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Abstract

Centuries of public policy variation across thousands of jurisdictions (countries, states, cities)
constitute a massive natural experiment. The data to identify which policies maximize welfare
exists but has not been systematically harvested.

The Optimal Policy Generator (OPG) applies causal inference methods (synthetic con-
trol, difference-in-differences, regression discontinuity) and Bradford Hill criteria to this cross-
jurisdictional data, measuring policy impact on two welfare metrics: real after-tax median income
growth and median healthy life years.

For any jurisdiction, OPG produces four categories of public policy recommendations: ENACT
(evidence-supported policies the jurisdiction lacks), REPLACE (policies set at suboptimal levels),
REPEAL (policies with net welfare harm), and MAINTAIN (policies aligned with evidence).
Each recommendation includes expected effects on both metrics, confidence grades, and blocking
factors including freedom and autonomy constraints.

The framework is agnostic to which party enacted each policy, evaluating only whether it
improved outcomes. Projected welfare gains under framework assumptions: 5-15% of GDP for
typical US states (90% CI: 2-25%), pending retrospective validation.
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Abstract

This specification describes the Optimal Policy Generator (OPG), a proposed framework for
producing jurisdiction-specific policy recommendations based on quasi-experimental evidence. OPG
measures policy impact on two fundamental welfare dimensions: real after-tax median income
growth (economic welfare) and median healthy life years (health welfare). These metrics
are hypothesized to capture the primary welfare effects of most policies while remaining directly
interpretable.

Epistemic status: OPG is an unvalidated methodological proposal. The framework represents a
theoretically-motivated approach to evidence aggregation, not a validated predictive tool. Quantita-
tive claims (e.g., “5-15% of GDP welfare gains”) are projections under framework assumptions that
require empirical calibration. Terminology like “evidence-supported” indicates consistency with
quasi-experimental evidence, not causal proof.

OPG output classes: ENACT (add policy), REPLACE (adjust policy level), REPEAL
(remove harmful policy), MAINTAIN (retain evidence-aligned policy).

Important limitation: Until retrospective validation is performed (see Section 20), OPG should
be treated as a theoretically-motivated heuristic for policy prioritization, not a validated predictive
tool. The quasi-experimental methods provide evidence consistent with causation under assumptions
that are often untestable.

OPG answers four questions: “What should we add? Change? Remove? Keep?” The framework
operates at any jurisdiction level (country, state, county, city) and produces four outputs:

1. Enact: New policies the jurisdiction should adopt
2. Replace: Existing policies to modify

3. Repeal: Harmful policies to remove

4. Maintain: Current policies aligned with evidence

Each recommendation includes expected effects on both metrics, confidence grades, and blocking
factors (see Section 10.2).

JEL Classification: H10, D72, C54, 118, D61

H10 (Public Finance, Structure and Scope), D72 (Political Economy), C54 (Quantitative Policy
Modeling), 118 (Health Policy), D61 (Allocative Efficiency; Cost-Benefit Analysis)

1 The Two Welfare Metrics

OPG measures policy impact using the two-metric welfare function defined in the Optimocracy
Framework:

1. Real after-tax median income growth (pp/year) - economic welfare
2. Median healthy life years (years) - health welfare


https://optimocracy.warondisease.org/#sec-two-metric-welfare

See the Optimocracy paper for full justification of these metric choices, data sources, and the welfare
function formula.
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Figure 1: The two things that matter: having money and being alive to spend it. You’d think this
would be obvious, but governments often forget the second bit.

1.1 Why Only Two Metrics?

Simplicity: These two metrics capture the primary welfare dimensions affected by most policies
while remaining directly interpretable. No complex conversion factors (VSL, QALY —$) are needed.

Coverage gap: Freedom and autonomy concerns are handled as blocking factors rather than
adding metric complexity. A policy that improves income and health but restricts freedom is flagged,



not silently scored. Environmental impacts and distributional effects are tracked as supplementary
indicators where data permits.

1.2 Income Metric Definition

Real after-tax median income growth is defined narrowly as: wages, salaries, and self-
employment income, minus taxes paid. This metric captures what appears in household budgets.

What counts as income effects:

o Wage increases from productivity gains (e.g., fewer sick days — measurably higher wages)
e Tax changes that directly affect take-home pay
e Employment effects that translate to wage income

What does NOT count as income effects:

o Healthcare cost savings (these are health system efficiency gains, not personal income)

o Reduced insurance premiums (unless they translate to higher take-home pay via employer
pass-through)

e Quality-of-life improvements that don’t appear in wages

Implication for policy analysis: This creates genuine tradeoffs that the two-metric framework
makes explicit. A tobacco tax, for example, may show:

o Income effect: Negative for smokers (direct tax burden), partially offset by productivity
gains for those who quit
o Health effect: Positive (reduced smoking — longer healthy life)

The framework does not hide this tradeoff by claiming healthcare cost savings are “income gains.” If
a policy improves health but costs money, both effects are reported honestly. This is a feature, not
a bug: it prevents corner solutions (an infinite tobacco tax would maximize health but devastate
income for smokers) and surfaces the welfare tradeoff for democratic deliberation.

1.3 Outcome Translation Methodology

While OPG uses only two terminal metrics (income growth and healthy life years), evidence often
measures surrogate outcomes (smoking rates, traffic deaths, crime rates). This section specifies
how surrogate outcomes are translated to the terminal metrics.

The translation chain:

Policy - Proximate Outcome -+ Intermediate Outcome - Terminal Metric

Stage Example (Tobacco Tax) Example (Seat Belt Law)
Proximate Cigarette sales (-8%) Seat belt usage (+15 pp)
Intermedi- Smoking prevalence (-3 pp) Crash fatalities (-11%)
ate

Terminal Healthy life years (40.25) Healthy life years (+0.15)

Conversion factors must be explicit:

Each translation step requires a documented conversion factor with source:



Conversion Factor Source Uncertainty

1 pp smoking reduction —  +0.083 years CDC life +30%
healthy life years tables, 32
1% fatality reduction — +0.015 years NHTSA data,'®  +25%

healthy life years
1 pp employment increase  +0.12 pp/year BLS wage data +40%
— income growth

Uncertainty propagation:

When multiple translation steps are chained, uncertainties compound:

af\?
Oterminal — Z (w) 012

%

For linear translations, this simplifies to:

CVterminal = A / Z CVzQ

Where CV is the coefficient of variation at each translation step. A three-step translation with 30%
uncertainty at each step yields ~52% uncertainty in the terminal metric.

Important clarification: The claim that “no complex conversion factors are needed” in the
abstract refers to the terminal metrics themselves (income and health are directly interpretable,
unlike utility or welfare indices). Translation from surrogate outcomes to terminal metrics does
require conversion factors, which must be documented and include uncertainty bounds.

2 The Evidence Base: Centuries of Natural Policy Experiments

Every jurisdiction that enacted a policy created a natural experiment. The evidence to know
what works already exists, scattered across thousands of jurisdictions and hundreds of years. OPG
systematically harvests this evidence.

2.1 Scale of Available Natural Experiments

Level Jurisdictions Years Policy-Years
US States 50 704 3,500+
Countries 200+ 230+ 46,000+

EU Regions 3004 50+ 15,000+

US Counties 3,000+ 50+ 150,000+
Cities worldwide 10,000+ varies millions

Each policy change creates a before/after comparison. Each jurisdiction that didn’t adopt creates a
control group. This represents a vast, largely untapped evidence base.



SCALE OF AVAILABLE NATURAL EXPERIMENTS
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Figure 2: US states give you 3,500 policy-years of data. Cities worldwide give you millions. It’s like
comparing a cookbook to the entire history of food.



