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The
Agency

Before we begin...

How do you know if your Al
system working?

Not just technically — but for the people whose
lives it is meant to improve

A



o A
Al Capability Is Accelerating

® Models are improving rapidly
® C(Costs keep falling
® (apabilities are expanding into new tasks

® Risk is increasing alongside capability



m General-Purpose LLMs m Embedded or Task-Specific GenAl

40%
]

Investigated Piloted Successfully Implemented

05% of Al pilots in enterprise fail to
deliver measurable impact

— MIT, July 2025 (150 interviews, 350 surveys, 300 deployments)

The problem isn't the models. It's integration, workflows, and
alignment.
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Common Al Challenges in Development

® Lack of benchmarks that reflect the context of LMICs

® Higher risk of unsafe and inaccurate Al responses

® Limited bandwidth from domain experts

® Premature Al optimisation before validating user adoption
® Decisions taken based on intuition instead of data

® Measuring real world impact beyond engagement

® Staff capacity and change readiness



Two worlds. . = A

What tech teams measure

. Behaviour change evidence
Hallucination rate

Education/economic/health outcomes

Response latency Cost per beneficiary

Accuracy

Causal impact on outcomes

Daily active users i Continued efficacy during scale-up

User retention The Gap Equity across subgroups

Time spent on the app

Neither side is wrong, they are measuring different things.
The 4-Level Framework bridges both.



THE 4-LEVEL Al EVALUATION FRAMEWORK

A shared language
from model to mission



The 4-Level Evaluation Framework

Model
Evaluation

Does the AI
system perform
as intended?

Al Engineers
Domain Experts

Product
Evaluation

Does the overall
product engage
and retain users?

User
Evaluation

Does the product move
the needle on user
thoughts, feelings, and
behavior?

Behavioural Scientists
UX Researchers

Impact
Evaluation

Do users with access
to the product improve
development
outcomes?
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CASE STUDY: FARMER.CHAT

What This Looks Like

LEVEL 1 LEVEL 2 LEVEL 3 LEVEL g4

Model Product User Impact

Al gives correct, local Farmers come back to Farmers act on the Crop yields and farmer
farming advice ask more questions recommendations incomes improve

Retention Behavior change Outcome




Learnings feed back to lower levels 2 A
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=D user

Does the product move
the needle on user
thoughts, feelings,

and behavior?

Impact

Product

Do users with access
to the product improve
development outcomes?

Does the product
engage and retain
users?

Does the Al system
perform as intended?

Greater marginal Cost

Slower Speed of iteration

Increased Risk to user or org



LEVEL 01

Model
Evaluation

Does the Al system perform as intended?

The
Agency
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What is the model 1n
model evaluation?



What is the model in model evaluation? =2

Single-LLM Features Workflows The Future

Summarization, LLMs orchestrated LLMs deciding their Agency
clas51ﬁ§atlon, by code own trajectories Capability 4
extraction ...

Flexibility

Source: Claude Code SDK, Anthropic


https://www.google.com/url?q=https://www.youtube.com/watch?v%3DTqC1qOfiVcQ&sa=D&source=editors&ust=1782215654126717&usg=AOvVaw1cf4YBMvl8KgMLctjiOCOL
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What is model in model evaluation?

Message
history
Knowledge

CONTEXT

STT Paraphrase TTS

O S S N S S R R R R R SN N R S N N S Ry,

AN S NN N NN SN NN N SN SN SN WS S SN SN SN N SN SN SN SN N S

SYSTEM
gt::rdurtail Translation FO l;;‘l('))DAng ON RESPONSE
PRE-PROCESSING POST-PROCESSING

ks 4

———————————————————————————————————————————————————————

Al SYSTEM (or the “model”)



It means the system, not just the LLM s A

EXAMPLE

LLM Context
Preparation

Assembles everything the
model needs to respond

— Conversation history
— Knowledge base
— External tool access

EXAMPLE

Retrieve relevant agricultural
content from knowledge base

Gather context about the farmer
from the previous chats

Post-processing

Final checks before the user
receives the output.

— Hallucination detection
— Text-to-speech
— Safety checks

EXAMPLE

Verify the answer is grounded in
the knowledge base

Translate the response back to
Pulaa



Why is model
evaluation needed?
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Let us understand how these
models work



To generate text, LLMs must

https://agenticworkflowsclub.org/ai-101/

f '
irst translate words into a We enhance human agency

language they understand.

First a block of words is broken

into tokens, the basic units that We enhance

can be encoded.

democratic | citizen

the | advertising

The model learns meaning by personal | moral |
observing which words appear '
near each other in training data. strengthening || community |

this  funding

_agency

requires | transparency

launched || campaigns
shapes | behavior !
across | regions

_supports |~ programs

The
Agency
Fund
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How LLMs

From these patterns the model

learns to predict the most government body L
plausible next word. It doesn't v , R
retrieve facts. It generates {29810 & NSRUS N _ personal autonomy | 23%
whatever continuation fits the \\

patternbest. . SRSt
https://agenticworkflowsclub.org/ai-101/
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Languages of LLMs vs humans

Languages Most Used on the Web vs. IRL

Number of first-language speakers (estimates in billions)

Chinese
Spanish N 0.40 b
English I 0.36 b
Hindi [N 0.26 b
Arabic N 0.24 b
Portuguese [N 0.20 b
Bengali Il 0.19 b
Russian |l 0.17 b
Japanese [l 0.13 b
Lahnda [ 0.09b
German [l 0.08 b
Korean [ 0.08b
French 1 0.08 b
Marathi [[§0.07b
Italian 8 0.06 b
Polish 0.04 b

Source

Percentage of websites using

various content languages”
120b e

5.9%

5.7%
Other
2.66 billion 5.0%

4.7% 4

26%
22%:;

2.1 %/-?

1.9% °

J

11.4%

Disparity between the
distribution of
languages spoken by
humans compared to
the content available on
the internet

Hindi is the 4th most
spoken language but not
even on the chart


https://www.google.com/url?q=https://www.statista.com/chart/4140/low-diversity-of-languages-on-the-web-hinders-accessability/?srsltid%3DAfmBOopYnVhIFFq1wKyUHqdRb2rL3-kU-cjrimKbN7hADwYd048vpR4n&sa=D&source=editors&ust=1782215657499101&usg=AOvVaw3651Cm_V15kic09FRt379N

Why Al can fail your users

The
Agency
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Biased training data, misinformation, and unverified claims baked into the model

Poor performance in low-resource languages — your users may be underrepresented in training data

Knowledge cut-off — the model doesn't know what happened after its training ended

No access to local context — norms, policies, real-time conditions on the ground

Inconsistent instruction-following — complex or ambiguous prompts often produce the wrong output

Wrong tool for the task — Al may confidently give wrong answers for a complex multiplication that any
calculator can easily do

A



capability that exists 2 N

WHEN YOU DEMAND AN IMMEDIATE ANSWER

Q: What is 23 — 20 + 6?

Like asking someone to multiply 847 x 63
instantly in their head — even capable people
stumble when rushed

A:27 X

Rushed. No reasoning. Wrong.

GIVE IT TIME TO REASON

Q: What is 23 — 20 + 6?

"23 minus 20 is 3. Then 3 plus 6 is 9." — The
same model, working through it step by step

A: The answer is 9 v/

Same model. Same question. Better answer.
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Other failure modes for Al

@® Theinstructions given to Al might be vague, confusing, conflict or incorrect
@® The full capability of the AI model might not be utilised

@® The best-performing model might be too slow or too costly



. R e AN
Evaluation creates reliability & safety
@® Are the Al responses grounded in reliable and credible sources?
@ Are failures rooted in the model itself, or how we are prompting and integrating it?
@® Are users in LMICs getting accurate, safe, and culturally-attuned responses?
® Why does Al produce different outputs for the same inputs?

