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Abstract

In recent years, field experiments have reshaped policy worldwide, but scaling ideas

remains a thorny challenge. Perhaps the most important issue facing policymakers

today is deciding which ideas to scale. One approach to attenuate this information

problem is to augment traditional A/B experimental designs to address questions of

scalability from the beginning. List 2024 denotes this approach as “Option C” thinking.

Using early education as a case study, we show how AI can overcome a critical barrier

in Option C thinking – generating viable options for scaling experimentation. By

integrating AI-driven insights, this approach strengthens the link between controlled

trials and large-scale implementation, ensuring the production of policy-based evidence

for effective decision-making.
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1 Introduction

The experimental approach has emerged as a pivotal tool in modern economics, with roots in

the lab (Smith 1962; Fiorina et al. 1978). Over the past few decades, experiments have been

conducted in naturally-occurring settings providing policymakers with data that bridges the-

oretical insights and practical application (Harrison et al. 2004). The overarching thrust of

this work has underscored the import of controlling the assignment mechanism to establish

causality, offering a robust methodology to understand behavioral principles across different

domains. This approach has been instrumental in addressing complex policy issues, from cli-

mate change to education, by generating empirical evidence with promises that policymakers

can readily use (Burgess et al. 2021; Ferraro et al. 2013; Cotton et al. 2022).

But, have those promises been fulfilled? We would argue not often enough. One core

reason is the scaling problem, or what has been denoted as the “Voltage Effect” (List 2022).

The importance of scaling experimental findings cannot be overstated, as it addresses the

critical challenge of generalizing small-scale findings to larger populations of people and

situations. Across disciplines ranging from software development to medicine to education

and beyond, between 50% to 90% of results will lose efficacy at scale (List 2022). For

instance, an early childhood education program that shows promising results in a specific

community may see its effects reduced to a fraction – potentially 1/10th or 1/5th – when

implemented across an entire city, state, or country. This phenomenon arises for several

reasons (List 2022), which all revolve around information problems. One core issue within

this set of problems is determining which ideas should be scaled.

One recent approach to tackle this issue advocates flipping the traditional research model

to an approach that, from the beginning, produces the type of policy-based evidence that the

science of scaling demands (List 2024). This approach is denoted as “Option C” thinking,

and augments efficacy trials by including relevant tests of scale in the original discovery

process. Such an approach forces the scientist to naturally start with a recognition of the

big picture: What information is necessary to provide scaling confidence? A key constraint

naturally arises – determining the set of Option C ideas that should be considered.

In this study, we argue that AI can importantly complement Option C thinking. As our

case study, we examine Option C thinking around the Chicago Heights Early Childhood

Center (CHECC), which was established in 2010 in Chicago Heights, Illinois, as a preschool

program designed to provide high-quality, tuition-free early education to children aged three

to five (see Fryer et al. 2020; Castillo et al. 2024). While serving as a research hub to study

educational interventions, it was also designed to explore the scalability of early education

policies. The case study reveals that simple AI prompts can provide a wealth of Option C

ideas that are both viable and efficient.
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2 What is Option C Thinking?

As far back as Fisher 1935, it has been understood that the experimental backbone of social

sciences is A/B testing, typically an efficacy trial pitting arm B (treatment) against arm A

(control) to optimize intervention success in a controlled setting (List 2025). This “Petri

dish” approach maximizes treatment effects but falters when guiding policy, as it tests ideas

under ideal conditions rather than at scale (List 2024). To deliver robust policy advice,

experiments must extend beyond this framework, incorporating real-world constraints to

ensure interventions remain effective when broadly implemented, addressing the scalability

challenge head-on.

According to List 2024, integrating efficacy tests with scalability assessments in the initial

research design is both economically and scientifically efficient. Termed “Option C” thinking,

this approach questions what additional data is needed beyond A/B testing to scale an idea

effectively. List 2024 advocates including a scalable program version alongside the idealized

A/B test, emphasizing that Option C thinking is more than adding a treatment arm – it is an

experimental enhancement generating policy-relevant evidence for scaling from the outset.