2.2 The OPG Pipeline
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Figure 3: Data goes in, gets organized, analyzed, scored, then spits out recommendations. It’s a
sausage factory, but for telling politicians what works instead of what kills you

OPG EVIDENCE PIPELINE
1. INGEST

A1l policy changes with dates, jurisdictions, details
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2.3

2.
3.
4.

. ALIGN

Match policies to outcome time series by jurisdiction

. ANALYZE

Apply quasi-experimental methods (synth control, DiD)

. SCORE

Compute Policy Impact Scores using Bradford Hill

. RANK

Generate jurisdiction-specific recommendations

Why This Hasn’t Been Done Before

Data fragmentation: Policy records scattered across legislative databases, government
archives, academic papers

Computational limits: Meta-analysis at this scale requires modern infrastructure
Methodological advances: Synthetic control (2003), modern DiD (2021) are recent
Incentive structures: No existing institution has mandate 4+ capability + incentive

OPG aggregates fragmented evidence, applies modern causal inference at scale, and produces
actionable output.

11



WHY THIS HASN'T BEEN DONE BEFORE & OPG’S APPROACH
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Figure 4: Four reasons this was impossible before: scattered data, slow computers, bad methods,
nobody cared. Now: fast computers, good methods, some people care. Progress is three steps
forward, four barriers removed.

3 System Overview

3.1 What Policymakers See

A jurisdiction-specific dashboard showing which policies to enact, replace, repeal, or maintain,
ranked by expected welfare impact:

See Appendiz A for a complete worked example showing jurisdiction-specific recommendations.
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3.2 What Policy Analysts See

POLICY ANALYST'S ANALYTICAL SCOPE

|5~ y.
@ HETEROGENEITY
R, STATISTICS

95% CONFIDENCE INTERVALS

LENSES 3
CONCURRENT 2
FILTER  FILTERS / CONFOUNDERS CONTROLLED

LENSES

socioEconomic\ :
P°”°‘§J!:‘&’:EL§E3§ES‘P's’ STATUS s~ PR XSTIG |
f/ /A TRENOS
pazii f [\ BRADFORD HILL ANALYSIS METHOD  EXTERNAL
o CRITERIA SCORES swocks (] ;?Tﬁgﬁgh’g#‘fm
) Iy R | b . [A STRENGTH A\ ﬁ:ﬁ%:ﬂs
" e i 7 consisTEcy D) . INSTRUMENTATION
. = i ] [ SPECIFiCITY SYNTHETIC  DID RDD
>0 ] = "l - [ TEMPORALITY CORTROL  (DIFFERENCE.  (REORESSION
\,\ F' iy / i E‘Eﬂ_ﬂn}glﬁ:‘i’“‘_ \Nol’:fiﬂgl BISCONTINUINTY
/\_\ [ PLAUSIBILITY I/ Z 7[/
: COHERENCE = |
o T — P
LENSES - [/ EXPERIMENT z
[ ANALOGY QUALITY NATURAL EXPERIMENTS
STATISTICAL : DIAGNOSTICS IDENTIFIED
CONTROL FILTEFI FILTERS : FOR VALIDATION UPPDHTUNH‘IEﬁ
AUXILIARY
FILTERS

@}éki
.r"*

SIMILAR POLICIES JURISDICTION SFECIFIC
- VIAEMBEDDING-BAEED ADIUSTMENTS
SIMILARITY FOR SVIDENCE BASED ON DEMDGRAPHICS, 2
o T ANSEER EXISTING POLICIES, _

| WarOnDisease.org |

Figure 5: Eight different types of data combine to tell you if a policy actually works. Like ingredients
in a recipe, except this one tells you which recipes poison people.

Effect estimates with standard errors, confidence intervals, and heterogeneity statistics

Policy Impact Scores (PIS) for each policy-outcome relationship (intermediate metric)
Bradford Hill criteria scores for causality assessment

Analysis method used (synthetic control, DiD, RDD) with quality diagnostics
Confounders controlled and potential threats to validity

e Natural experiments identified for validation opportunities
Jurisdiction-specific adjustments based on demographics, existing policies, and context
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4 Introduction

4.1

Why Policy Ranking Fails Today

Current policy adoption follows a process dominated by political economy dynamics well-documented

in the public choice literature

1.

134,135.

Lobbying intensity: Policies that benefit concentrated interests (with resources to lobby)
are adopted over policies that benefit diffuse majorities?6:137

Ideological priors: Policymakers filter evidence through pre-existing beliefs, accepting
studies that confirm priors and rejecting those that don’t

Anecdote-driven reasoning: Vivid individual cases drive policy more than systematic
evidence (“If it saves one child...”)

Status quo bias: Existing policies persist regardless of evidence because change requires
political capital

. Salience heuristics: Policies addressing visible problems (terrorism, rare diseases) receive

disproportionate resources relative to invisible problems (air pollution, chronic disease)

The result: welfare losses from documented policy failures. Evidence-based policy movements have
attempted to address these failures'®13?  but lack systematic, jurisdiction-specific recommendation
generation.
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WHY POLICY RANKING FAILS TODAY

CURRENT POLICY ADOPTION FOLLOWS POLITICAL ECONOMY DYNAMICS
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Figure 6: Evidence says policy X works. But lobbying, fear of change, and shiny distractions filter
it out. It’s like having the cure but drinking the poison because the bottle is prettier.

4.2 Scale of Available Evidence

The evidence base comprises millions of policy-years of natural experiments across all jurisdictional
levels (see Section 2 for detailed counts). Even with imperfect causal inference, systematically
analyzing this data should improve on the current system of lobbying-driven, ideology-filtered policy
adoption. How much improvement is an empirical question requiring validation (see Section 20).

15



SCALE OF AVAILABLE EVIDENCE

(Based on Millions of Policy-Years of Natural Experiments)
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Figure 7: Current system: decide based on feelings, maybe 10 examples. New system: decide based
on millions of examples. It’s the difference between astrology and astronomy, but for governance.

4.3 Contributions

1. Methodological: A systematic framework for translating quasi-experimental evidence into
jurisdiction-specific policy recommendations, extending beyond generic evidence ratings to

actionable output in four categories (enact/replace/repeal/maintain).
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POLICY EVALUATION LITERATURE CONTRIBUTIONS
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Figure 8: Evidence becomes a score. Score tells you: do this new thing, swap that old thing, stop
doing that terrible thing, or keep doing that good thing. It’s like Marie Kondo, but for laws.

2. Taxonomic: We formalize the four recommendation types and introduce the Policy Impact
Score (PIS) as an intermediate metric combining effect magnitude, causal confidence (Bradford
Hill criteria), and methodological quality. This provides a standardized approach to evidence

aggregation.

3. Applied: We demonstrate the complete framework with a worked example for Texas traffic
safety policy, showing how generic effect estimates are translated into context-adjusted,
prioritized recommendations with blocking factors and tracking guidance.
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4.4 Validation Status

This specification describes a proposed framework. The methodology requires empirical validation
before deployment. Specifically, retrospective studies should assess whether OPG-identified high-
priority recommendations correlate with actual welfare improvements in jurisdictions that adopted
them (see Section 20 for proposed validation design). Until such validation is completed, OPG
outputs should inform but not replace expert judgment.

5 Related Work

5.1 Existing Policy Evaluation Frameworks

Regulatory Impact Analysis (RIA): Required by executive order for US federal regulations since
198149, RIA estimates costs and benefits of proposed rules but: (1) applies only to new regulations,
not the existing policy stock; (2) lacks systematic cross-jurisdiction evidence aggregation; (3) does
not produce jurisdiction-specific recommendations for subnational governments.

What Works Clearinghouse (WWC): The Institute of Education Sciences operates WWC
to review education interventions against methodological standards'*'. WWC demonstrates that
systematic evidence synthesis is feasible, but: (1) covers only education; (2) provides generic
intervention ratings, not jurisdiction-specific recommendations; (3) does not quantify expected
welfare gains.

