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​Preface 

​



Starting a company has always been an exercise in focused imagination: you imagine a problem that matters, sketch a solution that could plausibly solve it, and then race to prove that people will actually pay for the result. Building an AI startup changes the rules of the race. The models that power today's products eat compute, inhale data, and exhale unpredictability — which makes the prize bigger and the engineering, economics, and legal choreography far more delicate.

This book exists to shorten that learning curve. It is written for founders, product leads, and technical co-founders who want a practical, end-to-end playbook for creating AI businesses that survive the messy middle — the period after the prototype shines and before the scale metrics reliably hum. You will find strategy, financial thinking, and investor-ready narratives alongside the technical how-to: data strategy, model choices, MLOps patterns, and product design decisions that determine whether an AI product is merely clever or commercially durable.

What I aim to do here is pragmatic and straightforward. First, help you choose ideas where AI adds measurable value rather than sprinkled magic. Second, give you concrete tools to validate demand quickly without wasting months or drifting into heavy engineering before the market proves itself. Third, show how to translate technical realities — inference costs, model drift, and regulatory constraints — into unit economics and pitch narratives that investors and customers can understand. Finally, offer repeatable playbooks for building, selling, and scaling across different markets, with operational artifacts you can adapt immediately.

The structure reflects that hybrid focus. Part I walks through market selection, unit economics, and fundraising strategy; Part II is a technical primer that maps design choices to business outcomes; Part III covers go-to-market motions and regional scaling. Each chapter ends with checklists, templates, or worked examples so you can use the book as a manual while you build. Appendices collect ready-to-use artifacts — unit-economics spreadsheets, pitch-deck templates, a 90-day launch sprint, and MLOps checklists — so you can stop reading and start doing.

My recommendations are grounded in two pieces of original research you provided — one emphasizing market, economic, and regulatory dynamics, the other focused on practical startup tactics and case studies — and in practical design decisions that experienced founder-operators use to bridge prototype and scale. Wherever I refer to specific, time-sensitive numbers or regulatory deadlines, flagging and re-verification are advised: AI business conditions evolve fast, and the book is intended to be a durable method rather than a snapshot of exact figures.

A few candid notes about what this book will not do. It is not a substitute for a deep academic text on model architectures, nor is it a legal handbook that replaces counsel. It doesn’t promise viral growth overnight. Instead, it teaches you how to design measurable experiments, build defensibility into product and data, and tell a credible story to customers and investors — the practical toolkit that turns AI curiosity into a sustainable company.

If you are ready to build, this book should make the path clearer: where to spend your time and money, how to protect your margins, and how to keep product development aligned with customers and regulators. Read with a notebook. Run the exercises. Use the templates. And treat each chapter as a sprint: test the idea quickly, learn, and iterate.
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​Section A — Structural Differences

She remembers the moment the idea first felt like a real thing. It wasn’t when the prototype spit out a plausible answer, nor when a friendly beta user clicked through the demo. It was when the finance spreadsheet — the cold, flat world of revenue and costs — stopped looking like an afterthought and started whispering a different story. For years she’d thought of software businesses as tidy machines: build once, sell slices, watch margins widen as users scale. With AI, the gears are different: some parts burn fuel only when asked to work, others need constant tending, and certain legal fences shift the playing field overnight. That realization, at once practical and unnerving, is where many promising projects either find their footing or start to wobble.

Imagine two startups. One sells a subscription-based project-management app: code is written, features shipped, and the cost of serving another user is nearly negligible. The other offers an intelligent review-summarization service that calls a large language model every time a customer asks for a digest. With each request the second startup accrues a measurable bill — not a one-time engineering cost but an ongoing consumption tax. That’s the first structural twist: AI products often have **variable inference costs** that scale with usage, and those costs can be volatile. When a single user action triggers dozens of tokens worth of compute, revenue per user is no longer a clean proxy for margin. Pricing conversations must become conversations about metering, throttling, and where to draw the line between delightful features and unprofitable habits.

This difference breeds another: compute budgets are not always bounded the way license fees are. Traditional software largely requires bounded upfront engineering and maintenance; AI systems add a dynamic element. Sometimes that additional compute is predictable — a steady stream of modest requests — and sometimes it spikes unpredictably: a viral mention, a novel prompt pattern, or a new use the product wasn’t built to handle. Those spikes don’t just threaten performance; they threaten unit economics. The math that looks robust at 10,000 monthly active users can begin to fray at 100,000 if the average call complexity drifts upward. Founders who build on AI must learn to think in two dimensions at once: annual recurring revenue and the granular cost-per-inference that eats into each dollar of income.

If economics is one axis, lifecycle management is another. Models are not static assets. They live and age. Over time the world shifts — new vocabulary, novel user interactions, shifting customer behavior — and the model’s relationship to reality frays. This is the territory of **data drift** and **concept drift**. Data drift happens when the input distribution that feeds the model slowly changes: imagine a sentiment model trained on product reviews from five years ago that now receives inputs full of emojis, slang, or new product categories. Concept drift is subtler and more consequential: the underlying relationship between input and label changes. For a fraud detection model, changes in attacker tactics rewrite the rules of what “fraud” looks like. Both drifts degrade performance, and the remedies are operational rather than theoretical: monitoring, retraining, and, sometimes, redesign.

Monitoring is the first line of defense. Simple dashboards that track confidence scores, input distributions, and key business metrics can alert teams before the degradation becomes catastrophic. But alerts need to be actionable, and action costs money. Retraining isn’t free: labelers must be paid, compute must be rented, and validation cycles consume engineering time. The cadence of retraining — weekly, monthly, quarterly — depends on the domain. Consumer chatbots may need near-continuous tweaks; a specialized industrial vision classifier might be stable for months. Choosing a cadence is a tradeoff between freshness and cost. Too short a cycle and you burn cash chasing noise. Too long and you watch your product’s usefulness erode.

There’s a practical trick many founders miss at first: treat retraining like product roadmaps, not incidental maintenance. Define metrics that matter to customers and tie retraining triggers to business signals. If customer-facing accuracy or task-success drops below a threshold, schedule a retrain and bake the cost into the forecast. That habit turns an amorphous risk into a productizable engineering rhythm.

✒️ Note: when you write the first version of your monitoring dashboard, include baseline distributions and a short doc that says, plainly, “If X drops by Y%, trigger Z.” Concrete thresholds reduce panic and make postmortems more precise.