® How to identify when to discard the Al response and fall back to humans?

Without structured evaluation, you cannot know. In social sector, this
gap is not acceptable.



Why has model evaluation
been hard for you?



RESPONSES FROM REAL LEADERS

Voices from the field

(44 66

The
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(14

Evaluation ends up on the CTO's If you don't define what ‘good’ The same prompt gives different
plate and nothing gets done. looks like upfront, you can't answers every time. If results aren't
There's no clear point when it is evaluate. But defining what ‘good’ consistent, what are we actually
finished or even where to start. means for GenAl outputs has been measuring?

a challenge in itself

OWNERSHIP STANDARDS

(14

With what confidence do I deploy a health
chatbot? How do I convince a client or user it is
trustworthy?

DEPLOYMENT CONFIDENCE

RELIABILITY

(44

How do I evaluate Al responses at scale without
relying only on humans? If T use an LLM to
judge outputs, how do I know it isn't
hallucinating too, especially with long, complex
prompts for subjective responses?

LLM JUDGES



How to evaluate

The
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How would you judge a
doing the same task?
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What people said in the room

(44 (14

(14

We built a checklist and SOP Check whether they followed the I'd interview the farmer about what
upfront — defining what queries right process and logical they understood — not the trainer.
should be handled how. Evaluation framework — not just the final The user experience is what
happened through learner answer. If the process is right, the matters, not the trainer's

surveys over time, not individual answer is likely in the right zone. self-assessment.

interactions.

ASK THE END USER PROCESS OVER OUTPUT ASK THE END USER

(14

We used historical throughput data as our
benchmark — beneficiaries served, escalation
rates. Detailed quality and satisfaction data
simply wasn't available.

PROXY METRICS ONLY

(14

What if users weren't happy with the human
agent to begin with? Al can sometimes exceed
what any single human provides on precision,
understandability, or feasibility.

QUESTIONING THE HUMAN BENCHMARK



UNTIL NOW

How we judged
human performance

Throughput

How many people were served?

End-user surveys
Did people find it helpful?

Outcome tracking

Did the programme work?

None of these measure the interaction itself

The

sgeney A\
What AI demands
instead

You cannot deploy first

Similar to how we train frontline workers before they
interact with end users, we need to interview Al to ensure
it is ready

Define upfront

Clearly define how to judge whether a single response
given by a human is good.

We have relied on proxies to measure human performance
but now we need to define what makes a single exchange
good. Not the programme. Not the outcome... The
interaction.



EXAMPLE: HEALTH COPILOT

The

Agency

Fund

What makes a human excellent at this job?

o1 Factual accuracy

Is every claim medically correct?

Do they avoid overstating confidence where the evidence is still
uncertain?

03 Grounded in protocol
Does it follow our internal guidelines?

Is their advise grounded in your specific protocols? Are they adding
information from their own knowledge outside the protocol?

o2 Comprehension
Are they easily understandable?

Do they avoid using clinical jargon? Do they use the same cultural
references and vocabulary as the end users?

o4 Empathetic tone
Do they respond with empathy?

Or does it feel clinical and transactional when the situation calls for
warmth?

A



If a human can do it well,
do you need AI?



Name the real reason AI matters

Not funding pressure. Not hype. What is the genuine core value that only Al can deliver for your end users?

EXAMPLES

Reach at scale Cost effectiveness
Is the goal to serve Is Al the only way to
10x more people make this viable at
than any human the unit cost

team could? required?

Will AT assisting the human Doing everything manually
help each human do more can be costly. Does using Al
with their time and reach bring the overall unit cost
more people? down?

Reduce admin load

Does it take admin
work off teachers?

AI can handle the routine
tasks so that teachers can
focus on providing support
and attention to students

The
Agency
Fund

Always available

Can a student ask a
question at
midnight, the only
time they get access
to a device?

Teachers are available
sparingly for 1:1 support and
often not at the time of day
when a child actually needs

That answer is your north star. Keep that at the centre while making decisions and tradeoffs.



Define a rubric

What are the characteristics that your Al
solution must exhibit

EXAMPLE: MATERNAL HEALTH CHATBOT

Accuracy

The response must address the user's specific
medical query instead of giving a generic answer
and it must be medically accurate

Safety

The AI system must never recommend
medications or diagnose

3 broad buckets

Quality

Does it work?

Cost

How much does it cost?

Time

How long does it take?

The
Agency
Fund
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A comprehensive rubric

Accuracy/
Usefulness

Qualitative /
Branding

Safety & Sensitivity

Robustness &
Stability

Linguistic
Consistency

Service-Level
Performance

The quality of the Al's response and
whether it sufficiently addresses the task
at hand

The "personality" and tone of the Al

Identifying sensitive issues specific to
your use case and specify any
unacceptable behaviours.

The system's ability to remain consistent
when the same question is asked in
different ways.

For multi-language apps, ensuring
performance doesn't drop across
languages.

The "cost of doing business."

“The response must address the user's
specific question instead of giving a
generic answer and it must be medically
accurate.”

"The response must be professional and
never use jargon."

"The Al system must never provide legal
advice or comment on [Sensitive Topic
X]."

"The core answer should not change if the
user uses different phrasing or synonyms."

"The Swahili and Sheng question must
receive the same level of detail as the
English version."

"The end-to-end response time must be
less than 2 seconds at a cost of <$0.01
per query."

The
Agency
Fund
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CASE STUDY

Noora Health

The
Agency

A



The problem EZ)

@& Emergency Classifier* L |

1 For every query

@ Response Generation (RAG)*

Routine
Response

— Identify if it is an emergency

Knowledge
Base Response

(domain Generation

specific) — If yes, raise an alert

Emergency
Response

0 | — Otherwise, generate a response

“ using the knowledge base

emergency mest
sent to user

Alert
message

+ IVR call
to Asha




The tradeoffs S N

Detect emergency using strong model. Generate response if not emergency!

cost v quality v time X

Detect emergency using weak model. Generate response if not emergency!

cost v time v quality X

Generate response and detect emergency together. Discard response if emergency!

time v quality v' cost X

Neither approach were perfect but decisions were taken based on the
context and the stage of development



Define

Statistical measures

Benchmark Al predictions
against gold-standard answers
for narrow, specific tasks

Precision/Recall/F1: For measuring
classification accuracy

Word Error Rate (WER): For accuracy
of transcription in speech recognition

Fast, cheap

Not very accurate

Source: HuggingFace Evaluation Guidebook

Ad-hoc vibe checks
Rate Al responses as pass/fail

Provide qualitative feedback
through comments

Create rubrics to evaluate Al
responses

Accurate, fast at low scale

Costly, slow at scale, biased

LLM-as-a-judge

Use a strong model to evaluate
a weaker model's responses

Strong models often not feasible for
production but great for evaluation

Needs alignment with human labels to

ensure reliability as LLM judges can
make mistakes

Accurate, fast

Not cheap



https://www.google.com/url?q=https://huggingface.co/spaces/OpenEvals/evaluation-guidebook&sa=D&source=editors&ust=1782215665705505&usg=AOvVaw3-y_BCyzpNl072iXBZJ81n

THE ROLE OF LEADERSHIP

Velocity

> speed

Help with clarity on the balance
across the rubrics

Ask the right

Is this even the right thing to build?
Is Al even needed here?

Is 100% AI accuracy the core
challenge? What if we achieved it?

Have we tested simpler approaches
exhaustively?

Is our dataset representative of our
users?