Cochrane and Campbell Collaborations: These systematic review organizations cover
healthcare!*? and social policy!*® respectively. They represent the gold standard for evidence
synthesis but: (1) produce narrative reviews rather than quantitative recommendations; (2) provide
no jurisdiction-specific output; (3) operate on slow update cycles (years between reviews).

Congressional Budget Office (CBO): CBO provides nonpartisan fiscal scoring of proposed
legislation. While valuable for budget discipline, CBO: (1) estimates budgetary effects rather than
welfare; (2) evaluates what is proposed rather than what should be proposed; (3) is reactive rather
than proactive.

Benefit-Cost Analysis Tradition: The broader benefit-cost literature'**14> provides theoretical
foundations for policy evaluation but typically focuses on individual project or regulation assessment
rather than systematic cross-jurisdiction recommendation generation.
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5.2 This Framework’s Contribution
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Figure 9: How OPG is different from traditional evaluation: it’s personalized, comprehensive, and

uses actual data instead of vibes.

OPG differs from existing approaches by:

1. Producing jurisdiction-specific recommendations rather than generic evidence ratings
2. Covering the full policy stock (enact/replace/repeal/maintain) not just new proposals
3. Aggregating quasi-experimental evidence via meta-analysis with heterogeneity quantifi-

cation

4. Applying Bradford Hill criteria systematically to assess causality confidence
5. Including subsidiarity guidance (optimal jurisdictional level) and tracking for continuous
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improvement

6 Theoretical Framework

6.1 The Policy Optimization Problem

Let P denote the set of available policies. For jurisdiction j, let P; C 7 denote the current policy
bundle. Welfare under policy bundle P is defined using the two core metrics:

J

W,(P) = a - IncomeGrowth,;(P) + (1 — «) - Healtthearsj(P)

Where:

o IncomeGrowth,(P) = Real after-tax median income growth (pp/year)
. Healtthearsj(P) = Median healthy life expectancy (years)
o a = 0.5 (default equal weighting; can be adjusted for jurisdiction priorities)

The social planner’s problem:

Py =arg r;lg;( Wj(P) subject to feasibility constraints

Assumption 1 (Additive Separability): For tractability, assume each metric is approximately
additively separable across policies:

IncomeGrowth,(P) ~ Z ¢+ Eine
peP

Healtthearsj(P) ~ z}; B 4 e
pe

inc hlth
where i and i

interaction terms are assumed to be second-order.

are the marginal effects of policy p on each metric in jurisdiction j, and
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THE POLICY OPTIMIZATION PROBLEM

\Welfare
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—— 2 4 Weightin
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- Assumption 1 (Additive Separability)
. = {\J 8
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P€EP interactions)

Social Planner's Problem:

P; = arg max W;(P)
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Aj= (P \P) U(Pj\P}-)
* *
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andiaates epeal Landidates Wj(p) s 0
S

Proposition 1 (Policy Gap Characterization)

. WarOnDisease.org

Figure 10: Two circles: what you do now, what you should do. The bits that don’t overlap are
where people are dying unnecessarily. Venn diagrams finally do something useful.

Justification and limitations: Additive separability is a standard simplifying assumption in policy
analysis (see'? for regulatory impact analysis applications). This assumption is most valid when:
(1) policies operate through distinct mechanisms, (2) jurisdictions have not reached saturation in
any policy domain, and (3) policies do not create complementarities or substitution effects. When
these conditions fail (for example, when a carbon tax interacts with renewable energy subsidies),
the marginal effects may be mis-estimated.

Policy Interaction Detection:

OPG flags potential interaction effects using the following heuristics:
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1. Effect heterogeneity test: If a policy’s effect varies significantly depending on whether
another policy is present, flag the pair as potentially interacting.

2. Known interaction database: Documented policy complementarities and substitutes:

Policy A Policy B Interaction Type Evidence

Seat belt law Speed limit Complementary Both target crash
fatalities

Nutrition labeling  School lunch Complementary Both improve

programs dietary outcomes

Tobacco tax Smoking ban Complementary Reinforce each
other

Income tax cut Sales tax increase  Substitutable Offsetting fiscal
effects

3. Sensitivity analysis recommendation: For high-priority recommendations, report: “How
would this recommendation change if policies X and Y interact?” with bounds on combined
effect.

Proposition 1 (Policy Gap Characterization): Under Assumption 1, the welfare-optimal policy
set satisfies:
Pr={peP:w;p) >0}
and the policy gap for jurisdiction j is:
Aj = (PINE) U (PN Fj)
where (P \ P;) represents beneficial policies the jurisdiction lacks (enact candidates) and (P; \ P;)

represents harmful policies the jurisdiction has (repeal candidates). See Section 9 for the operational
implementation.

Proof: Direct consequence of additive separability. Include policy p if and only if w; (p) > 0.

6.2 Evidence Aggregation Properties

Proposition 2 (PIS as Precision-Weighted Evidence): Under random-effects meta-analysis
with between-jurisdiction variance 72, the pooled effect estimate 3 is (see Section 13 for

pooled
implementation):
_1 3
5 > j SEF+72 B
6pooled = Z 1
j SEF+72
with variance: )
Var(ﬁpooled) = Z 1
j SE3+72

Proof: Standard random-effects meta-analysis derivation (DerSimonian-Laird).

Proposition 3 (Heterogeneity Bounds Transferability): When I? > 75% (high heterogeneity):
Var[Bj|BpOOled] >0.75- Var[éj]

22



meaning the pooled estimate explains less than 25% of cross-jurisdiction variation. Context-specific
estimates are required rather than direct application of the pooled effect. This constraint is
operationalized in Section 13.4.

Proof: By definition, I? = #2&2 where &2 is typical within-study variance. When I? > 0.75,
between-study variance dominates, and the pooled estimate provides limited information about any
individual jurisdiction’s true effect.

6.3 Information Value

Proposition 4 (Value of Additional Evidence): The expected value of information from an
additional jurisdiction study is:

VOI = E| max U(a|new data)] — max E[U (a|current data)]
a€{adopt,reject} a

which is maximized when prior uncertainty is high and decision stakes are large.
Proof: Standard Bayesian decision theory!®®.

Corollary 1 (Trial Prioritization): Policies with (1) high prior variance in effect estimates,
(2) large potential welfare impact, and (3) low trial cost should be prioritized for experimental
validation. See Section 17 for implementation.

7 Core Methodology

7.1 Policy-Outcome Data Structure

The OPG system uses a relational database schema. The following is a reference implementation
showing the conceptual data model; production deployments may vary.
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OPG SYSTEM: POLICY-OUTCOME DATA
STRUCTURE (CONCEPTUAL MODEL)

REFERENCE IMPLEMENTATION

~ POLICY

" Policy_ID (PK) |
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AR

- POLICY_VERSION  }

“Version_ID (PK)
Policy_ID (FK)
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;é__q{\uthor
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Unit

.Notes

_POLICY_OUTCOME_LINK |
“Link_ID (PK)
Policy_Version_ID (FK)

QOutcome_ID (FK)
Weight

o

UTCOME_DATA_LINK.

Source_ID

“Link_ID (PK)
Outcome_ID (FK)

- Collection_|

(FK)
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“Source_ID (PK)
Name
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Location

- Refresh_Rate
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Figure 11: How the database connects policies to outcomes. It’s plumbing, but for knowledge
instead of waste. Although some policies are also waste.