The regulatory breeze adds a third and often overlooked direction to this map. A model that’s technically brilliant can be commercially fragile if it sits in a jurisdiction that treats certain AI outputs as high risk. Regulations don’t only create compliance checkboxes; they reshape product design choices and, crucially, the **risk profile** that investors and customers calculate. Where a casual content-recommendation feature might be lightly governed in one market, another market might require explicit human oversight, detailed documentation of training data, and strict audit logs. These requirements translate into time, development effort, and often legal expense. What looks like a small product experiment in one geography becomes a board-level decision in another.

Regulatory overlay also reframes go/no-go decisions. If a use case places the startup squarely in a high-risk category in a key market — think automated hiring recommendations or credit scoring — founders must weigh the market opportunity against compliance overhead. Sometimes the right answer is to pivot to a lower-risk niche where the product can scale without an army of complianceStructural Differences

When you swap “classic SaaS” for “AI product,” you’re not just changing a line in your tech stack — you’re changing the financial engine, the maintenance rhythm, and the regulatory map that determines whether the company sails or sinks. This chapter section explains those differences in plain terms so you can design products and plans that survive real-world pressures: variable inference costs that scale with usage, compute that can be bounded or runaway, persistent model maintenance, and a regulatory layer that elevates formerly tactical decisions into strategic make-or-break choices. Read this as the operating manual for thinking like an AI-first founder.

Start with the money: in traditional SaaS the core cost model is mostly fixed and predictable. You build a product, host it, update it periodically, and your marginal cost of serving one more user is often very small. By contrast, AI changes the marginal structure. Every time your product handles a query, it may consume compute (and cloud provider bills), third-party API tokens, or human review time. Those per-use costs can be small at scale or they can balloon if you miss a clever routing or pricing strategy. The consequences are immediate: revenue that looks healthy on a dashboard can quickly melt into negative unit margins if you don’t meter and optimize usage.

✒️ Note: Treat “cost-per-interaction” as a first-class metric. Build a small spreadsheet that estimates the total cost per successful customer interaction (inference + data prep + human-in-loop + storage). You’ll use that number in pricing and investor conversations.

A useful mental model is to think in bounded versus unbounded compute. Bounded compute is when you can predict and cap the resources each request will consume — small models, cached responses, deterministic pipelines. Unbounded compute happens when requests can trigger arbitrarily large workloads: multi-step agentic reasoning, long-context LLM chains, or expensive vision pipelines that process full-resolution video on demand. Unbounded workloads are fine in controlled pilots; they become dangerous in production unless you explicitly govern them.

This leads to two product design rules most successful AI founders internalize quickly. First, default to the smallest model that accomplishes the customer’s need. Fine-grained optimization — routing queries to cheaper models when confidence is high, falling back to bigger models only when necessary — is where margins are won. Second, build throttles and safety valves from Day 1: user quotas, per-request budgets, and circuit breakers that drop expensive work into an offline batch queue. These features are boring, but they protect your bottom line.

💡 Tip: Implement “dynamic routing” early. Use a cheap, fast model to handle the common 80% of queries and escalate only a defined portion to larger models. You’ll keep latency and cost low while preserving quality for the hard cases.

Beyond immediate marginal costs, AI products carry an ongoing lifecycle cost that SaaS rarely faces at the same intensity: model drift. Models are not static artifacts; their performance degrades as data and behavior drift over time. There are two common forms to watch: data drift — where the input distribution shifts (new user language, changed sensor conditions), and concept drift — where the meaning of labels or objectives changes (a regulation changes what counts as an acceptable outcome, or user preferences shift). Both undermine model quality and therefore product value.

You should plan for drift like you plan for churn. Set a retraining cadence based on how quickly your input space moves. For some systems, retraining every few weeks is necessary; for others, monthly or quarterly retraining suffices. The cadence depends on how costly a mistake is, how fast the underlying data changes, and how expensive retraining is. Importantly, retraining is not a single task — it’s a pipeline with engineering, labeling, validation, and deployment work. Each retrain can expose hidden costs: annotation budgets grow, validation environments require compute, and regression testing eats engineering cycles.

✒️ Note: Maintain an “experiment ledger” that logs model versions, datasets used, validation metrics, and deployment dates. When a bug or drift event occurs, the ledger is the quickest path to root cause and a rollback decision.

Monitoring is the engine that tells you when retraining is necessary. Effective monitoring blends statistical signals (covariate shifts, out-of-distribution detection) with product-level KPIs (user corrections, customer support tickets, failed workflows). Don’t trust a single signal: pair automated drift detectors with business metrics so you can prioritize retrains that matter. And when you retrain, treat it as product development — ship smaller, validated improvements rather than occasional, massive model replacements.

These maintenance realities change the nature of product roadmaps. In a SaaS world you might schedule feature sprints and occasional platform upgrades. In an AI business you must embed continuous data work and model operations into the roadmap: data collection tasks, labeling sprints, model evaluation experiments, and rollback plans occupy recurring slots. The ongoing cost of these activities should be baked into your long-term financial models rather than treated as an afterthought.

Now layer regulation onto these operational realities. AI is increasingly in the crosshairs of regulators because models can affect people’s rights, finances, and safety at scale. The regulatory overlay is not the same everywhere — jurisdictions differ in what they require — but the practical effect is similar: regulatory posture changes risk profiles and therefore product feasibility. A product that looks trivial in a lax regulatory setting can become a legal and compliance nightmare in a stricter environment, shifting a go/no-go decision overnight.

When evaluating regulatory risk, think in three dimensions: the product’s potential harm, the visibility of decisions, and the sector-specific rules that apply. High-harm domains (healthcare, finance, recruitment) and high-visibility outputs (automated decisions affecting rights) attract deeper scrutiny. For these, regulators expect documentation, human oversight, transparent logging, and sometimes pre-deployment audits. If you plan to sell into regulated sectors, build the compliance scaffolding early — even minimal documentation and access controls reduce friction in procurement and partnerships.

💡 Tip: Before committing to a regulated sector, run a “compliance walk” — list the documentation, logs, human oversight, and security controls you’d need to satisfy a procurement team. If the gap between your current state and that list is large, budget for it explicitly and factor it into timelines and costs.

Regulation also changes where you can safely innovate. In some cases, it’s wiser to start with a horizontally applicable, low-risk feature that demonstrates ROI and later expand into higher-risk automations once you have data, references, and legal counsel. Alternatively, if you build for a stricter market from Day 1, you can differentiate on compliance as a selling point — but that requires investment that early-stage economics might not support.

