with the chatbot and by 127% with the tutor. Yet on the exam that followed, taken
without Al, students who had practiced with the chatbot scored 17% below those who had
practiced without it. Those with the tutor showed no detectable exam advantage over students
without Al Fiitterer et al. have argued that Al should coach students’ self-regulated learning rather
than supply answers. We take that case as given and ask a different question: what do complete
Al tutoring programs deliver in poorer schools, for whom, and at what cost?

The question matters because tutoring works but is scarce. Across 89 randomized trials of
tutoring for children from preschool to grade 12, learning rose by 0.29 standard deviations (SD)
on average. Effects were larger when teachers or paraprofessionals tutored and when tutoring took
place during the school day’. Yet human tutors are costly and unevenly spread. Where schools fall
short, families buy private tutoring. But children in poor households and poor places get the least*.

Al tutors change these economics. They are available at any hour. They can run on low-
cost phones and cost little, about US$5 per student for a WhatsApp mathematics tutor in Ghana®.
In principle, they could bring tutoring to families that could never pay for it and narrow learning
gaps. They also have clear weaknesses. They can hand over answers instead of prompting effort,
and they make errors. They lack a human tutor’s relationship, encouragement and accountability,
and they need devices, power and connectivity that the poorest schools often lack. Whether Al
tutoring narrows or widens gaps will therefore depend on policy: who gets access, how use is

guided and which students programs target.



Most causal evidence on Al in education comes from richer countries, often from brief
trials of students working one-on-one with a chatbot. A Stanford review of more than 800 papers
available by October 2025 found only 20 with strong causal evidence. All but two came from high-
income countries®. Randomized trials in Ghana, Nigeria and Sierra Leone now add program-level
evidence from poorer countries. They show that Al-supported programs can improve assessed
learning. The next task is to establish which programs add value, for whom, and at what full cost,

not simply to expand access to chatbots.

What recent West African trials show

Three randomized trials compared Al-supported programs with usual schooling, using tests
taken without Al (Table 1). In Ghana, students in grades 3 to 8 used Rori, a mathematics tutor on
WhatsApp, in two 30-minute study-hall sessions a week for eight months, and their mathematics
scores rose by 0.36 SD°. In Benin City, Nigeria, first-year senior secondary students worked in
pairs with Microsoft Copilot in up to two 90-minute after-school sessions a week for six weeks. A
composite score of English, Al knowledge and digital skills rose by 0.31 SD’. In Sierra Leone,
students in grades 7 and 8 worked in pairs with Gemini in half of their mathematics lessons for
eight weeks, and mathematics scores rose by 0.26 SD®,

The programs shared some features: scheduled sessions, an adult in the room and devices
at school. But the adult’s role ranged from fixing technical problems in Ghana to leading the lesson
in Sierra Leone, where teachers set objectives and starter prompts and closed with a class
discussion. The tutors were built or framed to prompt students’ own work. Rori gives a hint before
a worked solution, and 76% of Gemini’s messages in Sierra Leone were questions, against 2%
direct solutions. Nigeria used a general-purpose chatbot with teachers’ prompts on the English

curriculum.



Some caveats are in order. Under each study’s assumptions, instrumental-variable
estimates imply a gain of about 0.03 SD for each additional day attended in Nigeria and of 0.38
SD for Sierra Leone students who completed the planned 12 hours. Neither is a general return to
another session. These are effects of particular packages against usual schooling, not of Al alone
or of any single feature. The Ghana and Nigeria trials carry a high risk of bias, and the tool’s

developer was involved in the Ghana and Sierra Leone studies’.

Easy explanations do not fit

It is tempting to credit the structure: set times, supervision and tutors that hint rather than
tell. A large trial in rural China cautions against that reading (Table 1)!°. In 315 classes in 105
primary schools in low-income counties of Sichuan province, students in grades 4 to 6 practiced
mathematics on school computers for 11 weeks. They had two 40-minute sessions a week,
typically supervised by their mathematics teachers. One group used an Al system that tracked each
student’s knowledge, chose problems to match it, and offered hints and step-by-step guidance.
Another used non-personalized practice software on the same schedule, and a third continued its
usual activities. The Al version did no better than either (—0.04 SD against both), and the estimates
rule out all but trivial gains.

The trial ran in 2021, before generative Al reached classrooms, so it cannot test
conversational tutors. It does show that set times, supervision and hints were not enough there, and
that Al personalization added nothing over non-personalized practice. Exposure and comparison
conditions matter too. In China, both software groups had the same scheduled sessions, but
recorded use was low and unequal (Table 1). Nigeria added after-school sessions; Ghana redirected
existing study-hall time to mathematics practice. Extra subject practice remains a plausible

contributor, but neither trial isolates it from Al



Nor is unrestricted Al always harmful: US undergraduates who drafted an essay with off-
the-shelf Al rather than with search alone, tended to score higher on a test without Al a week
later'!. No general design rule has yet been established. One conjecture deserves testing rather than
assuming: interaction, with a conversational tutor or with a teacher, may matter more than adaptive

sequencing of problems alone.