7.1.1 Core Tables

—-— Hierarchical jurisdictions (country > state > county > city)

jurisdictions (
id, name, jurisdiction_type,

-- 'country',

'state',

'county', 'city'

parent_id, -- FK to parent jurisdiction (e.g., Texas -> USA)
iso_code, population, gdp_per_capita,
constitution_type, -- constraints on policy space

data_quality_score, -- how complete is our policy inventory?
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latitude, longitude,

—-— Policy types (canonical definitions)

policy_types (
id, name, policy_category_id, policy_type,
is_continuous, typical_onset_delay_days,
typical_duration_of_effect_years, canonical_text,

—-— Current policy inventory by jurisdiction
jurisdiction_policies (
jurisdiction_id, policy_type_id,
has_policy BOOLEAN,
policy_strength, -- e.g., tobacco tax amount, not just yes/no
implementation_date,
policy_details_json,
data_source, last_verified

-- Two core welfare metrics (fixed schema)
outcome_metrics (
id,
metric_type ENUM('income', 'health'), -- Only two types
jurisdiction_id,
measurement_date,
value, -- pp/year for income; years for health
confidence_interval_low,
confidence_interval_high,
data_source -- Census/BLS for income; WHO/BRFSS for health

—-- Policy recommendations (generated output)
policy_recommendations (
jurisdiction_id, policy_type_id,

recommendation_type, -- 'enact', 'replace', 'repeal', 'maintain'
current_status, -- what they have now (NULL if nothing)
recommended_target, -- what evidence suggests

-- Two-metric effects

income_effect_pp, —— Expected effect on median income growth (pp/year)
income_effect_ci_low, income_effect_ci_high,

health_effect_years, -- Expected effect on healthy life years
health_effect_ci_low, health_effect_ci_high,

evidence_grade, priority_score,

blocking factors, -- 'constitutional', 'federal_preemption', 'political'
similar_jurisdictions,

—-- Jurisdictional level guidance
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minimum_effective_level, recommended_level,
-- Tracking for feedback loop
tracking_frequency, tracking_baseline_method,
last_generated

7.1.2 Policy Types

Type Description Example Measurement
law Statutory law passed by Environmental Binary (exists/not)
legislature regulation law
regulation  Administrative rule by Agency emission Continuous (stringency)
agency standards
tax_policy  Tax rate, bracket, credit, Investment income  Continuous (rate)
deduction tax rate
budget_allocaBpending decision Education spending Continuous ($/capita)
per pupil
executive_ordéixecutive action Enforcement Binary
priority directive
court_ruling Judicial precedent Constitutional Binary
interpretation
treaty International agreement Multilateral Binary
cooperation treaty
local_ordinandéunicipal rule Land use Categorical
restrictions

26



7.2 Analysis Methods

N

| DIFFERENCE-IN- ||
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(DiD)

i

PANEL DATA
STRUCTURE
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REFLECTING THE
DB ‘CREDIBILITY REVOLUTION’  COMPARATIVE CASE
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Figure 12: Different ways to figure out if policies work when you can’t run proper experiments
because ethics committees get upset about randomly killing control groups.

The OPG system supports multiple quasi-experimental designs, reflecting the “credibility revolution”
in applied economics'*®. Each method is appropriate for different data structures'*”:

7.2.1 Synthetic Control Method
Use case: Single treated jurisdiction, good donor pool of similar untreated jurisdictions.

Method: Construct a “synthetic” control as a weighted average of untreated jurisdictions that
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matches the treated jurisdiction’s pre-treatment outcome trajectory. Post-treatment divergence
estimates the causal effect.

Quality metrics:

o pre_treatment_rmse: How well does synthetic control match pre-treatment? (Lower is
better)

o placebo_p_value: Permutation test comparing treated effect to placebo effects (Lower is
better)

Example: Effect of a state tobacco tax increase on smoking rates, using similar states without tax
changes as donors'*®!49, For comprehensive reviews of the synthetic control method, see'®°.

7.2.2 Difference-in-Differences (DiD)

Use case: Multiple treated jurisdictions, staggered adoption timing, parallel trends assumption
plausible.
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Figure 13: Two lines run parallel, then one gets the policy and diverges. The gap between them is
how much the policy helped or hurt. It’s like twins, but one gets vegetables.

Method: Compare pre-post change in treated jurisdictions to pre-post change in control jurisdictions.
Difference of differences estimates treatment effect. For settings with staggered adoption, modern
estimators account for heterogeneous treatment effects across cohorts

Quality metrics:

151

e parallel_trends_test_stat: Test statistic for pre-treatment trend equality
o parallel_trends_p_value: P-value for parallel trends test (Higher is better, want to fail to

reject)
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Example: Effect of occupational licensing reforms across states with different adoption timing.

7.2.3 Regression Discontinuity Design (RDD)

Use case: Sharp eligibility threshold determines treatment assignment.
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Figure 14: Dots on either side of a line, big jump at the cutoff. People just above the line do better.
It’s like being born one day later and getting free healthcare.

Method: Compare outcomes just above vs. just below the threshold. If other characteristics are
smooth across the threshold, the discontinuity in outcomes estimates the causal effect.

Quality metrics:
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e Bandwidth selection diagnostics
e McCrary density test for manipulation
e Covariate balance at threshold

Example: Effect of program eligibility on outcomes at an income or age threshold (e.g., retirement
benefits at age 65).

7.2.4 Event Study / Interrupted Time Series

Use case: Need to visualize pre-trends and dynamic treatment effects.

Event Study / Interrupted Time Series Analysis:
Dynamic Treatment Effects & Pre-Trends

Post-treatment coefficients

show effect dynamics Persistence of Impact
(Initial Impact) _ T (e.g., after return
1 to baseline)

Pre-treatment
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effects (before) and persistence (after).

o
QI
\\

Treatment Effect Estimate (Coefficient)

| 1 1 1 1 1 1 ]
=-3 t=-2 t=-1 t=0 t=1 t=2 t=3 t=4
Leads: Pre-treatment  (Treatment Start) Lags: Post-treatment
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Figure 15: Nothing happens, nothing happens, nothing happens, policy hits, then things change.
It’s like a heart rate monitor, but for legislation instead of life.
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Method: Estimate treatment effects at each time period relative to treatment, including leads
(pre-treatment) and lags (post-treatment).

Quality metrics:

o Pre-treatment coefficients should be near zero (no anticipation)
o Post-treatment coeflicients show effect dynamics

Example: Effect of unemployment insurance extensions on job search behavior, showing both
anticipation effects (before benefits expire) and persistence of impact (after return to baseline).
7.2.5 Confidence Weighting by Method

The following weights reflect proposed defaults based on the methodological rigor hierarchy in
applied economics. These weights have not been empirically calibrated and should be treated as
starting points for implementation.

Method Base Confidence Weight Rationale

Randomized 1.00 Gold standard; rare for

experiment policies

Regression 0.90 Local randomization at

discontinuity threshold

Synthetic control  0.85 Good pre-treatment fit
implies validity

Difference-in- 0.80 Requires untestable

differences parallel trends

Event study 0.75 Descriptive of dynamics;
less rigorous

Interrupted time 0.65 Single-unit; history

series threats

Simple 0.40 No control group;

before-after confounding likely

Cross-sectional 0.25 Snapshot; severe
confounding

7.3 Bradford Hill Criteria Scoring Functions

Bradford Hill’s criteria for causality'®?, originally developed for epidemiology, are operationalized

here as explicit scoring functions. Each criterion maps to a saturation function that produces a
score in [0, 1].
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BRADFORD HILL CRITERIA SCORING FUNCTIONS

Operationalized as Saturation Functions (Score: 0 to 1)
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Figure 16: Take nine different ways to check if something causes something else, squish them into
numbers between 0 and 1. Science loves turning confidence into decimals.

7.3.1 Strength of Association

Larger effect estimates provide stronger evidence. We use an exponential saturation function:

S,

strength — 1 — ei‘ﬁstd‘/ﬁsig

Where | B | is the absolute standardized effect size and S, = 0.3 is the saturation parameter.

sig

Parameter justification: The threshold S, = 0.3 corresponds to Cohen’s convention for a

33



“medium” effect size in social science!®®. This is a starting point; sensitivity analysis shows PIS
changes by £15% when f3;, varies from 0.2 to 0.4. A standardized effect of 0.3 yields Sy, g ~ 0.63;
effects of 0.6+ yield scores > 0.86.