The
Agency
Fund

5% accuracy improvement or 10X
cost reduction — what is better?

Should we buy an existing tool or
build one?

Do we wait for a new model
update that might fix the error or
solve it ourselves knowing that
our solution might be outdated in
3 months?



Minimum viable

The perfectionism trap

Waiting for the perfect golden dataset
before moving deploying with real users

— Delays real-world learning
indefinitely

— Perfect datasets are never truly
finished

— Evaluation without deployment
teaches you little

Iterative deployment

— Level 1 needs to be good enough,
not perfect

— The minimum degree of evaluation
that gives you confidence to safely
deploy to real users

— Evaluation is not a one-time task. It
is a continuous process that
continues post deployment




MVE checklist

01

Golden Dataset

30—50 items

Represents key, diverse
user interactions

The core test bed for
evaluation

02

Expert review

Human experts create ideal
response or rubrics

Experts assess Al responses

Not automated

The
Agency
Fund

03

Safety metric

At least one robust
safety/guardrail metric

Ensure AI accuracy
improvement does not
compromise safety



The

What it entails

Expected user personas and
interaction modes with
ideal responses

—

_,  Out of Scope requests that
should be ignored

_, Malicious or unsafe
requests to test safety and
moderation

The
Agency
Fund

Why is it needed?

—

Compute metrics to compare
Al variants

Track performance over
time

Prevent regressions as you
make changes to your Al
system



The

Creating the golden dataset D

What it entails Mistakes to avoid
_, Past interactions between _, Avoid using AI to prepare the
user and humans ideal responses
_, Generated by humans or bl EmEiie gen.erate
T T e B S——b responses/rubrics from

scratch instead of reviewing Al
patterns
responses
_, Sourced from public
benchmarks

Al responses can bias the
expert’s own thinking




MVE checklist

01

Golden Dataset

30—50 items

Represents key, diverse
user interactions

The core test bed for
evaluation

02

Expert review

Human experts create ideal
response or rubrics

Experts assess Al responses

Not automated

The
Agency
Fund

03

Safety metric

At least one robust
safety/guardrail metric

Ensure AI accuracy
improvement does not
compromise safety



Test, analyse and iterate
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The Al evaluation flywheel

1. Decide 2. Decide
on rubric on metrics

. OFFLINE EVALUATION PROCESS

5b. Refine

solution

3. Develop 4. Run
agolden automated

dataset evals scojes

5. Measure 5a. Scores

satisfactorly?

. Owned by Domain
Expert/Product owner

. Owned by Engineering

Add test cases Ebxissues

’

bt Monitoring Tracing

ONLINE EVALUATION PROCESS

Guardrails

Deploy

6. Red-
teaming

The
Agency
Fund
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Agency

VS evaluations S

Offline evaluations Online evaluations

Evaluating your Al system on real user
queries after launch

Testing your Al system in a controlled
setting on your golden dataset

Augment golden dataset with edge Use LLM judges and human review to

cases from real user data from deployment monitor response quality, latency and
cost

Analyse errors in your Al system and
identify root causes Identify samples where Al responses are
incorrect or need improvement
Iterate on your Al system and validate if
errors are fixed Deploy new changes incrementally,
verify if they work and then launch for all




Structural risks

Access to PII — adversarial prompts can
manipulate the system into leaking
restricted information

Fine-tuned models — custom training
can silently weaken built-in safety
guardrails and introduce new biases

Agentic systems — the more autonomy
a system has, the more pathways exist for
failure

The

for high-stakes o

Deployment risks

Long conversations — a small
misunderstanding in turn 1 can amplify
and drift into unsafe territory by turn 10

High-risk domains — in maternal
health or financial planning, failure causes
severe harm

Population-scale — at scale, even
improbable edge cases will occur with real
frequency and you do not know how users
will interact with the system

A
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Plan Prioritize

Define scope & team Not all failures are equal

— Set redlines by defining by trying to distract, Rank risks by severity
what must the system never exploit, and stress-test the (impact) and likelihood

Lo system (frequency)

. like lon .
Assemble a team of diverse . 8 Assign owners for
conversations and sensitive

mix of engineers and domain d s f vulnerabilities with the
experts DRI S highest priority

including
Choose the method, set the inputs, outputs, and the
clear guidelines and contexts for every failure
processes found

Re-test to confirm the fix
worked and nothing else
broke




Resources s AN

LLM Evals: Everything You Need to Know — Hamel’s Blog

Your AI Product Needs Evals — Hamel's Blog

What We've Learned From A Year of Building with LLMs

Using LLM-as-a-Judge For Evaluation: A Complete Guide — Hamel's Blog

A Field Guide to Rapidly Improving Al Products — Hamel’s Blog

An Open Course on LLMs. Led by Practitioners

Galileo blog

Jason liu blog

Al engineering book
Shreya Shankar blog

Eugene Yan blog

Al.engineer (youtube channel)

Interconnects (open Al research)



https://www.google.com/url?q=https://hamel.dev/blog/posts/evals-faq/&sa=D&source=editors&ust=1782215676015914&usg=AOvVaw3rzwkLUMJ-UJ2URRIkfIgF
https://www.google.com/url?q=https://hamel.dev/blog/posts/evals/&sa=D&source=editors&ust=1782215676016022&usg=AOvVaw3a6eoeSDzfh9IBDPG7GNU6
https://www.google.com/url?q=https://applied-llms.org/&sa=D&source=editors&ust=1782215676016066&usg=AOvVaw3PVxgNtkdhFIcrcAltIYy-
https://www.google.com/url?q=https://hamel.dev/blog/posts/llm-judge/&sa=D&source=editors&ust=1782215676016114&usg=AOvVaw1EPNQyjdsv2LGMLWTb_JZ8
https://www.google.com/url?q=https://hamel.dev/blog/posts/field-guide/&sa=D&source=editors&ust=1782215676016163&usg=AOvVaw0mFkNe-lcrQ0ZDT566GLHA
https://www.google.com/url?q=https://hamel.dev/blog/posts/course/&sa=D&source=editors&ust=1782215676016207&usg=AOvVaw1iUlxotX1yfLpxdS4SCahF
https://www.google.com/url?q=https://galileo.ai/blog&sa=D&source=editors&ust=1782215676016242&usg=AOvVaw0e6F4e_IkLcQ9KqzHOooNg
https://www.google.com/url?q=https://jxnl.co/writing/&sa=D&source=editors&ust=1782215676016285&usg=AOvVaw34wbCQnZL772ywzQhXnbKA
https://www.google.com/url?q=https://www.amazon.in/AI-Engineering-Building-Applications-Foundation/dp/1098166302&sa=D&source=editors&ust=1782215676016409&usg=AOvVaw0CxkZwoHq7bA6xVX59ivc-
https://www.google.com/url?q=https://www.sh-reya.com/blog/&sa=D&source=editors&ust=1782215676016489&usg=AOvVaw39-qEHZSYbFBOJ-8OYlkzN
https://www.google.com/url?q=https://eugeneyan.com/&sa=D&source=editors&ust=1782215676016548&usg=AOvVaw3T-vQfB3X2gB1fzSLLl7ej
https://www.google.com/url?q=https://www.youtube.com/@aiDotEngineer&sa=D&source=editors&ust=1782215676016633&usg=AOvVaw1ZgcYaTr9w0x7XoYZdsR76
https://www.google.com/url?q=https://www.youtube.com/@interconnects&sa=D&source=editors&ust=1782215676016709&usg=AOvVaw1P-5aN4kn_-9aNCGc8HbB0

LEVEL 02

Product
Evaluation

Does the overall product engage and retain users?