Finally, regulation affects capital strategy. VCs and corporate partners price regulatory risk into their valuations and diligence ask lists. Because compliance can be expensive and slow, investors will prefer companies that either have a clear, low-cost compliance plan or a defensible moat (exclusive data, partnerships, or a regulatory-approved workflow). For founders, this means your early choices about where to deploy AI can dramatically influence which investors feel comfortable writing checks and at what valuation.

✒️ Note: Use “compliance as a moat” cautiously. It’s a valid differentiator for incumbents and later-stage companies, but for early-stage startups a heavy compliance load can be a growth inhibitor unless you have the resources and domain expertise.

Put together, these structural differences require a different vocabulary and cadence for running a company. Track cost-per-interaction like a CFO, design routing rules like an engineer, and map regulatory gates like a lawyer. If you can harmonize those perspectives — building cheap, predictable inference paths; creating robust monitoring and retraining routines; and baking compliance into product design — you transform AI’s fragility into competitive advantage. The companies that treat these elements as core product levers rather than technical footnotes are the ones that scale sustainably.

In the chapters that follow you’ll get templates, checklists, and worked examples to operationalize all of this: a unit-economics spreadsheet that includes inference cost fields, a monitoring playbook for drift detection, and a compliance sprint you can run during your first paid pilot. Consider this section your conceptual map — the rest of the book gives you the tools to navigate it.


​Section B — The Founder’s Method

When you build an AI business, process matters as much as creativity. The Founder’s Method I teach here is a loop — validate, build, pitch, scale — that’s intentionally tight and repeatable. Treat it as an operating rhythm rather than a one-time plan: each pass through the loop should raise the fidelity of your product, the strength of your evidence, and the clarity of your narrative to customers and investors. Below is a compact, practical playbook for running that loop, a fast 30-day validation routine I call “Launch in 5,” and clear heuristics for deciding whether to stitch together APIs or invest in custom models.

The loop: Validate → Build → Pitch → Scale

Think of each stage as a distinct engineering sprint with specific deliverables and timing.

Validate (Days 0–30) — Objective: demonstrate customer willingness to pay or commit.

Operational steps: define the target job-to-be-done in one sentence; list three measurable outcomes your product will improve; run structured customer discovery interviews (20–30, if possible) focusing on pain, frequency, and current alternatives; and design a simple “ask” — a paid pilot, a deposit, or a signed letter of intent. Timing: spend the first two weeks on interviews and hypothesis refinement; use the latter two weeks to execute the first paid asks. Deliverable: one paid pilot or three high-quality commitments that can be shown to partners and investors.

Why this matters: validation reduces the biggest risk—market fit—before you spend on data engineering or model training.

Build (Weeks 5–12) — Objective: deliver an experiment-grade MVP that proves value under real conditions.

Operational steps: choose the minimal tech stack that produces the business outcome (often an API-based prototype + simple UI); instrument telemetry to capture product and model KPIs; define acceptance criteria (e.g., 10% reduction in time-to-complete, 70% automated triage accuracy) and two rollback conditions; structure your work in week-long sprints with daily standups. Timing: aim for an initial MVP in 2–6 weeks depending on data maturity; keep rework cycles short and measured. Deliverable: a reproducible demo plus baseline metrics from live usage.

Why this matters: the build phase transforms pledges into measurable outcomes that you can replicate and monetize.

Pitch (Weeks 6–16, overlapping) — Objective: turn early outcomes into traction and capital.

Operational steps: prepare a 10-slide pitch that centers on problem, validated outcome, unit economics, and a clear go-to-market plan; augment the pitch with a short one-page case study from your MVP; rehearse investor Q&A focusing on defensibility (data sources, partnerships, compliance) and margins. Timing: start outreach after you have at least one validated paying pilot; iterate your deck as you collect new results. Deliverable: commitments from at least three follow-on customers or the first term sheet.

Why this matters: pitching too early wastes time and credibility; pitching too late wastes capital.

Scale (Quarter 2 onward) — Objective: convert repeatable pilots into reliable growth with margin control.

Operational steps: formalize SLAs and procurement-ready contracts; operationalize MLOps pipelines (monitoring, retraining cadence, testing harnesses); build a sales playbook that converts pilot success into multi-year contracts; set up finance processes tracking cost-per-interaction and true customer LTV. Timing: treat the first three months post-pilot as a heavy-optimization window to lock down margins. Deliverable: scalable contracts, repeatable sales motion, and breakeven model for per-customer economics.

Why this matters: scaling without margin visibility destroys startups; scaling with solid unit economics creates defensible value.

✒️ Note: run the loop as overlapping waves. While one cohort is in build, another is validating, and a third may be in early-pitching. This pipeline reduces idle time and surfaces the best experiments fast.

“Launch in 5” — a 30-day rapid validation playbook

The “Launch in 5” concept reduces risk by forcing you to monetize demand quickly. The goal is simple: before you build a costly model or assemble a big data set, sign real customers who’ll pay for the value you promise. Here’s a compact, day-by-day structure — grouped into five pragmatic phases — you can follow in the first month.

Phase 1 — Clarify (Days 0–3)

Write one-line problem statements for three adjacent pains. For each, state the desired business outcome and the minimal metric that proves value (e.g., “Reduce claims processing time by 30% within 90 days”). Identify the persona who suffers most and where procurement lives.

Phase 2 — Listen (Days 4–10)

Run a rapid interview blitz (10–20 calls). Use a short script: current process, pain frequency, current cost, prior attempts to solve, willingness to pay. Close each conversation by asking for a commitment: “If I could deliver X in Y weeks, would you be willing to pilot it and share feedback?” Track responses categorically (yes/no/maybe) and capture quotes to use in case studies.

Phase 3 — Prototype & Offer (Days 11–18)

Assemble the simplest demonstration that shows the outcome. This might be a spreadsheet-backed demo, a low-code UI wired to an LLM or vision API, or a consultant-style pilot where you manually deliver the result for the first few customers (Wizard of Oz). Draft a short commercial pilot document: scope, duration, KPIs, price (even a small fee signals seriousness).

Phase 4 — Execute & Measure (Days 19–26)

Run the pilot under real conditions. Instrument results well: time-to-outcome, error rate, customer effort, and net promoter signal. Keep communication tight with the customer and adapt the pilot if data shows a different success path. Capture success items for a one-page case study.