This shift moves beyond efficacy, embracing a broader perspective that considers real-world

constraints, scaling factors, and the presence of mediation paths and moderators.

Figure 1: Adding Option C Thinking to A/B Testing

Figure 1, taken from List 2024, illustrates Option C thinking for an education program.

In a standard A/B test, children are split into a control group (A, no intervention) and a

treatment group (B, early education), with the main result showing that pre-school readiness

rises from 17% (control) to 51% (treatment) under ideal conditions. Option C thinking,

however, incorporates real-world scaling constraints, like using typical teachers. This scalable

design, shown in the diagram’s lower panel, yields only an 18% readiness rate – a mere 1%
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increase over the control – revealing the program’s limited cost-benefit viability at scale

despite its efficacy in controlled settings. Accordingly, when the program is conducted with

the constraints that it will face at scale, it does not seem to pass a cost–benefit test, even

though it looked great in the efficacy test.

But, this thought experiment begs the question: How do I know which Option C ideas

to try? Should I use economic theory? The previous literature? The five vital threats to

scaling outlined in List 2024? Local knowledge? Pilot trials? Our answer to each of these is

yes, and more.

3 Using AI to Generate Option C Thinking Ideas

A growing body of literature highlights AI’s role in social sciences, particularly in experimen-

tal economics (Bail 2024; Chang et al. 2024; Charness et al. 2025). We explore AI’s utility in

generating Option C thinking ideas, which incorporate scalability into experimental design.

For an early childhood education (ECE) program, a standard A/B test randomizes children

into control and treatment groups. Option C thinking, however, requires addressing real-

world scaling constraints. AI can assist by suggesting conditions, like typical teacher quality,

serving as a low-cost tool to enhance idea generation for scalable experiments, despite its

current limitations.

As our case study, we focus on the Chicago Heights Early Childhood Center (CHECC)

project. As described in Castillo et al. 2024, CHECC was a large-scale field experiment in a

low-performing urban school district in Chicago Heights, Illinois, where the 2020 median per

capita income was approximately $17,546. Conducted from 2010 to 2014, CHECC recruited

households with children aged three to five, originally comprising three groups: a preschool

program, a parenting program, and a control group. For this analysis, we simplify to two

groups: a treatment group receiving the preschool program and a control group, enabling a

focused evaluation of the preschool intervention’s scalability using Option C thinking.

Given AI’s evolving capabilities, no standardized method exists for generating Option

C thinking ideas. However, a structured approach can be followed: Train the AI model

by uploading List 2024 to familiarize it with Option C thinking principles. Then, clearly

define the experimental parameters. Finally, prompt the AI to generate Option C ideas that

account for real-world scaling constraints. This process leverages AI as a flexible tool to

propose scalable conditions, enhancing experimental design despite its current limitations.

As such, we propose the following three specific steps:

1. In the AI model of your choice, upload List 2024 to train the model on Option C

thinking

2. For the program you want to generate Option C thinking ideas, clearly define:
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(a) Research question(s)

(b) Setting

(c) Sample

(d) Treatment(s)

(e) Scaling objective

(f) Other relevant information

3. Given the above six items, ask the AI to generate Option C thinking ideas

Following this approach, for our CHECC case study, we define the following:

(a) Research question(s): What is the impact of preschool on skills in middle childhood

and adolescence as measured by cognitive and non-cognitive skills?

(b) The setting: Low income school district in Chicago Heights, IL, USA

(c) The sample: Primarily low income families with children aged three to five

(d) Treatment(s): Children will be randomly assigned to receive the preschool program or

the control group

(e) Scaling objective: We would like to scale this program across low-income populations

in the U.S.

(f) Other relevant information: No other relevant information

3.1 Option C Results

This simple exercise revealed three reasonable Option C ideas that certainly merit further

discussion by the research team. In terms of outcomes, AI produced the following Option C

thinking ideas:

1. Idea 1: Typical Teacher Pool & Resources

(a) Rationale: In the best-case (efficacy) trial, you might hire especially motivated,

highly credentialed teachers or give them extra resources. At scale, it’s far likelier

you’ll have to hire from a standard pool – potentially with less robust training,

limited budgets, and varied levels of experience.