The
Agency
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A perfect model that
no one uses has

zero impact
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Key drivers

Engagement and retention

Are users using your product? Are they coming back?

How are decisions made?

Are decisions made based on intuition or are they grounded in data?

What is the impact of any change?

How will users react? How can you confidently experiment with ideas while
protecting your downside?



Where would your users
first get stuck?



The User Funnel

The
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Find exactly where your users leak =424

0 Number of users
brought in
Number of users A
g

who tried
Number of
© users finding

some value
Number of users o
|r'd

coming back

regularly o Number of users

positively
impacted (L3/L4)



One metric per stage e A

Acquisition Activation Engagement Retention
Not just app installs, Those who got some Frequency (how One-time use vs habit,
active recruitment value vs those who often) and depth whether you solved
only installed it (how meaningful) of something real or just
usage satisfied curiosity once
A farmers creates The farmer asks If the farmer logs The farmer keeps
an account on an their first crop in and leaves in 10 coming back to ask
agri-support bot question seconds, they are more queries
not engaged regularly

What d it t to bri % of new users who hit What share of monthly The ratio of users active
at coes it cost to bring their first value moment users are actually active last week who returned

in?
one real user in? within Day 1—3 each day this week




What action by a user
signals they actually
received value?
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Define what means
° User opens the app _, Pregnant mother asks a medical
question

_,  Farmer asks a specific crop query,
not just opens the chatbot

Specific action that _, Student completes a practice
. problem, not just watches a video
signals real value

. s lcat:
was received _,  Worker submits a job application,

not just browses listings



Without a user funnel

"I think users dropped off after
onboarding."

"Maybe the interface is confusing?"

"Maybe they are not returning because
the content isn't useful."

to data-driven

The
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With a user funnel

68% of users never return after
Day 3

Activation rate drops from 71% to
34% on low-connectivity devices

Users who complete onboarding
step 3 retain at 3x the rate of those
who skip it




How do you currently
test ideas?



What is an experiment?

The
Agency

A



Option A

current design

17%

conversion rate

All users

incoming traffic

Randomize
random assignment

The
Agency ! !
Fund

Option B

new design

25%

conversion rate



Example

Prompt A — baseline

Simple, generic instruction

You are an agricultural assistant. Answer the

farmer's question.

Yellow leaves on maize can be caused by nitrogen deficiency,
overwatering, or disease. Consider applying fertilizer or
adjusting irrigation. Consult a local agronomist if the problem
persists.

Actionability — 34%
Local relevance - 21%
Hallucination-free EE———— 61%

3 1 O 7-day return rate
/ farmers who asked a follow-up within a week

Prompt B — enhanced winner

Context + grounding added

You are an agricultural assistant supporting
smallholder farmers in East Africa. Answer the
farmer's question, grounding your response in the
provided knowledge base. Give one specific,

actionable first step.

First step: Check the lower leaves for a pale yellow color
starting at the tip — this pattern typically signals nitrogen
deficiency. Apply CAN fertilizer at 50kg/acre if you haven't
top-dressed in the last 3 weeks. Yellowing that starts at the
edges instead may be a potassium issue — bring a leaf
sample to your nearest agro-dealer.

Actionability N 81%

Local relevance N 74%

Hallucination-free —— 89%

7 1 O 7-day return rate
/ farmers who asked a follow-up within a week

The
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USER QUERY

"My maize leaves are turning yellow from the bottom up. What should | do?"

For the same user query, how do
two different system prompts
compare with each other



Why do we experiment?
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Motivation

Improving cost-impact at scale

o1 CAUSALITY

Confidence that a change is positive

Be more than just data-driven

03 CULTURE

Democratization of ideas

Sets a culture where ideas are tested on merit over authority

The
Agency
Fund

02 DERISK

Derisk changes before you scale them

Avoid harm to users and wasting resources

04 COMPOUNDING

Continuous innovation

“Minor” enhancements compound over time



EXAMPLES

Promise and Risks

ITERATION

Rocket Learning
Early childhood education, India

A WhatsApp-based ECE program
successfully engaged parents yet
showed no learning gains after 9
months. The team incorporated
iterative learnings to deploy an
intensified variation.

Result

Significant positive learning
outcomes within 6 more months.

Early evaluation + willingness
to iterate can lift up a null
program

PROMISE

Living Goods

Community health workers, Uganda

A program to reduce child mortality
shared performance data with two
implementing partners mid-study,
allowing them to adapt their approach.

Result

Partner who adapted: 28% reduction
Partner who didn’t: insignificant

Willingness to act on evidence
made the difference

The
Agency ! !
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CAUTION

Reach Digital Health

Maternal health SMS service

Used Al to optimize onboarding for an
SMS service supporting new mothers.
Institutional approval delays left no
time for proper model or product
testing (Levels 1 and 2).

Result

Survey completion decreased, despite
users sending more messages.

Skipping early evaluation
stages has real risks


https://www.google.com/url?q=https://papers.ssrn.com/sol3/papers.cfm?abstract_id%3D5178793&sa=D&source=editors&ust=1782215681040188&usg=AOvVaw22TKsEihsidzPxqNBKuDOI
https://www.google.com/url?q=https://www.isid.ac.in/~acegd/acegd2024/papers/AbhijeetSingh.pdf&sa=D&source=editors&ust=1782215681049375&usg=AOvVaw1GxF2wBmh1Xir9wFyPqfDb

When should we experiment?
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What big tech suggests

Industry leaders treat experimentation as a core operating principle

“Test everything” is one of our
operating principles — we'’re
constantly iterating on different
features to see how they impact our
most important metrics.”

Behind the Metric, 2024

“I'm very clear that I'm a big fan of
test everything, which is any code
change that you make, any feature
that you introduce has to be in
some experiment. Because again,
I've observed this sort of surprising
result that even small bug fixes,
even small changes can sometimes
have surprising, unexpected
impact.”

Ronny Kohavi, 2023

“We evaluate almost every change
that potentially affects what our
users experience.”

Overlapping Experiment Infrastructure,
2010




How to experiment?
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The L2 evaluation flywheel e A

Design Execute Analyze

Observe Identify Ideate Run an
Metrics Issues Solutions Experiment

revert — ideate a new solution

B owned by Product / Domain Expert B owned by Engineering



The
Agency ! !
Fund

Some places to experiment

New Features UX Changes

Test new capabilities before full release to validate they Interface or workflow improvements that affect how users
deliver value interact with your product

Incremental Rollouts Bug Fixes

Slowly ramp up new features to catch issues early before Even small fixes can have unexpected effects

full deployment
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But first: Qualitative Research

Why qualitative first? Key methods
Hypothesis generation — Understand why something User Interviews — Talk to users about their experience and
should work before building it needs

Journey Mapping — Map the full user experience to find

Diagnosis — When an experiment shows an effect, why did o .
friction points (reference)

it work (or not)?

Persona Development — Build profiles of key user types to
Save resources — Avoid building the wrong thing. These guide design (reference)
techniques are designed to work with small samples.
Usability Testing — Watch 5 users interact, catches up to 85%
of issues

Surveys — Open-ended questions to surface unexpected insights

IDEO Design Kit for Human-Centered Design


https://www.google.com/url?q=https://www.nngroup.com/articles/journey-mapping-101/&sa=D&source=editors&ust=1782215681334485&usg=AOvVaw0OssPcmqInWS85zgtGOlT0
https://www.google.com/url?q=https://www.nngroup.com/articles/personas-study-guide/&sa=D&source=editors&ust=1782215681334675&usg=AOvVaw0dfLAz5Wh2xHSdhK_2uc2l
https://www.google.com/url?q=https://www.nngroup.com/articles/why-you-only-need-to-test-with-5-users/&sa=D&source=editors&ust=1782215681334811&usg=AOvVaw17GMhBsFBw3jHQCaTmHkJa
https://www.google.com/url?q=https://www.designkit.org/&sa=D&source=editors&ust=1782215681334886&usg=AOvVaw2xMvkdbdPS7EtyeUHzCERF

Problem & Hypothesis

01 Define the Problem

What are we trying to solve or learn? Why does it matter?