Phase 5 — Convert or Iterate (Days 27–30)

If the pilot meets acceptance criteria, present an upsell/contract proposal. If it fails, distill learnings and run a second hypothesis loop with an adjusted approach. Repeat until you have at least one paying customer or clear evidence to pivot.

💡 Tip: require a monetary commitment (even a token fee) for pilots. It filters unserious prospects and gives negotiating leverage for contracts and references.

✒️ Note: document everything. A single well-documented pilot is worth more for fundraising than ten demos without measurable outcomes.

Decision heuristics — API vs Custom Model (simple rules to guide choices)

When to choose an API-first approach (use external models/services):

• Speed and validation matter more than bespoke accuracy. If you need to test demand quickly or prove a user experience, APIs let you ship in days.

• The problem’s value density is moderate and the domain isn’t highly specialized. If your customers will pay for the outcome but the task is generic (summarization, standard OCR, basic intent classification), APIs save time and capital.

• Data sensitivity or compliance can be managed via contracts and on-prem proxies. If regulatory needs are moderate and you can route PII through secure preprocessing, APIs remain viable.

When to invest in custom models (fine-tuning or building):

• You have exclusive, high-quality data that materially improves performance and creates defensibility. Proprietary datasets that materially raise accuracy justify model investment.

• The domain requires domain-specific behavior or low-latency edge inference that off-the-shelf models can’t deliver. If required outputs must be deterministic, explainable, or auditable under law, custom is often necessary.

• Unit economics allow it — the ARPA and margin profile support the upfront engineering and ongoing retraining costs. If custom models meaningfully increase price-per-customer or reduce recurring human review costs, they pay back.

Quick decision checklist (use this to decide fast):


	Time-to-validate: Can I prove demand in <30 days with an API? → Use API.

	Data defensibility: Do I own or can I quickly acquire unique data that competitors cannot reproduce? → Consider custom.

	Cost-per-inference at scale: Will API token/compute costs kill margins at projected volumes? → Model and compare; if API costs >30–40% of revenue per unit, investigate custom or hybrid routing.

	Compliance and explainability: Do regulators or customers require model transparency or auditable decisions? → Favor custom or private deployments with full controls.

	Latency & UX: Is sub-100-ms latency required or must processing happen offline/edge? → Custom/edge model likely needed.



💡 Tip: adopt a hybrid strategy early — API for the common path, custom for the high-value tail. Implement dynamic routing and confidence thresholds so the cheaper model handles most traffic and the bespoke model only serves the critical, high-value queries.

✒️ Note: Always build a small economic model comparing projected API spend vs custom model TCO (total cost of ownership): include training costs, inference costs, retrain cadence, data labeling, and personnel. This prevents wishful thinking.

Make the method your default way of working. Validate quickly so you don’t pay to discover a non-existent market; build narrowly so you can instrument and iterate; pitch with outcomes and crisp economics; scale with guardrails that preserve margins. The loop is simple, but the discipline to run it well — and to move from APIs to custom models only when the economic and defensibility signals are clear — is what separates a fragile prototype from a fundable, scalable AI company.


​Section C — Illustrations & Practical Takeaways

Two short, concrete stories are often worth more than pages of abstract advice. The first vignette shows how disciplined validation and unit-econ thinking turned a fragile idea into a robust product; the second shows how skipping early commercial proof and over-engineering led to costly backtracking. Read these as practical case studies — not fairy tales — and then use the checklists and exercises to run your own experiments.

Founder vignette — an earnest success

A two-person founding team (one product founder, one ML lead) noticed a recurring pain in medium-sized insurance brokers: manual triage of incoming claims took days, involved a lot of human rework, and slowed payouts. Rather than immediately training a custom model, they followed a tight validation rhythm.

First, they interviewed 25 brokers across three regions to quantify the time-cost of triage and the business value of speed. Interview data showed an average of 48 person-hours saved per 1,000 claims if triage could be automated to a reasonable degree. They translated that into dollar value per client and used it to price a short pilot.

Next, they built an API-prototype using a general-purpose LLM plus lightweight business rules and integrated it with a front-end form. For the first pilot they used a “Wizard of Oz” approach: the model suggested triage labels but a human reviewer confirmed them. This hybrid cut the client’s time spent per claim in half and produced clear metrics: accuracy on labeled triage = 78%, human-revision rate = 24%, and average hours saved = 23 per 1,000 claims.

With that evidence in hand, they priced a paid pilot (modest monthly fee + success bonus) and obtained three paying pilots in six weeks. They used the data to justify investing in a small, domain-specific classifier for the high-value claim types while continuing to route the long tail to the general model. Critically, they implemented cost controls: query routing, per-client budgets, and a pause circuit for spikes.

Key lessons:

• Validate with money first — even small fees sort seriousness from curiosity.

• Use hybrids (human + model) early to reduce risk and collect labeled data affordably.

• Instrument everything you run; metrics sell the next stage of investment.

✒️ Note: Their unit-econ spreadsheet included a line for “human-review cost per corrected case.” That single field helped them justify the move from hybrid to partial automation.

Founder vignette — a near-miss and its lessons

A well-funded team at a later-stage accelerator pursued a promising idea in personalized tutoring. They were laser-focused on building an in-house adaptive model and spent nine months collecting data and training progressively larger architectures before validating commercial demand. Early demos wowed mentors but paid pilots were scarce.

When they finally went to market they discovered two painful truths: schools demanded rigorous explainability and integration with LMS systems; and district procurement required pilot evidence of measurable learning gains — not just plausible intelligence. The custom model performed well in controlled tests but failed to produce repeatable classroom outcomes because the training data didn’t reflect real classroom noise. Rescue efforts required costly relabeling and deployment work, and the runway shortened.

Lessons learned:

• Building before you sell compounds risk. A powerful model is not a business if customers don’t buy the outcome.

• Domain-specific procurement and explainability requirements were underestimated. Compliance and integration assume time and budget.

• Early mixed-method pilots (manual intervention + off-the-shelf models) would have highlighted the data mismatch faster and at lower cost.

💡 Tip: If you find yourself tempted to “just build” because the technical challenge is interesting, force a validation checkpoint: no model beyond prototype gets built until one paying customer signs a pilot agreement with measurable KPIs.

Quick checklist — 7 items to assess AI startup readiness

Use this checklist as a fast audit before you spend capital on heavy engineering. If you can honestly check at least four boxes, you have a defensible starting point.


	Clear, monetizable pain: You can write the customer problem in one sentence and quantify the financial or time cost of that pain.