How large, and how certain?

A recent review pooled eight comparisons of Al tutoring with human support or guardrails,
four of them from poorer countries’. On tests meant to be taken without Al, the gain was 0.21 SD
(95% confidence interval 0.05 to 0.36; Fig. 1). The evidence is positive, but the headline should
not rest on the statistical significance of the full pool. The estimate is 0.16 SD (—0.04 to 0.37)
without the two trials at high risk of bias and 0.17 SD (0.00 to 0.33) without the two whose testing
conditions are unclear. Imprecision is not evidence of no effect.

Outcomes range from mathematics, physics and English tests to Nigeria’s composite, and
effects vary widely across settings and comparison conditions (I*> = 76%), so the pool cannot
identify which design feature works. Time horizons also differ: the pooled trials test students at
the end of a session, program, or school year, and none measures learning a year later.

Another review'?, prepared for the World Bank’s 2026 World Development Report,
covered 14 randomized trials of adaptive and Al-enabled tools in ten economies, none of them
low-income. It found an average gain of 0.125 SD and no evidence that generative tools
outperform the adaptive technologies that preceded them. Earlier technology offers a benchmark.
Before generative Al, Mindspark raised mathematics scores in Delhi by 0.37 SD in 4.5 months,

combining adaptive software with group instruction by teaching assistants in after-school



centers'®. Al tutoring must demonstrate value against feasible alternatives, considering learning,

full cost and who is reached.

Testing who benefits

In two of the three West African trials, students with higher baseline achievement gained
more. In Sierra Leone, the effect rose by 0.195 SD for each standard deviation of baseline score;
in Nigeria, higher achievers and students from better-off homes gained more’-®. Nigerian girls also
gained more than boys, a result possibly driven by one girls-only school. In rural China, the Al
version may have done worse than non-personalized practice for middle and higher achievers'®.
Without deliberate design, Al tutoring could reproduce the pattern of private tutoring, which favors
those already ahead.

Equity has three layers: access to devices, power, and connectivity; participation; and
learning. The trials report mainly the third, averaged over all students offered a program, although
internet and power disruptions were common in both Nigeria and Sierra Leone’®. The evidence
shows neither that shared school devices reach the poorest students nor that home use widens gaps;
both are questions for evaluation. Evaluations could prespecify subgroup estimates with their
uncertainty and record who cannot attend or use the system. Mindspark, which paired level-

matched software with teaching assistants, shows what is possible: gains were similar across the

achievement range, which meant large relative gains for the weakest students'?.

Judge programs, not chatbots

A license buys access; evaluation must establish learning. We suggest that ministries and
funders treat Al tutoring as a program to be tested rather than a product to be bought. Staged pilots

could compare each program with the best feasible alternative’, such as structured pedagogy'?,



phone tutoring'®, human tutoring or existing adaptive software. Much of the evidence so far
compares Al only with no AIS. Independent tests could be taken without Al and, as Fiitterer ef al.
urge’, separate immediate performance from later retention. Large commitments and claims of
lasting benefits, unlike reversible pilots, would best await a durability check a year later. Where
possible, trials could add an arm that delivers the same program without Al, as the Chinese trial
did with non-personalized software. This separates the effect of the whole package from the value
that Al adds.

Cost comparisons could include staff time, devices, connectivity, and maintenance, not
only licenses. Ghana’s US$5 per student is a marginal cost, and Nigeria’s US$48 per student
covered a six-week pilot™’. Trials could randomly vary instructional features and measure
students’ attempts, explanations, and revisions to investigate how learning changes. Programs
would also need student-data protection and checks of accuracy and accessibility in local
languages; one student switching Gemini into Krio in Sierra Leone shows possibility, not quality®.

Equity, too, can be designed in. To narrow gaps, programs could start where private
tutoring is scarcest, supply devices and connectivity at school, and begin each student at their own
level.

These suggestions are not specific to Africa. Middle-income systems from South Asia to
Latin America face similar conditions: large learning gaps, few trained tutors, tight budgets, and
rising student use of chatbots. The trials in Tiirkiye and China show that the risks travel, and
Mindspark in India shows that well-designed technology-aided instruction can pay off. Wherever
governments buy Al for schools, the same tests seem sensible: judge whole programs against

realistic alternatives, by what students learn without Al and by who benefits.