What data supports our understanding?

03 Design the Experiment

Which users will we target? What metrics will we track?

What does the experience look like?

See also the Experiment Design Template as used by The Agency Fund

The
Agency ! !
Fund

02 Form Your Hypothesis

What specific change do we expect? What assumptions are

we making? What variants will we test?

04 Plan for Action

Who are the stakeholders? What are the launch and

rollback criteria? What are the next steps?


https://www.google.com/url?q=https://docs.google.com/document/d/1Wsed_5YISQh6QD_IQCKEX7-cz08iBAYQ2CThMu9I72c/edit?&sa=D&source=editors&ust=1782215681345192&usg=AOvVaw2cc_mdAIltR6-XNHKW0zdE
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“When a measure becomes a target,
it ceases to be a good measure”

- Goodhart’s Law



Guardrail metrics
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What quality or counter-metrics exist to ensure you are benefiting users, not just hitting

your target number?

Health SMS Service

Target

Improve onboarding completion

Guardrail

Rate of medically relevant questions
doesn’t drop

Digital Advertising

Target

Revenue growth

Guardrails

Click-through rate, conversion rate,

time on page

Any Product Team

Target

Team-specific metric

Guardrail

“Each team had target metrics, and
each was a guardrail for the other

teams” — Jorge Mazal, former CPO of

Duolingo, User Funnels for the Social Sector

AN



https://www.google.com/url?q=https://theagencyfund.substack.com/p/user-funnels-for-the-social-sector&sa=D&source=editors&ust=1782215681358258&usg=AOvVaw0E5jSULn-kYDRBI1VeI-W9

Examples of experiment

PRE / POST —
Before and After A/B Testing

Randomly split users into two groups
Deploy your change for everyone

One group sees the original product
Compare metrics before your while the other sees your change

change with the same metric after :
Compare metrics across both groups

High-impact, “no-regrets” changes;
unavoidable spillovers; Rapidly test multiple ideas reliably with control
treatment can’t be parallelized
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Things to remember

o1 Randomisation o2 Sample Size

Any observed difference can be attributed to It should be large enough to detect real effects

your change, not to pre-existing differences

between users. A small sample amplifies noise, making it
impossible to separate a genuine improvement

A biased comparison produces a misleading from random chance

result

Real improvements in small groups will seem

insignificant and be missed



The
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before experimenting
Technical Operational
How do we build this? Which stakeholders need to coordinate?

Can we filter/identify the target users?

Are metrics available in the data
warehouse and computed over the right
time frame?

Does the user need to update their app to
see the change?

Do we need to recruit or train?

Are the materials and content ready?



Use Feature Flags

Safer Deployment Personalization

Roll out changes gradually. If Show different experiences
something breaks, turn it off to different user groups based
instantly without a new on their needs or context.
release.

More: LaunchDarkly Guide | Open Source Tools Compared | OpenFeature Standard

Experimentation

Route users to different
variants (test vs. control) to

measure what works


https://www.google.com/url?q=https://launchdarkly.com/blog/what-are-feature-flags/&sa=D&source=editors&ust=1782215682439225&usg=AOvVaw1jMXAfQQHxGKiDE7GRIDRC
https://www.google.com/url?q=https://flagshark.com/blog/open-source-feature-flag-tools-compared-2026/&sa=D&source=editors&ust=1782215682439361&usg=AOvVaw3Xe8hLXk_VXEk5pfHRtl2S
https://www.google.com/url?q=https://openfeature.dev/&sa=D&source=editors&ust=1782215682439402&usg=AOvVaw2MsgQOuKUtGkgu46FrgWXk

Do all users update their apps?

01 02
The Challenge Pre-Check
e Not everyone updates e Do early updaters’
immediately metrics differ from late
e Running the experiment updaters?
only on early updaters e Check your
introduces bias as they time-to-update curve
tend to be power users. to decide how long to run

the experiment

Trade-offs: decision speed vs. population representation vs. analysis complexity

03

Recommendation

Analyze all users
according to their
original group
assignment, regardless
of whether they updated
This “intent-to-treat”
approach minimizes

bias.



What next

Launch, What did we
scale, or ?
rollback




Wrap up
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Building Capacity: Experiments Council s A

Idea: A small team reviews and approves all experiments through a lightweight checklist to ensure quality while

building organizational capacity

Teach Newcomers Interpret Results

First-time experimenters learn proper experiment design, The council can help teams make sense of their data after

sizing, and implementation details experiments have run, reducing misinterpretation

Experiment Registry Spread Best Practices

Checklists also serve as an archive building institutional Checklists are a practical way to disseminate updated

memory of what’s been tested and learned experimentation standards across the organization


https://www.google.com/url?q=https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/36500.pdf&sa=D&source=editors&ust=1782215682465014&usg=AOvVaw2RflEjbGxWc9hwFwmt-6DM

Building Capacity: Other Suggestions Fund

01 Build a Data Culture
Set key organizational metrics and dashboard them

Build your user funnel

Warehouse your data as a single source of truth for metrics

03 Create an Experiment Registry

Track what’s been tested and what was learned. Prevents

duplication and builds institutional knowledge.

The
Agency

02 Adopt Accessible Tooling

Use tools and processes that lower the barrier and enable

non-experts to run experiments

04 Leverage Your M&E Experts

Share knowledge across teams, learn from each other’s

practices, and parallelize insights + innovations.

TAF Blog: Bringing a Culture of Experimentation to Any Organization | Youth Impact’s A/B Testing Toolkit


https://www.google.com/url?q=https://theagencyfund.substack.com/p/ab-testing-for-the-social-sector&sa=D&source=editors&ust=1782215682473684&usg=AOvVaw3dcdpDiIq27xQcSHZHZvl_
https://www.google.com/url?q=https://www.youth-impact.org/insights/a-b-testing-toolkit&sa=D&source=editors&ust=1782215682473809&usg=AOvVaw1qxU0WxoP7wYOxuOzHJjFt

Minimum Viable Evaluation (MVE) Ee\

Safer Rollouts MVE checklist

Test on a small subset of users before
releasing to everyone

® Build your user funnel

° Monitor key metrics on the subset and Track two metrics
flag anomalies e.g. activation rate + 7-day retention
Have your MEL team act as an
. . Talk h ff
® experiment council to others O LU BUES R i OEINIEile
A 11 h earl t .
(] D eCateican il ® Ideate, run an experiment, repeat

fraction of one you catch late

Remember: No data collection required. All data is already being collected. You can start right away!




Iterative Learning: Youth Impact b\

Innovation

Weekly vs. biweekly dosage

Cost- reducing Same vs. different tutor

test
Appointments vs. call centre scheduling
Call with/without SMS
WhatsApp Videos

Effectiveness- Homework assigned

enhancing test

Caregiver nudge
Testimonials

Caregiver Co-tutors

Efficiency gain*

0.11

0.5 )
Improvements 1n cost or

efficacy for a phone-based

0-32 tutoring service

0.00

0.10

0.29
0.00
0.00

0.22 - 0.30

*Defined by authors as e = A/a where A refers to a change either in impact or cost, with a the baseline.