(b) Option C Condition:

• Teacher Recruitment & Training: Recruit and assign teachers under the nor-

mal district hiring process (i.e., limited salary caps, standard certifications).
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• Resources & Budget Constraints: Provide typical classroom resources (e.g.,

standard teacher–student ratios, curriculum materials consistent with state

mandates).

This first AI suggestion is consonant with the literature arguing for high quality teach-

ers in early childhood education. Among others, Darling-Hammond 2000 and Andrew

et al. 2024 address the import of teachers for students’ learning and as a key means to

augment human capital at young ages.

2. Idea 2: Large Class Size or Multi-Classroom Scaling

(a) Rationale: At scale, classrooms often grow in size, or you must replicate many

classrooms across multiple districts. Larger class sizes can reduce individualized

attention and could impact results.

(b) Option C Condition:

• Expanded Enrollment: Instead of capping class sizes at, say, 15 children

per teacher, have a larger ratio (like 20–25 per teacher), or operate multiple

classrooms concurrently.

• Standard Real-World Facilities: Use typical classroom space, with minimal

renovations or specialized learning spaces.

This recommendation is directly in line with the literature that explores how student

teacher ratios affect value added. For example, the significance of class size has been

underscored by a number of studies, including Hanushek 1999 and Hirsh-Pasek et al.

2004, which highlight its potential impact on programs outcomes.

3. Idea 3: Variation in Parental Engagement & Supports

(a) Rationale: In the experiment, parents of low-income children may have self-

selected into the program or been especially motivated. At scale, not all parents

will engage equally (work schedules, transportation, competing life demands).

This matters because parental involvement can strongly influence outcomes.

(b) Option C Condition:

• No or Minimal Parent Incentives: Compare outcomes if you do not provide

any additional incentives or parent-focused resources.

• Diverse Scheduling & Communication Approach: Offer the usual day-to-day

communication (e.g., standard teacher notes, typical app or email updates)

without extra home visits or specialized parent sessions.

This final recommendation again follows the literature and represents a key consider-

ation for scaling CHECC. The role of parents for children’s development is explored
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in papers such as Carneiro et al. 2019, Cunha et al. 2008, Mahoney et al. 2007 and

several others.

3.2 AI: The Beginning, Not Ending of Option C Ideation

The six-item list that we used – defining research question(s), setting, sample, treatment(s),

scaling objective, and other relevant details – serves as the foundation for prompting AI

to generate Option C thinking ideas, as outlined in List 2024. This structured approach

ensures AI aligns with the experimental design’s scalability goals. However, to enhance AI’s

creativity, researchers can enrich prompts with additional elements, such as specifying real-

world constraints (e.g., budget limits or typical staffing) or requesting multiple scenario-based

ideas. Examples of such prompts are provided in the Appendix (Section 5). Iteration is key

when working with AI, as its outputs often require refinement to suit specific project needs.

Researchers should experiment with prompt variations, adjusting specificity or context to

elicit novel, actionable ideas.

Importantly, AI serves as a supportive tool, not a replacement for rigorous analysis. All

AI-generated ideas must be critically evaluated, pairing them with a thorough literature

review to ensure theoretical and empirical grounding. This involves assessing the feasibil-

ity of proposed conditions, like using standard teacher pools, against existing studies and

scalability challenges identified in works like List 2024. Critical thinking is essential to filter

out impractical suggestions and refine viable ones, ensuring alignment with the experiment’s

objectives.

By combining AI’s ideation potential with disciplined scrutiny, researchers can effectively

integrate Option C thinking into experimental designs, producing policy-relevant evidence

that withstands the complexities of scaling. This iterative, critical approach is particularly

vital given AI’s current limitations, such as its tendency to generate generic or contextually

misaligned ideas. For instance, in the Chicago Heights Early Childhood Center case, AI

might suggest scaling conditions like larger class sizes, but researchers must verify these

against local educational constraints and prior findings. By tailoring prompts and rigorously

vetting outputs, researchers can leverage AI to enhance Option C thinking, bridging the gap

between controlled trials and large-scale policy implementation.