7.3.2 Consistency Across Jurisdictions

Replication across contexts provides stronger evidence. Scored by number of independent jurisdiction
studies:

1 — efNj/Nsig

S

consistency —

Where N, is the number of jurisdictions with concordant effect direction and N, = 10 is the

saturation parameter.

ig

Parameter justification: The threshold N, = 10 reflects that replication across 10+ independent
jurisdictions provides strong evidence against idiosyncratic local effects. This aligns with meta-
analytic conventions where 10+ studies enable reliable heterogeneity estimation!®*
analysis shows PIS varies by +12% when N,
yield S, ~ 0.39; ten yield ~ 0.63.

consistency

. Sensitivity
ranges from 7 to 15. Five concordant jurisdictions

7.3.3 Temporality (Required)

Policy adoption must precede outcome change. This is binary (either satisfied or not):

5 _J10 if56>0
temporality — 0.0 otherwise

Where § is the lag between policy implementation and outcome measurement. If temporality is
violated, the overall CCS is zeroed regardless of other criteria.

7.3.4 Dose-Response Gradient

For continuous policies (tax rates, spending levels), dose-response strengthens causal inference:

r2
S 4 _ dose
gradient — 2 2
Tdose + ’rsig
Where 74,4 is the correlation between policy intensity and outcome magnitude, and rg, = 0.5 is
the saturation parameter.

Parameter justification: The threshold ry, = 0.5 reflects that a correlation of 0.5 between policy
intensity and outcome represents moderate dose-response evidence. This is analogous to toxicological
dose-response standards where monotonic relationships strengthen causal inference!'®®
analysis shows PIS varies by +£8% when r
0.5 yields S

gradient

. Sensitivity
sig Tanges from 0.3 to 0.7. A dose-response correlation of
= 0.5; correlation of 0.7 yields ~ 0.66.

Binary policies: For binary (yes/no) policies, dose-response cannot be assessed. Rather than
defaulting to a neutral score of 0.5, binary policies are marked as “N/A” for gradient and this
criterion is excluded from the CCS calculation (weights are renormalized across remaining
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criteria). This prevents binary policies from being systematically penalized relative to continuous
policies.
7.3.5 Experiment Quality

Quality of the quasi-experimental design, weighted by validity diagnostic violations:

Sexperiment = Wpethod X (1 - vviolations)

Where w104 is the base method weight and vy j,i0ns € [0, 1] is the proportion of validity checks

failed (parallel trends, pre-treatment fit, placebo tests).
7.3.6 Plausibility (Mechanistic)

Economic or behavioral mechanism linking policy to outcome. Scored by expert-validated mechanism
database:

S, 2

lausibility — — ~~ ..
plausibility ZZ wi

Where m; € {0,1} indicates whether mechanism component 17 is satisfied and w, are component
weights.

Mechanism component checklist:

Component Weight Assessment Criterion

Economic theory predicts 0.30 Peer-reviewed theory paper supports predicted
direction sign

Behavioral response 0.25 Empirical evidence of behavioral change in
documented response to similar policies

No implausible required 0.20 Mechanism doesn’t require assumptions
assumptions contradicted by evidence

Timing consistent with 0.15 Effect onset matches expected mechanism
mechanism timeline

Magnitude plausible 0.10 Effect size within range predicted by mechanism

Scoring procedure: Each component is scored binary (0 or 1) by literature review. The weighted
sum yields S}, sibility € [0, 1]. When expert-validated mechanism assessments are unavailable, this
score defaults to 0.5 with a note that mechanism plausibility is unassessed.

7.3.7 Coherence with Literature

Consistency with broader economic and social science evidence:

N N
Scoherence =1—e¢ studies/ sig
Where Ny qics is the count of supporting studies in the literature and N, = 5. Three supporting

studies yield S ~ 0.45; ten yield ~ 0.86.

coherence
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7.3.8 Specificity

Whether the policy affects specific outcomes rather than everything:

1
Sspeciﬁcity =
1+ lOg(l + Noutcomes)
Where N, icomes 1S the number of outcome categories with significant effects. A policy affecting 1-2

outcomes has S, ..ificity > 0.7; a policy affecting 10+ outcomes has S,
suggests confounding or measurement artifact.

pecificity < 0-3. Lower specificity

7.4 Causal Confidence Score (CCS) Calculation

The aggregate CCS combines the eight non-temporality criteria with explicit weights, gated by
temporality:

Zk;ﬁtemp Wi~ Sk

CCS = 5,
' Z/ﬁétemp Wk

X

emporality

Stemporality aCts as a binary gate: if temporality fails (policy doesn’t precede outcome), the entire
CCS is zero regardless of other criteria scores.

Proposed default criterion weights:

These weights represent proposed defaults based on the relative importance of each criterion for
causal inference in policy contexts. They can be adjusted based on domain expertise, sensitivity
analysis, or empirical calibration. The weights are adapted from the epidemiological Bradford Hill
framework and have not been empirically validated for policy applications.

Criterion Weight Role

Temporality Gate Binary prerequisite (must be 1.0 to proceed)

Experiment  0.225 Method quality is primary for causal inference
Consistency 0.19 Replication across jurisdictions crucial
Strength 0.15 Effect magnitude matters for welfare

Gradient 0.125 Dose-response is strong causal evidence
Coherence 0.10 Literature support adds confidence
Plausibility  0.09 Mechanism existence supports causation
Specificity 0.06 Targeted effects more credible

Analogy 0.06 Transfer learning from similar policies

Weights for the eight scored criteria sum to 1.0. Temporality is not weighted because it is a binary
gate, not a continuous score.

8 Jurisdiction Policy Inventory

8.1 Tracking Current Policies by Jurisdiction

Before generating recommendations, OPG must know what policies each jurisdiction currently has.
The jurisdiction_policies table tracks:
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Field

Description

Example

has_policy
policy_strength
implementation_date
policy_details_json

data_source
last_verified

Whether jurisdiction has this policy type
For continuous policies, the current level
When current policy took effect

Structured details about implementation

Where this information came from
When this was last confirmed accurate

TRUE/FALSE

$1.41/pack (tobacco tax)
2009-01-01
{“primary__enforcement”:
false}

“Texas Tax Code §154.021”
2024-06-15

8.2 Data Sources for Policy Status

Jurisdiction Level

Primary Sources

Update Frequency

Country WTO, OECD, IMF policy Annual
databases
US State NCSL, state legislative Continuous
databases, LexisNexis
EU Member EUR-Lex, national legal Continuous
databases
US City/County Municipal code databases, Varies
Municode
Other Subnational National statistics offices, Varies
academic datasets
8.3 Handling Missing Data
Data completeness varies by jurisdiction and policy type:
Data Quality Score Interpretation Recommendation Confidence
> 0.9 Comprehensive inventory Full confidence
0.7-09 Most major policies tracked High confidence
0.5-0.7 Significant gaps Medium confidence; flag gaps
< 0.5 Sparse data Low confidence; prioritize data collection

Recommendations are only generated when policy status is known with reasonable confidence.