	Access to useful data: You can access or generate the minimum data required to test the idea in production conditions within 30–60 days.

	One paid commitment: You have at least one customer willing to pay (even a token fee) for a pilot or proof-of-value.

	Measurable success metric: You have one primary KPI (e.g., time saved, conversion lift, error reduction) that defines pilot success.

	Cost-per-interaction estimate: You’ve estimated inference + human + storage costs per unit and confirmed a basic margin pathway.

	Compliance baseline: You know the top regulatory requirements for your sector and have a minimal plan (logging, consent, data retention) to meet them.

	MVP path defined: You can show the minimal tech or manual workflow that will deliver the value with the least investment (APIs, no-code, or human-in-the-loop).



✒️ Note: If you fail more than three checks, the fastest path to readiness is customer discovery and a simpler prototype — not deeper engineering.

Practical exercises — interview and hypothesis prompts

Below are ready-to-use prompts and templates for interviews and for turning conversations into testable hypotheses. Copy these into your notebook and use them verbatim during your discovery sprint.

Customer interview script (10–20 minutes)


	Opening: “Tell me about the last time you [experienced the problem]. What happened?”

	Frequency & scale: “How often does that occur and how many people are affected per month?”

	Current workaround: “How do you currently solve this problem and what does it cost (time/money)?”

	Impact: “What is the worst consequence when this fails?”

	Value sensitivity: “If someone could reduce [time/cost] by X%, what would that be worth to you?”

	Decision process: “Who in your organization would sign off on a pilot or purchase?”

	Pilot willingness: “Would you be willing to pilot a solution that delivered a [specific outcome] for a small fee or shared savings?”

	Closing: “Are there KPIs you’d need to see to consider this a success? Can I follow up with a short summary of what we discussed?”



Hypothesis template (one-liner plus tests)

Use this to convert qualitative insight into a measurable hypothesis.

Hypothesis: “If we deliver [specific outcome], then [customer persona] will [behavior], resulting in [business metric change] within [timeframe].”

Example: “If we triage claims with 75% initial accuracy, then regional brokers will reduce manual triage time by 30% within 90 days, producing an average savings of $X per 1,000 claims.”

Tests to run:

• Validation: run ten interviews targeting the persona (track yes/no/maybe to pilot).

• Minimum experiment: run a Wizard of Oz pilot for two clients for 30 days to measure time saved and human review rate.

• Acceptance criteria: set numeric thresholds for success (e.g., >20% time saved and NPS >40).

• Decision rule: If success thresholds met, proceed to paid pilot; if not, iterate on hypothesis or pivot.

💡 Tip: Keep hypotheses small and binary. The clearer the pass/fail criterion, the faster you learn.

Synthesis and how to use these tools

The vignettes illustrate what works (rigorous validation + hybrid delivery) and what doesn’t (build-first thinking without market proof). The checklist gives you a quick go/no-go filter; the interview and hypothesis templates give you the instruments to run small, decisive experiments. Use them as a daily habit: treat every customer call as data, every pilot as an experiment, and every metric as a contract you must honor.

​
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​Chapter 2: Finding a Million-Dollar Sweet Spot
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​Section A — Opportunity Mapping

Finding the right problem to attack is the single most leverageable step a founder takes. The better your initial choice, the fewer months and dollars you waste on engineering and the faster you prove commercial traction. Opportunity mapping is a practical system for aligning what you (and your team) can do with what a market will actually pay for — and for quickly ruling out attractive-sounding ideas that are either impossible to supply or impossible to monetize. Below I walk through three tightly connected tools you’ll use repeatedly: matching founder strengths to domain needs, a rapid data-availability heatmap to audit what you can access and at what cost, and a value-versus-feasibility scoring matrix to prioritize and rank ideas. Use these as working instruments: print them, score each idea, and iterate.

Founder strengths × domain mapping — how to pair what you know with what the market needs

Begin with a ruthless inventory. List every relevant domain skill, relationship, and resource you or your cofounders hold. Treat “domain expertise” broadly: it includes hands-on work experience (healthcare claims processing), deep academic knowledge (signal processing in seismology), industry relationships (an ex-procurement officer at a regional bank), regulatory fluency (prior compliance roles), and distribution channels (a founder who can place pilots across 200 schools). For each item, note a quick, quantifiable signal: years of direct experience, number of relevant contacts, or a simple confidence rating (1–5). This becomes your founder advantage map.

Next, map those strengths to vertical problems. For each candidate problem, ask: who pays for solving this, how often does the problem occur, and what is the rough dollar impact per event? Frame the problem in “value language”: for example, “claims triage for small commercial policies that reduces adjudication time by 30%” is far more useful than “improve claims processing.” Then draw lines between each founder strength and each problem: a strong overlap is a higher-probability opportunity because you’ll move faster on data access, regulatory conversations, and customer persuasion.

A useful practical rule: prioritize ideas where founder strengths reduce time-to-first-paid-pilot by at least 50% compared to a generic team. Why? Early pilots are the fastest lever for learning and for converting skeptical procurement teams. If your team advantage shortens the calendar from six months to three, that idea gets a bump. Conversely, an idea that looks sexy on a slide but aligns with zero of your strengths should be deprioritized or re-scoped to a subproblem where you do have advantage.

✒️ Note: When you list strengths, don’t overvalue generic technical talent. Machine-learning skills are useful, but domain access and customer relationships usually unlock pilots faster than raw ML chops.

Data availability heatmap — a quick audit of access, quality, and cost

After you map strengths to problems, perform a brisk data audit. Data is the secret currency of successful AI products; a great idea without accessible, adequately labeled data is a long, expensive slog. The heatmap is a two-axis visual you can sketch in minutes: Horizontal axis = Accessibility (can you get the data? private/shared/public/partner/paid); Vertical axis = Quality (signal-to-noise, label availability, freshness). Plot each candidate data source on this grid.

Define categories for accessibility:

• Public: openly available (public datasets, government portals).

• Partner: accessible via agreements with a company or institution.

• Proprietary: data you or your cofounder already own.

• Purchased: data that must be bought from vendors.

• Synthetic: can be generated or simulated cheaply.

Define quality measures: coverage (how much of the population/event is present), fidelity (cleanliness and label accuracy), recency (is data up-to-date), and representativeness (does it mirror production conditions). Give each source numeric scores (0–5) for accessibility and for quality, then plot them. Sources that sit in the high-access, high-quality quadrant are immediate gold; low-access, high-quality sources might be valuable but require partnership or budget; high-access, low-quality sources can still be useful for prototypes or bootstrapping but need substantial augmentation.