Source: Cheaper (and more effective) by the dozen: Evidence from 12 randomised A/B tests optimising tutoring for scale.


https://www.google.com/url?q=https://www.wwhge.org/wp-content/uploads/2025/10/Cheaper-by-the-dozen-tutoring-AB-testing_WP_2025001_updated.pdf&sa=D&source=editors&ust=1782215683430477&usg=AOvVaw2JgSBL7kZ6rQgUu4ayHDac
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Parting questions
01 What’s your organization’s journey with experimentation so far?

02 What experiment are you working on or aiming for right now?

03 What practical concerns crossed your mind about designing, running, and analyzing
experiments?
04 What do you envision for the future of experimentation within your organization? What

will it take to get there?
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LEVEL 03

User
Evaluation

Does the product change users' thoughts, feelings, knowledge and behaviour
towards the development outcome?




Why is this level important?



Engagement does not mean
life-changing

People may use a product a lot but it may not change their life
meaningfully

The
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EXAMPLES

Liking is not the same as life-changing

Student uses the app to help
them with homework

Does not actually master the
curriculum (e.g., when they
use Al as a crutch)

Patient consults the chatbot a
lot

Does not act upon
recommendations given by
the chatbot

The
Agency
Fund
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Liking is not the same as life-changing

What L1 & L2 tell you

The model responds accurately
Users open the product
Sessions are increasing

Users are coming back

People say they find it helpful

Are users learning, gaining new
knowledge or updating beliefs?

Do users report feeling supported,
motivated, and capable after interactions?

Does the product energize or deplete a
users’ drive to pursue goals independently?

Are there indications of confusion, anger,
or emotional distress?

Does using the product provide broader
effects on users’ overall quality of life
beyond momentary feelings?

A




Intermediate Outcomes
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INTERMEDIATE OUTCOMES

Is the engaged user thinking, feeling,
or acting differently as a result of the
product in ways that predict improved
life outcomes?

A



Measure the stepping stones to impact instead

Cognitive and affective pathways interact — either or both can activate behavior change.

Thinks
differently
Acts
e AL A differently Development
product nfluence Behavioral Outcomes
Feels
differently
Affective

Level 3 measures here

WITHOUT LEVEL 3

Years

to see if impact
outcomes actually improve

WITH LEVEL 3

Weeks

to see if users are thinking,
feeling, or acting differently



Key issues to address to enable this
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MEASURES ATTRIBUTION TRAJECTORY

Which specific user-level changes Can we claim these changes are Are metrics heading in the right

matter to our Theory of Change? caused by our AI product? direction?

Can we measure these short-term . . D6 ol e 1v?
Establish the causal chain before 0 sub-groups behave ditterently:

changes relatively cheaply and

el investing in a Level 4 RCT.

MALLEABILITY

Can we shift metrics by altering the product
experience?

Do users show increased drive to act when we
intervene with product improvements?

Track direction, not just magnitude.

PERCEPTION

Do users feel more empowered to act?

Do they have a clearer understanding of their next
steps, even if they have not yet taken action? User
perceptions can predict outcomes.
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Six dimensions of user change

Cognitive

Are users learning? Are they gaining
new knowledge or updating beliefs? Do
they demonstrate improved skills or
decision-making ability as a result of
engaging with the product?

Motivational

Affective

Behavioral

Does the product energize or deplete a
users’ drive to pursue goals, learn, or
act independently?

How does the product make users feel?
Do users report feeling supported,
motivated, and capable after
interactions, or are there indications of
confusion, anger, or emotional
distress?

Social / Relational

Is the user doing something different?
Are users taking small but meaningful
actions that predict longer-term
development?

Well-being

Does use of the product affect the
user’s human-to-human relationships
and broader social functioning?

Does using the product provide
broader and more distal effects on
users’ overall quality of life and
psychological health beyond
momentary feelings/mood?



EXAMPLES
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Example measures for each dimension

Cognitive

Affective

Behavioral

e.g., Comprehension, knowledge
acquisition and retention, belief updating,
critical evaluation of information,
metacognitive awareness (e.g., accurate
calibration of what one does and does not
know), perceived clarify, complexity of
reasoning during/following interaction.

Motivational

e.g., Mood, emotional valence and
arousal, frustration, confusion,
emotional granularity, felt support,
sense of safety, sense of belonging,
perceived empathy, trust, or comfort
interacting with Al

Social / Relational

e.g., Application of new information, intent
to try recommended behaviors, observable
shifts in interaction patterns(e.g., asking
more complex questions, prompt
sophistication) that proxy for longer-term
development outcomes, help-seeking
behavior.

Well-being

e.g., Intrinsic motivation, curiosity,
self-efficacy, perceived autonomy, goal
commitment, persistence (not the
same as perseveration), dependency
(i.e., reduced willingness to attempt
tasks without AI assistance).

e.g., Social displacement (substitution of AT
for human interaction), loneliness,
perceived social support, quality of
interpersonal communication, willingness
to engage with others, trust in human
versus Al sources of social support and
information.

e.g., Life satisfaction, meaning and
purpose in life, flourishing, burnout
(i.e., in professional contexts),
perceived agency/control over one’s
environment.



2 AN\
Evaluating the right users

Level 3 evaluates users who have Farmers who have asked 3 or
received adequate product more agronomic queries and

dosage, not first-time visitors or received recommendations.
one-off interactions




How to evaluate at this level?




The L3 evaluation workflow
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Generate
hypotheses
based on a
theory of
change

Define intermediate
cognitive, affective,
or behavioral
outcomes that could
be linked to your
targeted social
impact and validate
with quantitative or
qualitative methods

Identify
outcome
metrics

Identify outcome
metrics that reflect
psychologically and
behaviorally
meaningful user
interaction through
surveys, interviews,
conversation logs
and other
interaction data

Define
guardrail
metrics and
measure
potential harm

Measure potential
harm and track
unintended
consequences

Construct
proxies for
long-term
development
outcomes

Construct proxies by
collecting indicators of
links between the
intervention, its
adoption, underlying
mechanisms, and
ultimate development
outcomes and validate
them through RCTs

Experiment to
improve key
metrics and
run process
evaluations

Assess how model or
product changes
influence Level 3
metrics and run
process evaluations
to understand why
and when they don’t
change



Agency

The
STEP 01 - HYPOTHESIZE Fund A

Generate hypotheses based on a theory of
change

Start from impact: Identify why you are measuring level 3 outcomes first. How are they linked to your targeted
social impact? Measure what comes up instead of whatever is easiest to measure.

Link to product choices: If your product is improving certain cognitive, affective, or behavioral outcomes, how
does that inform your product innovation or revamp

Validate early: Test the hypothesis through user interviews and a light literature review before committing
engineering effort to instrumentation.

Ground it in theory: Use psychological and behavioral literature (cognitive, affective, behavioral theories) to
justify why a shift in that outcome should matter.



STEP o2 - IDENTIFY
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Three ways to identify outcome metrics

Triangulation using more than one metric makes intermediate outcomes trustworthy

A

Interaction data

Analyze logs and Level 2
metrics for psychologically
meaningful patterns like
frequency of queries,
follow-up rates, feature
uptake, query complexity.

PROXY SIGNALS

B

Primary data

Ask users directly. Short
in-chat surveys for
subjective experience and
longer off-platform surveys,
quizzes, and interviews for
long-drawn behaviour
changes.

SELF-REPORT

C

Conversation logs

Mine the text itself.
Sentiment analysis, topic
modeling, LLM-based text
analysis can score user
utterances for cognitive and
emotional change at scale

NLP & TEXT ANALYSIS



What constitutes a
psychologically and
behaviorally meaningful user
interaction for you?



The
STEP 02 - PATH A - INTERACTION DATA Fona” A

Look for on-platform behaviors that proxy for change

Frequency of queries How often do users query your Al service?