9 Policy Gap Analysis

9.1 Comparing Current to Optimal

For each jurisdiction j, the policy gap for policy type p is:

Where:

Gapjp = Evidence—Supportedp — Current,,,
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o Evidence-Supported: What the evidence suggests the jurisdiction should have
e Current: What the jurisdiction actually has

9.2 Gap Types

Gap Type Definition Example

Missing policy Jurisdiction lacks a policy with Texas lacks primary seat
strong positive evidence belt enforcement

Harmful policy Jurisdiction has a policy with strong Jurisdiction has policy X
negative evidence shown to increase mortality

Suboptimal strength Continuous policy set below Minimum wage below
evidence-supported level optimal level

Excessive strength Continuous policy set above Speed limit at 85 mph
evidence-supported level vs. optimal ~70 mph

9.3 Priority Scoring

Recommendations are ranked by priority score, which combines gap magnitude, evidence quality,
and expected welfare impact:

Priority].p = |Gapjp] x PIS, x M,

‘Where:

. |Gapjp] = Absolute difference between evidence-supported and current policy level (normalized
to [0,1])

o PIS, = Policy Impact Score (see Section 12), capturing effect magnitude and causal confidence

e M;, = Monetized annual welfare impact, adjusted for jurisdiction j’s population and context

Priority tiers:

Tier Priority Score Interpretation

Critical > 0.80 Immediate action recommended
High [0.50,0.80) Strong candidate for adoption
Medium [0.25,0.50) Consider if political capital available
Low < 0.25 Monitor for better evidence

High-priority recommendations have: 1. Large gap between current and optimal 2. Strong evidence
(Grade A or B; high PIS) 3. Large expected welfare impact (high M)

9.4 Context Adjustment

Effect estimates are adjusted for jurisdiction characteristics:
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Adjustment Factor Description Example

Demographics Age structure, income Tobacco tax effect
distribution varies by income
Existing policies Interaction with current policy Effect depends on
bundle what else is in place
Institutional capacity Enforcement capability Weak institutions —
smaller effects
Cultural factors Compliance norms Varies by society

Context Adjustment Algorithm:

The context adjustment multiplier is computed as:

Context Adjustmentj = H (146, - dy)
ke{D,P,1,C}

Where:

e dj, = Standardized distance between jurisdiction j and the evidence-weighted mean on factor
k
o J;, = Sensitivity coefficient for factor k (estimated from heterogeneity analysis)

Factor 0;, Default Quantification Method

Demographics  0.15 Distance on age/income/education

(D) distributions

Existing 0.10 Policy overlap comparison

policies (P)

Institutional 0.20 World Bank Governance Indicators

(1)

Cultural (C) 0.10 Hofstede dimensions + compliance indices

Uncertainty widening:

When jurisdiction j differs substantially from the evidence base (context adjustment < 0.7 or > 1.3),
confidence intervals are widened:

Clagjusted = Clpoolea X (1 + 0.5 x |1 — Context Adjustmentj])

This reflects increased uncertainty when extrapolating beyond the observed evidence distribution.

10 Recommendation Generation

10.1 Recommendation Types
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Type Question When to Use Example

Enact “Add this?” New policy the jurisdiction “ENACT primary
doesn’t have seat belt law”

Replace “Change this?” Modify existing policy level or “REPLACE tobacco
approach tax: $1.41 — $2.50”

Repeal “Remove this?” Remove policy with negative “REPEAL [harmful
evidence policy]”

Maintain “Keep this?” Current policy is “MAINTAIN DUI

evidence-supported

threshold at 0.08
BAC”

For continuous policies (taxes, spending levels), Replace specifies the change from current to
optimal level. Enact is reserved for truly new policies that don’t exist in the jurisdiction.

10.2 Blocking Factors

Recommendations flag constraints that may impede adoption:

Blocking Factor Severity Description Example
Constitutional Constraint Hard Requires constitutional — Takings Clause
amendment limits on land
use regulations
Federal Preemption Hard Federal law prevents Federal
state/local action minimum wage
floor
Treaty Obligation Hard International agreement WTO rules on
constrains policy tariffs
Autonomy Concern Soft Restricts individual Mandatory
freedom/choice helmet laws
Political Feasibility Soft Strong organized Industry
opposition lobbying
Implementation Cost Soft High fixed costs to New regulatory

implement

agency needed

Design rationale: Why blocking factors are metadata only

OPG produces evidence-based rankings, not political forecasts. Blocking factors are flagged but
do not affect algorithmic priority scores, for three reasons:

1. Political feasibility shifts over time. A policy “impossible” in 2020 may be mainstream by
2025. Filtering by current political feasibility would lock in the status quo and fail to surface

the evidence-supported set.

2. Politicians know their context. An elected official in Texas understands local political
dynamics better than any algorithm. OPG provides the evidence; filtering is left to policymaker

judgment.
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3. Autonomy tradeoffs require human judgment. A universal helmet law may save lives
but restrict freedom. This is a value judgment, not an evidence question. OPG surfaces the
health/income effects; the autonomy tradeoff is for democratic deliberation.

Hard vs. Soft blocking factors:

o Hard blockers (constitutional, preemption, treaty): These represent legal impossibility at
the current jurisdictional level. Recommendations with hard blockers are marked distinctly
but still shown, as they may inform advocacy for constitutional change or higher-level policy.

» Soft blockers (political, cost, autonomy): These represent practical difficulty, not impossibility.
Many transformative policies faced “impossible” political opposition before adoption.

Important: The full evidence-supported recommendation set is always shown. Users can filter
by blocking factor severity if desired, but the default view shows all recommendations ranked by
expected welfare impact.

10.3 Similar Jurisdictions

For each recommendation, OPG identifies jurisdictions that: 1. Had similar characteristics to the
target jurisdiction 2. Adopted the recommended policy 3. Experienced the predicted effects

This provides concrete examples for policymakers: “Vermont (similar demographics, adopted this in
2015, saw -7.1 pp smoking reduction).”
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Figure 17: How to find good examples to copy: find places like you, who did the thing, and didn’t
collapse. It’s like plagiarism, but encouraged.

10.3.1 Computing Jurisdiction Similarity

Similarity between jurisdictions j; and j, is computed as a weighted sum across three dimensions:

sim(jy, jo) = wp - simp(jy, Jo) + wp - simp(jy, jo) + wy - simy(jy, jo)

Where default weights are wp = 0.4, wp = 0.3, w; = 0.3.

Demographic Similarity (simp):
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Variable Weight Normalization

Log GDP per capita 0.25
Population log 0.15
Median age 0.20
Urban population % 0.15
Education (years) 0.15
Gini coefficient 0.10

By cross-jurisdiction SD
By cross-jurisdiction SD
By cross-jurisdiction SD
By cross-jurisdiction SD
By cross-jurisdiction SD
By cross-jurisdiction SD

> WilZ5, k= 25,

simp =1—

Where z values are z-scores and the denominator normalizes to [0,1] (4 SD maximum difference).

Institutional Similarity (sim;):

Feature Comparison

Federal vs. unitary Binary match (1.0 if same, 0.5 if different)

Legal tradition Common law, civil law, mixed (1.0/0.5/0.0)
Enforcement capacity World Bank governance indicator proximity
Corruption level Transparency International CPI proximity

Usage: Jurisdictions with sim(j;, j5) > 0.7 are considered “similar” for evidence transfer purposes.
Effect estimates from similar jurisdictions receive higher weight in context adjustment.

10.4 Recommended Tracking (for OPG Feedback)

Fach recommendation includes minimal tracking guidance to enable continuous OPG improvement:

Field Description Example

Primary metric The outcome variable to track Traffic deaths per 100K
Data source Where to get it State vital statistics
Measurement How often Annual

frequency

Comparison What to compare against Pre-implementation 3-year
baseline average

This creates a learning loop: OPG recommends — jurisdiction implements — reports outcomes —

OPG improves future recommendations.
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* RECOMMENDED TRACKING (FOR OPG FEEDBACK

FIELD DESCRIPTION EXAMPLE)
PRIMARY The outcome Traffic deaths
METRIC variable to track per 100K
DATA SOURCE Where to get it State vital statistics

Fhequency | |fowoten |ama
COMPARISON : Pre-implementation
BASELINE What to compare against 3-year average

OPG
RECOMMENDS

"LEARNING LOOP

OPG - JURISDICTION = REPORTS - OPG

JURISDICTION
IMPLEMENTS,,

REPORTS
OUTCOME

| WarOnDisease.org

Figure 18: OPG suggests thing, place does thing, place reports how it went, OPG learns. It’s a
feedback loop, except it actually uses the feedback instead of filing it.