Don’t forget licensing and privacy. Even if a dataset looks positioned in the “easy” quadrant, legal restrictions can make it unusable for commercial products. Include a quick column for “legal risk” (low/medium/high) and factor that into your placement. Similarly, annotate any dataset that requires manual labeling work and estimate the annotation cost per thousand examples — this should immediately influence feasibility scoring.

💡 Tip: For many initial pilots, a combination of a high-access, moderate-quality public dataset plus a small set (100–500) of high-quality, proprietary labeled examples works well. The public set provides rough performance and a baseline; the proprietary labels create differentiation.

Value vs feasibility matrix — a scoring system to prioritize ideas

Once you’ve mapped founder strengths and audited data, you need a way to compare ideas quantitatively. The value vs feasibility matrix is a simple, repeatable scoring technique where each idea receives two composite scores: Value (the upside if you succeed) and Feasibility (how realistic it is to deliver within budget and time).

Construct the Value score from these elements (weighted as makes sense for your context — a simple starting weighting is shown):

• Financial upside (weight 40%): potential revenue per customer or unit, multiplied by addressable market size in a reachable segment.

• Strategic upside (weight 30%): partnerships, downstream revenue opportunities, or data that becomes a subsequent moat.

• Time-to-payout (weight 30%): how quickly a paid contract line will appear (shorter is better).

Score each element on a 1–10 scale, compute the weighted sum, and normalize to 0–100.

Construct the Feasibility score from:

• Data readiness (weight 40%): based on your heatmap score and labeling costs.

• Technical complexity (weight 25%): modelling difficulty, latency needs, and edge constraints.

• Regulatory & integration friction (weight 20%): procurement cycles, compliance demands, and integration complexity.

• Founder advantage (weight 15%): from your strengths mapping (relationships and domain experience).

Again, rate each 1–10, apply weights, and normalize. A high value + high feasibility idea sits in the top-right and is your immediate priority. High value but low feasibility might be a roadmap candidate — attractive but needing partnerships, funding, or more time. Low value and high feasibility might be a quick cash-generator or a lead-generation tool but not core to long-term strategy. Low/low ideas are discard candidates.

✒️ Note: Use conservative inputs. Over-optimistic TAMs and under-estimated labeling costs are common errors. If you’re unsure about a number, ask: “What if this is only 50% of what I think?” Sensitivity-check your top-ranked ideas.

A worked example (compact)

Imagine three ideas for a team with strong insurance-industry connections and no proprietary labeled data:

A. Automated triage for commercial claims (high value, partner data possible).

B. Personalized marketing copy generator for brokers (moderate value, easy data).

C. Vision-based damage assessment for auto bodies (high value but high data cost).

Heatmap shows A: partner access moderate–high, quality moderate; B: public data good, quality moderate; C: access low, quality high but expensive to label. Feasibility scores will favor A and B given the team’s relationships; the value score favors A and C. The matrix likely puts A highest overall — a pragmatic first target — with C as an aspirational roadmap if you can secure labeled imagery budget or a partnership.

Decision rules to move forward

• If Value ≥ 70 and Feasibility ≥ 60: Green light to run Launch-in-5 validation and design a pilot.

• If Value ≥ 70 and Feasibility < 60: Build partnerships, secure pilot commitments, or allocate budget for data before heavy engineering.

• If Value < 70 and Feasibility ≥ 60: Consider a short “cash generator” pilot—rapid, low-cost, revenue-focused—or deprioritize unless it accelerates data acquisition for a higher-value product.

• If Value < 50 and Feasibility < 50: Archive and revisit only if conditions change.

💡 Tip: Keep your top-three ideas live for 60 days. Run a small Launch-in-5 or discovery cycle for each; measurement beats theory. If two ideas fail early validation, double down on the remaining one with adjusted scope.

Using the map as a living artifact

Treat the opportunity map as a dynamic artifact, not a one-time exercise. Revisit it after every pilot, after you gain access to a new dataset, or when you hire a key lead. As your data improves or your team adds different expertise, feasibility changes — and previously improbable ideas can become viable. Likewise, a new regulation or a competitor’s move can reduce value overnight; mapping keeps you honest and helps you pivot earlier.

One-line next step: score your top five ideas with the three tools above this week, and pick the top two to run 30-day Launch-in-5 pilots.


​Section B — Customer Discovery Process

Customer discovery is the laboratory where ideas are stress-tested and either pass into product experiments or quietly die. The point is not to confirm your favorite theory; it’s to collect high-quality, repeatable signals that let you move from intuition to a testable hypothesis. This section gives a pragmatic 30-customer interview sprint (scripts, flows, and a scoring rubric), explains the pivot from problem interviews to solution interviews, and shows how to turn what you hear into crisp hypotheses you can run in the next technical sprint.

The 30-customer interview sprint — structure and timing

Run these thirty conversations in an accelerated blitz over 2–3 weeks. That pace keeps memory fresh, reduces bias from changing product framing, and forces you to synthesize fast. Break the work into three waves of ten interviews each: wave one for exploratory learning, wave two for pattern validation, and wave three for hypothesis testing and pilot asks.

Operational cadence:

• Prep (Day 0–1): finalize script, recruit interviewees (mix of friendly and cold), and set an internal scoring sheet shared with your team.

• Wave 1 (Days 2–6): exploratory interviews to surface raw pain and language people use.

• Wave 2 (Days 7–12): targeted interviews to check emerging patterns and test specific frictions.

• Wave 3 (Days 13–18): closed interviews that include a soft pilot ask or a purchase-trial question.

• Synthesis (Days 19–21): affinity mapping, scoring, and hypothesis generation.

Interview script & flows — what to ask and why

Your script should feel like a conversation, not an interrogation. Use open prompts early, then move to quantifiers and decision questions. Below is a usable flow you can drop into a call or a calendar invite.


	Warm opener (1–2 minutes)
“Thanks for your time — I want to understand your process around [problem area]. I’m not selling anything today; I’m trying to learn.”
Purpose: reduce social pressure and set an explicit research frame.

	Concrete past behavior (5–8 minutes)
“Tell me about the last time this happened. Walk me through step by step.”
Follow-ups: “How long did it take? Who was involved? What systems did you use?”
Purpose: past behavior is far more predictive than hypothetical preferences.