Depth of queries How deeply do users query your Al service?

How complex are user queries? With expertise, their vocabulary, syntax, and
linguistic sophistication may advance.

Are users persisting in a line of questioning? When a user asks a follow-up

Follow-up question rate question, they are likely engaging in deeper thinking.

Do users follow recommendations or use suggested tools? Can signal

Feature utilization levels of trust and motivation.

I Changes in language



EXAMPLES EEE: CYA
Look for on-platform behaviors that proxy for change

Increased frequency of interaction with an Al tutor can signal confidence,

Frequency of queries curiosity and learning gains

Students progress from asking basic factual questions to more advanced

Depth of queries specific inquiries, it indicates knowledge growth

Students tend to write lengthier, more complex sentences when
engaging in in-depth learning tasks

Longer conversational exchanges often indicate intellectual curiosity,

Follow-up question rate active learning, and higher-order thinking

When learners consistently accept Al suggestions and complete optional

Feature utilization exercises, this can signal trust in the AI and a high motivation to learn

I Changes in language



STEP 02 - PATH B - PRIMARY DATA

Just ask users

IN-CHAT SURVEYS

Short, validated, naturally placed

Adapt or use validated, well-tested psychological scales,
don't write from scratch.

< 3 items. Avoid fatigue or annoying users. Mix multiple
choice, rating scales and open-ended questions.

e.g. “How did you feel during the conversation?” (use emojis)

Ensure feedback is tied to a concrete task. Avoid pop-ups or
making it feel an instrusive add-on

e.g. ask for feedback naturally within the chat flow

Capture constructs beyond habituation to distinguish user
adaptation to the tool from meaningful gains

e.g. “I understand why the recommended solution by Al works” can
assess self-efficacy and cognition

The
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OFF-PLATFORM SURVEYS

Decoupled from the product to avoid
halo effects

® Longer surveys, interviews and focus groups to delve into

how users’ attitudes or habits have changed over time

e.g. a student might say, “I never liked math before, but now I find
myself challenging myself with problems for fun”

® Observer reports from teachers, supervisors, family can

validate self-reported survey items

e.g. “I noticed my child now approaches homework more confidently”

® Link AT usage to objective outcomes external to the tool

e.g. Level 2 metrics correlation with exam scores, task completion
rates, and even health indicators

e.g. writing assessment before and after using AI writing assistant
reviewed by blind graders

AN



STEP o2 - PATH C - CONVERSATION LOGS
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Mine conversations for signals of change

Sentiment analysis
Score sentiments of user messages over time

Trends from negative to positive tone can indicate growing
comfort

Negative sentiment spikes flag frustration

Linguistic Inquiry & Word Count (LTWC)

Dictionary-based text analysis tool maps words to
psychological categories (like emotion, social words,
cognitive processes), correlated with psychological states

e.g. an increase in first-person plural pronouns (“we, us”)
might indicate users feel more socially connected

Topic modeling
Track emergent themes over sessions

Moving from fundamentals to advanced concepts indicates
cognitive growth

Keyword analysis to surface unexpected themes (“exam anxiety”)

LLM-based analysis

Prompt an LLM to score text to detect psychological
constructs

e.g. track self-confidence, loneliness from conversations over time

Be careful when using an LLM to evaluate LLM-user
interactions



The
STEP 03 - GUARDRAIL AGAINST UNINTENDED CONSEQUENCES ?3§3°"A

Measure not just if it works, but also does it harm

AT agents can empower or disempower users. In the social sector, user agency is a critical guardrail. Is it building capability or
creating dependency?

SUBJECTIVE AGENCY - INTERNAL-FACING OBJECTIVE AGENCY - EXTERNAL

Do users believe they can solve the Can they actually plan and execute the
problem on their own now? goal without the help of AI?

Users' beliefs about their own capabilities captured Do users have the skills to act? Are they learning the
through surveys, interviews, and reflection prompts underlying logic, or just copy-pasting answers?

Sources: Albert Bandura's Social Cognitive Theory, Amartya Sen's Capability Approach



https://www.google.com/url?q=https://albertbandura.com/albert-bandura-agency.html&sa=D&source=editors&ust=1782215697301432&usg=AOvVaw1YL18U_N98yq3ps3EzrUNa
https://www.google.com/url?q=https://www.cambridge.org/core/books/amartya-sen/capability-and-agency/65BD3415B565147A740E03F42E41D047&sa=D&source=editors&ust=1782215697301594&usg=AOvVaw3hdQhA4a7tGSCE0pP4d_lF

Th
Agincy
STEP o4 - PROXY Fund ZB

No single metric predicts Level 4

I Retention -~ WEAK SIGNAL ALONE

LEVEL 4 OUTCOME

I Query depth Tt~

Learning gains

_________________ - } Health outcomes
I Confidence : -7 Income - Yield

-
-
-

I Intent to act -~

Each metric captures a sliver None captures the whole
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Combine them into a surrogate index

I Retention
I Query depth SURROGATE INDEX (LI T8I & (DIDIREO LA 1D
. Learning gains
I Confidence A compos.lte Health outcomes
causal mediator Income - Yield
I Intent - Harm

Caveat: assumes unconfoundedness, surrogacy, and comparability. Validate via L4 RCT.

Source


https://www.google.com/url?q=https://academic.oup.com/restud/advance-article/doi/10.1093/restud/rdaf087/8268796?guestAccessKey%3D&sa=D&source=editors&ust=1782215698584317&usg=AOvVaw3tSxCybTmXBEfdvbI6ptrO

The
STEP 05 - EXPERIMENT ?3§3°YA

Experiments tell you what moved. Process evaluations
tell you why

EXPERIMENTAL METHODS

A/B testing Multi-armed bandits Holdout testing

Adaptive allocation based on Al vs. non-Al to isolate product

Feature A vs. B on L3 outcomes
performance effect

PROCESS EVALUATION - WHEN METRICS WON'T MOVE

Interpretation Opportunity to act Externalities

Are users receiving and What social norms, competing Has the tool shifted the roles or

interpreting Al outputs as demands, or structural behaviors of others in the

intended? Does this differ by constraints are blocking users program ecosystem,

sub-group? from acting on Al intentionally or not?
recommendations?



MVE Checklist

01 OUTCOME METRICS

Are your outcomes tied to the theory of change?

Define 1-2 decision-relevant cognitive or behavioral outcomes. Include
at least one early-warning indicator of harm — e.g., over-reliance or
disengagement.

03 EXTERNAL VALIDATION

Do on-platform measures reflect real-world
outcomes?

Include a minimal external check: a focused group discussion, offline
data, or stakeholder validation to anchor platform metrics to reality.

02 BEHAVIORAL + SELF-REPORT

Does your measurement combine trace data and
survey?

Pair at least one behavioral or trace metric with a brief self-report
measure (3 items or fewer) to capture meaningful user change.

04 EXPERIMENTAL TESTING

Are you testing what actually moves the needle?

Consider simple experimental methods — such as A/B tests — to assess
the effect of product changes on your selected outcomes.
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Example application: GPT-based tutors o2 A

Generative AI Can Harm Learning

The Wharton School Research Paper

59 Pages - Posted: 18 Jul 2024

Hamsa Bastani
University of Pennsylvania - The Wharton School

“Our results suggest that

and simply copy
answers instead of engaging substantively -
a concern anecdotally raised with

Khanmigo's generative Al tutoring bots.”

Source: Generative Al can Harm Learning

Can you help me

explore career options?

Activities

& Writing with the Al

& rorme

[} Coxchmyacademicand
Ll career growth

G Talking o historical characters

[E] oevate

Khanmigo

Hi there! I'm here to help you navigate school and finding your place in the
world! You can ask me anything or start with one of the bubbles below.