11 Optimal Jurisdictional Level for Policy Implementation

11.1 The Subsidiarity Principle for Evidence Generation

OPG recommends policies be implemented at the lowest jurisdictional level where the policy
can be effective, for two reasons:

1. Maximize experimental data: 50 states experimenting > 1 federal policy. 3,000+ counties
> 50 states. More jurisdictions = more natural experiments = faster evidence accumulation.
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THE SUBSIDIARITY PRINCIPLE FOR EVIDENCE GENERATION

A
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OPG recommends policies be implemented at the lowest
jurisdictional level where the policy can be effective, for two reasons:

1. Maximize experimental data:
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Figure 19: Federal level: little data, big risk. County level: lots of data, small risk. It’s safer to
experiment in Shropshire than with the entire country.

2. Minimize harm from policy failures: A failed city ordinance affects thousands; a failed
federal policy affects hundreds of millions. Lower-level experimentation bounds downside risk.

11.2 When Higher Levels Are Necessary

Some policies require higher jurisdictional levels:

Reason Example Recommendation

Externalities Pollution crosses borders  State or federal
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Reason Example Recommendation

Race-to-bottom Labor standards, tax Federal floor, state variation above
risk competition

Network effects Infrastructure standards  Federal coordination

Economies of scale  Defense, diplomacy National

11.3 Jurisdictional Level in Recommendations

For each policy recommendation, OPG specifies:

Field Example

Minimum effective level “City or higher”

Recommended level “City (maximize data collection)”
Current adoption “12 states, 47 cities have this”

Level constraints “Federal preemption prevents city-level”

12 Policy Impact Score (Intermediate Metric)

12.1 Overview

The Policy Impact Score (PIS) is the intermediate metric used to generate recommendations. It
quantifies the strength of evidence that a policy affects an outcome, combining effect magnitude,
causal confidence, and analysis quality into a single score.
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12.2 Jurisdiction-Level PIS Calculation

JURISDICTION-LEVEL PIS CALCULATION

For each jurisdiction j and policy p, compute PIS
separately for each of the two metrics

PIS;,; (Income Metric) PISyun (Health Metric)

Plslnc |ﬁmc e Ccs;;l,c X ij Plshlth l hlth| X ccsh{l}th X ij

Absolute Causal Quality

|

|

|

|

|

|

|

I

| MM“.AJmﬁJ; % oA
) 4

I ahith ; :
| “B]p H ICCShI,th\ ‘ Qjp |
i - T
|

|

I

|

|

|

|

|

|

I

Absolute Causal Quality
standardized Confidence adjustment standardized Confidence adjustment
effect on Score (CCS)  factor based effect on Score (CCS)  factor based
median income  from Bradford on analysis healthy life from Bradford on analysis
growth Hill criteria method years Hill criteria method
(pp/year) —

COMBINED PIS (for ranking purposes)

PIS;j, = 0.5 x PISI® + 0.5 x PIS!ith

| WarOnDisease.org|

Figure 20: How to calculate if a policy works: add up how big the effect is, how sure we are, and
how good the data is, for both money and health. Then argue about the number.

For each jurisdiction j and policy p, compute PIS separately for each of the two metrics:

PISS = || x CCS}Y x @,
Plshlth |Bh]th| % Ccshlth Q]p
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Where:

inc

| = Absolute standardized effect on median income growth (pp/year)
o | B;’;,th| = Absolute standardized effect on healthy life years
o CCS = Causal Confidence Score from Bradford Hill criteria (see Section 7.3)

¢ (), = Quality adjustment factor based on analysis method

The combined PIS for ranking purposes is:

in hith
PIS;, = 0.5 X PISj]DC + 0.5 x PIS;,

12.3 Always Report Both Metrics Separately

While combined PIS is useful for ranking, recommendations should always display effects on both
metrics:

Policy Income Effect Health Effect CCS Grade

Primary seat belt +0.02 pp/yr  +0.15 years 081 A
Speed limit reduction 40.01 pp/yr  40.06 years 0.73 B

The two-metric format makes tradeoffs explicit when they exist, preventing policies from hiding
negative effects behind aggregated scores.

12.4 Effect Estimate Standardization

Each metric is standardized using cross-jurisdictional standard deviations:

. Qinc N hlth
inc __ raw hlth __ raw
std T std T

income Ohealth

Where 0, ome 15 the cross-jurisdictional SD of median income growth (typically ~1.5 pp/year) and

Ohealth 18 the cross-jurisdictional SD of healthy life expectancy (typically ~3-5 years).
12.5 Quality Adjustment Factor
Q = Wy hoq - (1 — violations)

Where:

* Wy ehod = Method confidence weight (see table above)
« violations = Proportion of validity checks failed (parallel trends, pre-treatment fit, etc.)

12.6 Confounder Adjustment

For each analysis, we track which confounders were controlled:

48



"confounders_controlled":
"confounders_not_controlled":
"confounder_sensitivity": 0.85

}

The confounder_sensitivity field estimates how much the effect estimate might change if uncon-

trolled confounders were addressed (Oster’s delta,?%).

["gdp_growth", "unemployment", "population_age_structure"],
["neighboring policy_spillovers", "measurement_error"],

I

CONFOUNDER ADJUSTMENT '

ANALYSIS |

For each analysis, we track which confounders were controlled:

CONTROLLED CONFOUNDERS
(Tracked)

(s

(Socioeconomic
Status)

ADJUSTED
EFFECT
T ... ESTIMATE  }

v

=

confounder_sensitivity (Oster's delta)

| C % <
LOW SENSITIVITY ESTIMATED ] HIGH SENSITIVITY
(Robust Estimate) POTENTIAL CHANGE (Sensitive Estimate)

The confounder_sensitivity field estimates how much the
effect estimate might change if uncontrolled confounders
|_were addressed (Oster's delta,).

5=
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_
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Figure 21: Policy causes outcome, but other things also cause outcome. We control for the things

we know about. The things we don’t know about are called ‘oops.

49



13 Global (Aggregate) PIS Calculation

Aggregate estimates combine jurisdiction-level analyses via random-effects meta-analysis.

13.1 Pooled Effect Estimate

Where weights incorporate both within-study variance and between-study heterogeneity:

1
w, = ———
J SE? + 72
13.2 Pooled PIS Across Jurisdictions
The aggregate PIS for policy p and outcome o is:
> w, - PIS;
PISpooled - S

This precision-weighted average gives more influence to high-precision estimates (low SE) while
accounting for true heterogeneity (72).

13.3 Heterogeneity Statistics
Following standard meta-analysis conventions!*?:
o I2: Percentage of variance due to heterogeneity (vs. sampling error)

— I? < 25%: Low heterogeneity
— 25% < I? < 75%: Moderate heterogeneity
— I? > 75%: High heterogeneity (effects vary substantially across jurisdictions)

o 2 Estimated between-study variance
o (Q statistic: Cochran’s test for heterogeneity

High heterogeneity suggests moderators (policy effects vary by context) rather than a single true
effect.