West African classrooms suggest that Al-supported programs can raise learning. The next

generation of trials can tell governments which programs are worth paying for, and for whom.
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Table 1. Programs and comparison conditions in four randomized Al tutoring trials

No. Feature Ghana: Rori Nigeria: Microsoft Sierra Leone: Gemini Rural China: adaptive
Copilot software
1 Students and Grades 3-8; 11 schools; First year of senior Grades 7-8; 48 Grades 4-6; 315 classes
length 8 months secondary; 9 schools; 6 classrooms in 12 in 105 schools; 11
weeks schools; 8 weeks weeks
2 Comparison Regular mathematics Usual schooling, Usual mathematics Non-personalized
group instruction without the after-school lessons practice software on the
program same schedule; usual
activities (third arm)

3 Scheduled time Two 30-minute Up to two 90-minute Two of four weekly Two 40-minute school-
sessions a week in after-school sessions a  mathematics periods day sessions a week
existing study-hall week (90 minutes)
periods; class hours
unchanged

4 Adult’s role Technical help; Guides pairs with Leads the lesson: Usually the
students work alone starter prompts; no objective, prompts, mathematics teacher

direct teaching wrap-up supervises; no
instruction

5 Tutor’s response A hint first, then a General-purpose Questions in 76% of Chooses problems to
worked solution chatbot; teachers set the messages; solutions in ~ match estimated

prompts 2% knowledge; hints and
step-by-step guidance

6  Who gained No subgroup estimates ~ Higher achievers; Students with higher No positive subgroup

more better-off students; girls baseline scores effect detected;

(tentative) possibly worse than
non-personalized
software for middle and
top achievers
(exploratory)
7  Cost per student About US$5 (marginal ~ About US$48 for six Not reported Not reported
reported only) weeks (US$9 marginal)

Sources: refs 5,7, 8 and 10, in column order.

Note: All four trials were randomized and tested learning without Al
(effects are in Fig. 1). Only the Chinese trial compared the program with non-personalized software on the same
schedule, and none followed students a year after the program. Recorded use in China averaged 262 minutes with Al
and 183 minutes with non-personalized software over the 11 weeks, against 80 minutes a week scheduled.
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Figure 1. Effects of selected AI-supported learning programs vary across settings and

comparison conditions

Al-supported tutoring programs (pooled)
Poorer countries
Ghana: Rori on WhatsApp, 8 months t
Nigeria: Copilot after schoal, 6 weeks 1
Sierra Leone: Gemini in class, 8 weeks
Turkiye: GPT-4 tutor prompted for hints, 4 sessions
Richer countries
United States: Al physics tutor, 2 lessons f
Germany: course-text tutor, 25 minutes
Italy: GPT-4 homework tutor, 8 weeks }
United States: Khanmigo, per school year
Pooled, all eight
Without the two * trials

Without the two ¥ trials

Unrestricted access (illustrative, not pooled)

Tlrkiye: standard GPT-4 chatbot, 4 sessions

Adaptive software before generative Al (not pooled)
India: Mindspark with teaching assistants, 4.5 months

Rural China: Al practice vs usual activities, 11 weeks

Rural China: Al vs non-personalized software, 11 weeks
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SD [95% CI]

0.36 [-0.05, 0.77]
0.31[0.18, 0.44]
0.26 [0.03, 0.49]
-0.01 [-0.11, 0.08]

0.63[0.25, 1.01]
0.23[0.02, 0.43]
0.25 [-0.24, 0.74]
0.07 [-0.02, 0.15]
0.21 [0.05, 0.36]
0.16 [-0.04, 0.37]
0.17 [0.00, 0.33]

-0.19 [-0.35, -0.04]

0.37 [0.24, 0.50]
-0.04 [-0.09, 0.01]
-0.04 [-0.09, 0.01]

Effect on a test meant to be taken without Al (standard deviations)

-l Poorer country -l Richer country = Not pooled ’ Pooled estimate

1 High risk of bias  + Whether Al was unavailable during testing is not reported

Sources: ref. 9 (Tables A8 and A12), ref. 10 (Table 1) and ref. 13 (Table 2). Note: Squares are estimates with 95%
confidence intervals, in standard deviations of tests meant to be taken without Al. Filled squares are pooled; hollow
squares are shown for context and are not pooled. Diamonds are random-effects estimates from ref. 9, with small-
sample (modified Hartung—Knapp) intervals. Three variances rest on assumptions (Ghana’s clustering, a bound for
US physics and a one-sided P value for Italy); varying Ghana’s clustering gives 0.20 to 0.22. Poorer countries are low-

and middle-income economies.
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