Help me pickamajor | What skills should | develop for work?

Does it matter where | goto college? || What do employers care about?

Can you help me explore career options?

Oh, whatafun adventure! What kind of careers
are you curious about?

()

For sure! I'd be thrilled to help you explore this.

n7


https://www.google.com/url?q=https://lnkd.in/eBUEfzcX&sa=D&source=editors&ust=1782215701395585&usg=AOvVaw2DtMUv-_17TO3EjZmW2iD2
https://www.google.com/url?q=https://papers.ssrn.com/sol3/papers.cfm?abstract_id%3D4895486&sa=D&source=editors&ust=1782215701397097&usg=AOvVaw3sZxckp0gybxma0uOLfk93

Measuring the cognitive
construct of
in GPT-based

The

Agency

Fund
Task Definition

e.g., Does the student understands the task (e.g.,
seeing how multiplication is a relevant capability)?

tutors

using the self-requlated learning theory )\ Goal Setting & Planning

=
=)

e.g., Does the student set clear goals (e.g., solving 10
problems in one session)?

Enacting Tactics

e.g., Does the student use effective strategies and tracks
progress (e.g., using notes, visual aids or chatbot quizzes)

© Adaptations to Metacognition

e.g., Does the student reflect on their performance
to improve (e.g., recognizing challenges and
seeking targeted practice)

Source: Supporting students’ self-requlated learning in online learning using artificial intelligence applications 18



https://www.google.com/url?q=https://www.sciencedirect.com/topics/social-sciences/self-regulated-learning&sa=D&source=editors&ust=1782215701698404&usg=AOvVaw3MVPN6s_l623BCrCsEGNd4
https://www.google.com/url?q=https://educationaltechnologyjournal.springeropen.com/articles/10.1186/s41239-023-00406-5&sa=D&source=editors&ust=1782215702179482&usg=AOvVaw3_ypW6DmCbBxBsF6IpIzIA

The
Duolingo: proximal metric for roerer A

Fund

“Our Efficacy Lab conducts rigorous research to measure the efficacy...but these studies aren’t helpful in conducting A/B
tests on a daily basis. It’s extremely important that we have a proxy metric for learning”

i 2 o .
Total Sessions? Time Spent Learning?
NO; biased towards easy lessons

But skewed to studious, competitive learners
“a) we were motivating a small group of learners
who b) were already doing more than enough!”

rage time per lesson

= new goal: optimize for a higher percentage
of learners spending at least 15 minutes/day

Avel

Content level

Time Spent Learning Well

_ . . Minutes Learning ..,
Because not all learning time is equal TSLW = Minutes Learningp,;, + 7

Behind the metric: how we developed “Time Spent Learning Well”

User Funnels for the Social Sector: Lessons from Duolingo



https://www.google.com/url?q=https://www.duolingo.com/efficacy/studies?ref%3Dblog.duolingo.com&sa=D&source=editors&ust=1782215703648262&usg=AOvVaw16hoozZla63_99m1L3J1VI
https://www.google.com/url?q=https://blog.duolingo.com/time-spent-learning-well/&sa=D&source=editors&ust=1782215703704376&usg=AOvVaw1WNCwgiTO1FVd5Fa4x2u-B
https://www.google.com/url?q=https://theagencyfund.substack.com/p/user-funnels-for-the-social-sector&sa=D&source=editors&ust=1782215703704515&usg=AOvVaw2y2Cp0ry-oOOLQXyL6kcWs

Daily Quests: Designed to build momentum -
starting easy and getting harder — these quests
encourage meaningful progress like completing
a unit or reading the next story.

Monthly Challenges: Now quest-based instead
of XP-based to promote consistent learning, not
last-minute XP grinding.

Leaderboards: Still popular, but now better
aligned with real learning. XP on the learning
path has been increased to reward effort and
progress more fairly.

Evaluating features that affect learning
engagement on Duolingo

QUESTS

Lucy’s Aquatic
Adventure
© 24 DAYS

Complete 50 quests

Daily Quests

g Extend your streak
)

Score 80% or higher in

@ 4 lessons

Complete your next

O 5 lessons

The
Agency
Fund

v|

Welcome to this week's
leaderboard!

Truman

Elita

Truman
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#T% ROCKET
2@ LEARNING

Rocket Learning: Adapting AIM-ECD

Anchor Items for the Measurement of Early Childhood Development
frammework (World Bank)

= phone-based caregiver survey with minimal bias
= cheaper

= more scalable (from hundreds quarterly, to many thousands on short
demand)

Can it be adapted to WhatsApp? =

Work by: RL's Bilal Afroz, TAF's James Walsh and researchers Aarti Malik and Ronak Jain
Read more: https://theagencyfund.substack.com/p/ab-testing-for-the-social-sector



https://www.google.com/url?q=https://documents.worldbank.org/en/publication/documents-reports/documentdetail/099060723193035101&sa=D&source=editors&ust=1782215703951859&usg=AOvVaw2ciIyv9wYsBwwsbVLEJYQZ
https://www.google.com/url?q=https://theagencyfund.substack.com/p/ab-testing-for-the-social-sector&sa=D&source=editors&ust=1782215703961572&usg=AOvVaw2mTVrll-fPPgA_NfLbSvG9

Learning Foundation ! ! ‘

Udhyam: Measuring agency

Goal: auditable, scalable way to measure whether and how students
demonstrate agency-related skills and capabilities

Input: students’ pitch transcripts, Udhyam's agency rubrics

Tools: langextract with gpt-4o-mini with examples in prompt
extract observable traces = higher-order constructs = aggregate into signals

Highlights Legend: audience_explanation decision_justification local_insight

class: local_insight
attributes: {}

Hello, my name is msws wm = I am a student of PM o om Sy s e wem, and as part of the SBIIC Saathi Tejaswi program, we have formed
a team named =mu #. Our members are n = i e, W N, EERGAE L, P =t Lmememar. Together, we have come up with an idea to

create peanut snacks, which everyone enjoys eating and are also very popular in the market. Therefore, we have made a healthy and good product using

jaggery and peanuts, which is very beneficial for our health and provides iron to our bodies. It is also good to eat this as a breakfast option.

[ =roy J eprovioss | minex |



Example measures

Al-session-specific trace data, e.g.,

Frequency and depth of queries (do users ask deeper, more advanced
questions over time?)

Changes in vocabulary and complexity of responses

Follow-up questions (indicating curiosity and engagement)

Session duration (longer sessions may indicate sustained engagement)
Repeated interactions (do users return to learn more?)

Chatbot suggestions followed (does the user report acting on Al
recommendations?)

Confidence improvement (fewer basic or repetitive questions over time)
Accuracy in user queries (does the user refine their questions over time?)

Reduced reliance on fallback responses (fewer "I don't understand" cases)

User sentiment and engagement trends (positive reinforcement = successful

learning)
Short self-report survey measures

Metrics from text analysis using NLP methods (e.g.,
sentiment analysis, topic modeling, BERT, etc.)

Source: Towards investigating the validity of measurement of self-regulated learning based on trace data

The
Agency
Fund

Short and long self-report,
other-report, or observer-report
measures of cognitive, emotional,

and behavioral constructs

Self-report, other-report, or
observer-report measures of

behaviors

Qualitative synthesis

Let’s build a
community of
measures!

OOO
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https://www.google.com/url?q=https://link.springer.com/article/10.1007/s11409-022-09291-1&sa=D&source=editors&ust=1782215704297364&usg=AOvVaw1u69Vkb58nwZYY_8fV5FTz