4 Conclusion

A/B testing, the cornerstone of the experimental sciences, has provided key insights across

every sector of modern economies. Within policy circles, the experimental approach is crit-

ical, yet recently research has shown many interventions experience a “voltage drop” when

scaled, where the cost-benefit profile depreciates considerably, making it difficult to solve
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social problems effectively at larger scales. In some circles, this is denoted as the ‘scale up’

problem.

One solution to the scale up problem is to integrate scalability into initial experimental

designs, denoted as “Option C” thinking in List 2024. Option C thinking is a methodological

shift from traditional A/B testing, which focuses on efficacy under ideal conditions, to a

design that incorporates scalability from the beginning. Beyond traditional efficacy tests,

Option C thinking incorporates real-world constraints, such as typical teacher quality or

larger class sizes, to assess programs at scale.

Using the Chicago Heights Early Childhood Center as an example, this paper explores

the possibility of AI generating Option C ideas. We find that there is much to be optimistic

about, as AI unduly enhances experimental economics by simulating scalable conditions.

This approach ensures policy-relevant evidence from the start, bridging the gap between

controlled trials and large-scale implementation.
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5 Appendix

Below are three different prompts that can be used to generate Option C thinking ideas with

AI. Prior to providing a prompt, upload List 2024 to train the AI model of choice on what

Option C thinking is. These prompts should be viewed as guidelines, rather than rules, on

how to ask AI for Option C thinking ideas. As such, each prompt should be adjusted to

better suit one’s experimental design and aims.

5.1 Prompt 1

I need you to generate [number] Option C thinking ideas, which is the concept outlined

in the paper I previously uploaded, for a research project I plan to conduct. To generate

Option C thinking ideas you will need to think about the constraints the idea will face at

scale, the key factors that can impact whether or not the idea scales, as well as the mediators

and moderators that could be at play in the experimental setting outlined below. For each

Option C thinking idea, please provide:

1. A detailed description of the proposed idea

2. A detailed description on how to implement the proposed feature into the experimental

design

3. A detailed description of the specific mechanism that the proposed idea is getting at

4. A detailed description of how the proposed idea differs from my treatment arm(s)

5. A detailed description of why including this feature in the experimental design will

help inform whether the intervention will work at scale

In terms of my experimental design and setting:

1. The research question is ...

2. The experiment will be conducted in ...

• Provide details on the setting (e.g., location of schools where the experiment will

take place)

3. The participants of the experiment will be ...

• Provide details on the participants, such as their age, gender, income-level, etc.,

4. The control and treatment arms are ...

• Provide details on the most salient features of each treatment arm
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5. My scaling objective is ...

• Provide details on the how the intervention being tested will be scaled (e.g., the

aim is to scale the education program to all schools in district X)

6. Other relevant considerations for the experiment are ...

• Provide details on any experimental design feature you deem salient. This could

include the randomization mechanism used, possible moderators and mediators,

etc.,

5.2 Prompt 2

Identical to Prompt 1, but in addition to providing the six experimental design details

outlined above, AI is given a full pre-analysis plan (PAP). AI is informed about the nature

of the uploaded document and its content. Once again, since these prompts should be viewed

as guidelines, one should experiment with uploading PAPs of vary depth to see what works

best for one’s context.

5.3 Prompt 3

Identical to Prompt 1, but greater emphasis is placed on using creativity to generate Option

C thinking ideas. The following can be added at the end of Prompt 1: When generating

Option C thinking ideas think creatively about:

• Isolating components of the intervention that are key for scaling and Option C thinking

• Testing contextual factors that are relevant for scaling and Option C thinking

• Varying the delivery method(s) and/or intensity of the intervention to account for

constraints that might be faced at scale

• Examining interaction effects that are relevant for scaling and Option C thinking

• Challenging assumptions in our current design

Be bold in your suggestions – I’m looking for ideas that will reveal surprising insights

about the constrains that I must account for when scaling my idea.
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