	Frequency & scale (2–4 minutes)
“How often does that happen? On average, how many cases per month?”
Quantifiers are essential — they turn stories into projections you can plug into unit-econ models.

	Current workaround & cost (3–5 minutes)
“How do you currently handle this? What does it cost in time or dollars?”
Probe for hidden costs: rework, escalations, manual review cycles.

	Pain depth & consequence (3–4 minutes)
“When it goes wrong, what’s the worst outcome? Who notices?”
Purpose: this reveals tail-risk and procurement blockers.

	Willingness to change (3–5 minutes)
“If someone could reduce X by Y%, would you consider a pilot? Who signs off on that decision?”
Ask for specifics: budget line, procurement timeline, and metrics they'd accept.

	Closing & referral (1–2 minutes)
“Who else should I talk to about this? May I follow up with a short summary?”
Always ask for referrals and permission to send a one-page summary.



✒️ Note: Keep each interview to 20–30 minutes. Longer calls feel productive but usually produce diminishing returns.

Scoring rubric — from raw answers to comparable data

To compare interviews, use a simple numeric rubric you fill immediately after each call. Keep it short — too many fields slow you down and reduce consistency. Here’s a practical five-point rubric with weights you can apply:


	Frequency (0–4) — How often the pain occurs (0 = never, 4 = daily). Weight: 20%

	Impact (0–4) — Dollar or time impact (0 = negligible, 4 = critical). Weight: 30%

	Existing spend/contract (0–4) — Are they already paying someone? (0 = no budget, 4 = existing line item). Weight: 20%

	Decision velocity (0–4) — How fast can they buy/pilot? (0 = >12 months, 4 = <30 days). Weight: 20%

	Pilot willingness (0–4) — Verbal willingness to pilot/pay. Weight: 10%



Compute a weighted score per interview (sum(weighted components)). After 30 interviews you’ll have a distribution of scores that makes patterns visible. Use median and top-quartile as the primary signals: the top quartile indicates early adopters; the median tells you general market fit.

✒️ Note: Record calls (with permission), but always fill the scoring immediately while the conversation is fresh. This prevents recall bias.

From problem interview to solution interview — transition triggers and techniques

Start all interviews as problem interviews — your aim is to discover what people actually do and feel. Only introduce solutions after you’ve seen consistent signals. Signs you’re ready to pivot questions toward prototypes:

• Repeated language: at least 8–10 interviews use similar problem descriptions and metrics.

• Convergent scoring: the top quartile of interviews scores above your chosen threshold (e.g., 70/100).

• Purchase intent: multiple interviewees indicate a willingness to pilot for money or time savings, and can identify decision-owners.

When these triggers fire, shift your script to a solution interview while keeping skepticism. Solution interviews validate the desirability of a concrete offering, not its feasibility.

Solution interview additions:

• Show a low-fidelity prototype (clickable mock, spreadsheet demo, or Wizard of Oz). Observe, don’t narrate.

• Use outcome framing: “If this delivered X metric improvement, would you buy?” Ask them to state the acceptable minimum.

• Ask for behavioral commitments: “Would you sign a one-month pilot for $Y?” and capture exact procurement steps and timelines.

💡 Tip: Use Wizard of Oz pilots for solution interviews when your model isn’t production-ready. The manual behind the curtain gives you real performance data with minimal engineering.

Synthesizing signals — turning qualitative data into testable hypotheses

Raw interviews are noisy. You need to synthesize into crisp, falsifiable hypotheses that can be A/B tested or piloted. Follow this three-step method:


	Affinity mapping and pattern extraction (fast)
Dump all notes onto virtual sticky notes and cluster by theme: pain type, KPI focus, procurement blockers, language used, and feature asks. Label the clusters and count interview mentions — frequency matters. Identify “outlier” but high-value notes separately.

	Quantify and weight signals (moderate)
Convert recurring themes into numeric proxies: percent of interviewees citing a pain, median time lost, typical budget. Combine with your rubric scores to identify the strongest problem segments (e.g., “60% of underwriters report >8 hours/week lost to X; top quartile willing to pilot for $5k/mo”).

	Formulate testable hypotheses (explicit)
A testable hypothesis follows a tight template:



If we deliver [specific measurable outcome], then [specific persona] will [observable behavior change] resulting in [measurable business metric change] in [timeframe].

Example: “If we reduce claim triage time by 30% for regional brokers, then regional brokers will sign a 90-day pilot at $2k/month, resulting in at least one customer renewal within six months.”

For each hypothesis, list tests, acceptance criteria, and decision rules:

• Tests: interviews to confirm, a Wizard of Oz pilot, a pricing test.

• Acceptance criteria: numeric thresholds that prove value (e.g., >20% time saved and NPS>40).

• Decision rule: if pass → run paid pilot; if fail → pivot or archive.

✒️ Note: Always build one “killer test” that, if failed, kills the thesis quickly. This prevents sunk-cost fallacy.

Closing the loop — what to deliver after the sprint

At the end of the 30 interviews produce three artifacts: (1) a one-page synthesis with top two hypotheses and their numeric acceptance criteria; (2) a prioritized list of pilot prospects with contact and procurement notes; and (3) a short unit-econ sketch showing rough ARPA and cost-to-serve assumptions for the pilot. These artifacts are your commercial dossier for the next stage: Launch-in-5 or a focused MVP sprint.

One-line next step: run your first ten interviews this week using the script above, score them with the rubric, and we’ll synthesize the top hypothesis to pilot.


​Section C — Case Studies & Exercises

Real-world stories anchor abstract methods. Below are two tightly focused case studies — one in health-tech and one in manufacturing — each laid out as a problem diagnosis, a realistic data story, and a minimal MVP path that a founder could follow. After the case studies you’ll find an opportunity worksheet you can copy into a spreadsheet and use to score and rank your top three ideas. Everything here is practical: the aim is to get you to a pilot that proves value quickly, cheaply, and in a way investors can understand.

Health-tech niche: smart triage for diabetic foot risk

Problem diagnosis

Diabetic foot complications are a significant cost and human-suffering driver in many healthcare systems. Clinics struggle to screen at scale: visual inspection is subjective, and referral pathways are inconsistent. The product opportunity: a tool that flags patients at elevated risk during routine outpatient visits so that high-risk patients receive expedited care and lower-cost preventative treatment.

Data story — sources and constraints

Primary useful signals include clinical images (foot photos), basic vitals, historical EMR entries (prior ulcers, neuropathy diagnoses), and clinician notes. Public datasets for foot images are scarce and usually curated for research, so you’ll likely need partner-sourced images or a small prospective collection. Labeling must be clinical — binary “ulcer present / absent” plus risk gradings — which requires clinician time and thus higher annotation costs. Privacy and HIPAA-equivalent compliance are mandatory, and medical-device classification may be triggered if the system materially influences care paths.

MVP route — a pragmatic path to evidence


	Partner first: identify one outpatient clinic or podiatry practice willing to run a pilot. Offer a revenue-share or low-cost pilot in exchange for access to de-identified images and clinician labeling time.

	Wizard of Oz baseline: start by having clinicians label images and provide suggested triage — a “human-in-the-loop” service disguised as an assisted workflow. This produces labeled data while delivering value immediately. Collect outcomes: referrals made, follow-ups kept, and number of prevented escalations over a 90-day window.

	Prototype: wire a simple web UI that uploads photos, records clinician annotations, and returns suggested triage tags (initially populated by a small ensemble of off-the-shelf vision APIs plus simple rule-based checks). Log every decision and the human override.

	Evaluation: use sensitivity, specificity, and positive predictive value as core metrics; translate improvements into dollars saved (reduced hospital admissions, fewer dressing supplies, fewer emergency visits). Show payback time: how many prevented admissions equal the pilot price?

	Regulatory & deployment considerations: keep a detailed audit trail (image provenance, annotation logs, versioned model IDs). If outcomes look promising, budget for a formal clinical validation and conversation with regulatory counsel before broad rollout.



✒️ Note: For clinical pilots, begin with de-identified data and local IRB or clinic-level approvals. A single small clinic pilot with good documentation is more persuasive to a hospital procurement team than aggregate anecdotes from many informal demos.

💡 Tip: Capture clinician time saved as a primary monetizable metric. Health systems value clinician efficiency highly; show how triage reduces time per patient or shortens referral delays.

Manufacturing predictive-maintenance: a fast validation approach

Problem diagnosis

Manufacturers tolerate unplanned equipment downtime because current monitoring is noisy and predictive tools are expensive. A narrow problem is lucrative: predictive alerts for a specific asset class in a single plant line (e.g., CNC milling spindles) where spare part costs and downtime are known and quantifiable.

Data story — what you need and what you can realistically get

Useful signals: vibration traces, operating temperature logs, power consumption curves, and maintenance logs. Many factories already collect these telemetry streams in PLCs or via simple IoT sensors; the barrier is access and normalization. Labeling is usually “time-to-failure” with noisy ground truth: maintenance logs often miss nuanced failure modes. Fortunately, you can bootstrap models with unsupervised anomaly detection and then refine with a small, curated labeled set.

MVP route — rapid path to proof


	Choose an asset-class focus: pick the equipment that has the highest cost per hour of downtime and where sensor access is feasible. Aim for one line in one plant to keep variables limited.

	Baseline and manual alerting: instrument sensors (or capture existing telemetry) for 30–60 days and set simple threshold alerts to capture anomalies. Run these alerts alongside normal maintenance to gather false-positive/false-negative data.

	Human-in-the-loop pilot: have maintenance engineers review anomalies flagged by the prototype and rate them (true/false/uncertain). This gives labeled examples cheaply and engages the team.

	Build simple models: start with time-series anomaly detection and gradient-boosted classifiers using engineered features (windowed means, spectral energy, kurtosis) rather than deep learning. These are faster to train and explainable.

	Evaluate economics: quantify avoided downtime (hours saved * cost/hour) and pair that with model precision to estimate realized savings over a quarter. Demonstrate a simple payback model: “If false positives ≤ X% and true positives ≥ Y, pilot covers its cost in Z months.”

	Scale gating: if the pilot meets thresholds, expand to parallel lines and introduce automated ticket creation. If not, iterate on sensors, labeling, or feature engineering.



✒️ Note: Maintenance teams are protective of their workflows. Involve them early and give them control over alert thresholds during pilot; their buy-in is essential for adoption.

💡 Tip: Use short, fixed-price pilots tied to an SLA: if the system reduces one unplanned outage per quarter, it pays for itself. That kind of explicit linkage sells easily.

Opportunity worksheet — actionable template to score and rank top three ideas

Copy this table into a spreadsheet (columns across, ideas down) and fill in numbers. I recommend scoring on 1–10 for each item, then computing weighted sums.

Columns (per idea) — fill values and short notes:


	Idea name / one-sentence problem statement

	Persona (who suffers / who pays)

	Frequency (how often problem occurs; 1–10)

	Per-event dollar impact (estimate or range)

	Value score = Frequency * Per-event impact (normalize to 1–100)

	Data accessibility (1–10: public, partner, proprietary, purchased)

	Data quality (1–10: labels, coverage, recency)

	Legal/regulatory friction (1–10; 10 = high friction) — invert when computing feasibility

	Founder advantage (1–10: relationships, domain experience, prior contracts)

	Technical complexity (1–10: modeling difficulty, edge/latency, explainability needs)

	Feasibility composite = weighted sum [Data accessibility 30% + Data quality 30% + Founder advantage 20% + (10 - Technical complexity) * 20%] → normalize to 1–100

	Estimated time-to-first-paid-pilot (weeks) — convert to score (shorter = higher)

	Unit-econ sketch: expected ARPA, estimated cost-per-interaction, gross margin estimate (quick numbers)

	Priority recommendation: Green / Yellow / Red based on thresholds below



Scoring rules & thresholds (use these to translate into action)

• Green (Top priority): Value ≥ 70 and Feasibility ≥ 60 and time-to-pilot ≤ 12 weeks. Run Launch-in-5 and a small pilot.

• Yellow (Roadmap): Value ≥ 70 but Feasibility 40–59. Develop partnerships, collect data, and prepare for pilot in 3–6 months.

• Red (Archive): Value < 50 and Feasibility < 50. Do not invest now unless a catalyst changes.

Exercise: how to use the worksheet in 48 hours


	Pick your top five ideas and fill columns 1–10 with quick team estimates. Don’t over-research.

	Compute Value and Feasibility scores and rank the ideas.

	For the top two, write the one-line hypothesis and list the first pilot steps (contacts, data access, telemetry needs).

	Commit to a 30-day plan to run Launch-in-5 on the top-ranked idea.



✒️ Note: Numbers are only as good as your assumptions. Run sensitivity checks (what if ARPA is 50% lower?) and prioritize robustness.
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