13.4 Evidence Grading

Evidence grades are assigned using explicit thresholds on PIS, heterogeneity (I?), and jurisdiction

count (N;):
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A if PIS > 0.80 AND I < 0.50 AND N, > 5
B if PIS > 0.60 AND I? < 0.50 AND N; >3
Grade = ¢ C'if PIS > 0.40 AND I? < 0.75 AND N; > 2
D if PIS > 0.20
F' otherwise
Grade interpretation:
Grade PIS Threshold Heterogeneity Jurisdictions Interpretation
A > 0.80 I? < 50% >5 Strong evidence;
ready for
implementation
B > 0.60 I? < 50% >3 Good evidence;
consider piloting
C > 0.40 7 < 75% >2 Suggestive evidence;
needs validation
D >0.20 Any Any Weak evidence;
exploratory only
F < 0.20 Any Any Insufficient evidence

Threshold calibration methodology:
These thresholds are proposed defaults requiring retrospective calibration. The calibration procedure:

1. Historical validation: Apply OPG grading to policies adopted 10+ years ago with known

outcomes

2. Target validation rates: Grade A recommendations should validate at 70%+ rate; Grade
B at 50%+

3. Threshold adjustment: If observed validation rates differ from targets, adjust PIS and I?
thresholds

Heterogeneity threshold rationale:

The I?2 < 50% threshold for Grades A and B follows Cochrane Collaboration guidance that
heterogeneity above 50% indicates “substantial” variability across studies'*?. Grade C allows
heterogeneity up to 75% (the “high” threshold) with explicit acknowledgment that effects are context-
dependent. Above 75%, pooled estimates provide limited guidance for any specific jurisdiction.

Evidence grading decision rule (text summary): start with PIS threshold, then
apply heterogeneity threshold (12), then jurisdiction count (N ;)- The canonical Grade
A/B threshold in this spec is I? < 50%.

Additional grade modifiers:

e Conflicting evidence: Downgrade by 1 letter if direction of effect differs across high-quality
studies

o High-quality RCT: Automatic Grade A if RCT with low risk of bias, regardless of other
criteria

« Single jurisdiction: Maximum Grade C unless effect is extraordinarily large (]3| > 1.0 SD)
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13.5 Context-Specific Confidence

Effects may vary by jurisdiction characteristics. We report confidence separately for:

Context Description Example Modifier
High-income OECD members, GDP /capita Tax policy effects

countries > $30K

Low-income GDP /capita < $5K Different institutional capacity
countries

Federal systems Policy set at national level vs. subnational variation
Subnational States, provinces, cities Local policy autonomy

14 Quality Requirements & Validation

14.1 Minimum Thresholds for Inclusion

Criterion Minimum Rationale

Pre-treatment periods 4 Need to assess pre-trends
Post-treatment periods 2 Need to observe effect
Outcome observations 20 Statistical power

Control jurisdictions (for DiD) 5 Donor pool size
Pre-treatment RMSE (synthetic < 2 SD Acceptable pre-treatment fit
control)

14.2 Parallel Trends Testing (DiD)

For difference-in-differences analyses, we test whether treated and control jurisdictions had parallel
outcome trends before treatment:

Estimate event study with pre-treatment leads

Test joint significance of pre-treatment coefficients

If p < 0.10, flag as potential parallel trends violation

Report sensitivity: how different would trends need to be to explain away the effect?

o=

Parallel trends test workflow: estimate event-study leads, run a joint significance
test on pre-treatment leads, flag when p < 0.10, then report sensitivity to plausible
alternative trends.
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14.3 Pre-Treatment Fit (Synthetic Control)
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Figure 22: How to check if your fake control group is good enough: measure error, try fake treatments,

i WarOnDisease.org |

reject if it’s rubbish. Quality control for imaginary things.

For synthetic control analyses:

1. Calculate RMSE of synthetic vs. actual treated unit pre-treatment

2. Compare to distribution of placebo RMSEs (treating each donor as “treated”)
3. If treated RMSE is in top 10% of placebo RMSEs, flag as poor fit

4. Report ratio of post-treatment effect to pre-treatment RMSE

93



14.4 Placebo and Robustness Tests

Test Purpose Implementation

In-time placebo Does “treatment” show Assign fake treatment date before actual
effect before it happened?

In-space Do untreated units show Apply analysis to control jurisdictions

placebo similar effects?

Leave-one-out Is result driven by single Re-estimate dropping each jurisdiction
jurisdiction?

Bandwidth (For RDD) Is result robust Estimate with multiple bandwidths

sensitivity to bandwidth choice?

Covariate Does controlling for Add covariates, compare estimates

adjustment confounders change result?

15 Interpreting Recommendations

15.1 Priority Tiers

Tier Criteria Action

Quick Wins High impact, low blocking factors, Immediate adoption
Grade A evidence recommended

Major Reforms High impact, significant blocking Requires political capital;
factors strategic timing

Long-Term Moderate impact, constitutional or Requires structural change
treaty constraints

Monitor Moderate impact, Grade C/D evidence Watch for better evidence

15.2 Political Feasibility Notes
While OPG does not filter by political feasibility, it provides context:

¢ Organized opposition: Industries or groups likely to lobby against

e Public opinion: Polling data on similar policies where available

o Adjacent jurisdictions: Whether neighbors have adopted (diffusion effects)
« Historical attempts: Previous failed attempts and why
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15.3 Sequencing Guidance

Some policies are easier to adopt after others:

]
1. QUICK WINS FIRST | I 2. COMPLEMENTARY BUNDLES k

\ J.l’ OLICY
\M / POLITIC \'s 4
HIGH-IMPACT _Pckl;liTA).‘LL

CHANGE _

SYNERGY .

EASY
POLICY

‘ CRITICAL MASS BEN EFl

CRITICAL MASS
BENEFIT

R B

Some benéﬁlfé .o.ﬂll.j.a pédfafter

BENEFIT
Some policies work better together

P
critical mass of policies

WarOnDisease.org

Figure 23: Start with easy wins, build momentum, bundle things together, hit critical mass. It’s
like a diet plan, but for governance and with better success rates.

Some policies are easier to adopt after others:

1. Quick wins first: Build political capital with easy, high-impact changes
2. Complementary bundles: Some policies work better together
3. Threshold effects: Some benefits only appear after critical mass of policies
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16 Effect Size Benchmarks

Effect sizes are calibrated to cross-jurisdictional variation to aid interpretation:

Size Income (pp/year) Health (years) Example

Small < 0.05 < 0.1 Minor regulatory changes
Medium 0.05 - 0.15 0.1-0.3 Typical tax policy effects
Large 0.15-0.30 0.3-0.5 Major reform programs

Very Large > 0.30 > 0.5 Transformative policies (rare)

Calibration basis: US states vary by ~1.5 pp/year in median income growth and ~3-5 years in

healthy life expectancy. A “medium” effect represents ~10% of cross-state variation.
Confidence interval interpretation:

o Narrow (< 25% of effect): Precise estimate; high confidence
o Moderate (25-50% of effect): Reasonable precision
« Wide (> 50% of effect): Imprecise; low confidence

For the complete two-metric framework definition, see Section 1.

17 'Trial Prioritization

17.1 Value of Information Calculation

The expected value of running a randomized trial on policy p is:

VOI,, = P(adopt|trial) - F[benefit|trial] — P(adopt|no trial) - E[benefit|no trial] — Costy,

Policies with high VOI have:

e High prior uncertainty: Current evidence is inconclusive

« High potential impact: If the policy works, benefits are large

e Low trial cost: Policy can be randomized in small jurisdictions cheaply
e Decision relevance: Trial result would change adoption decision

17.2 Natural Experiment Identification

The system automatically identifies potential natural experiments:

Type Identification Method Example
Border Adjacent jurisdictions with different policies Minimum wage
discontinuity differences at state

Temporal
discontinuity

Abrupt policy change

56

borders
Court ruling
invalidating previous
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Type Identification Method Example

Eligibility Sharp cutoff for policy application Income threshold for

threshold benefit eligibility

Staggered Different jurisdictions adopting at different times Unemployment

adoption insurance extensions
by state

Lottery Random assignment (rare) Charter school
lotteries

Court mandate FExternally imposed change Desegregation orders

Identified natural experiments are stored in natural_experiments table for validation.

17.3 Recommended Pilot Jurisdictions
For policies with PIS in the “pilot” range (0.10-0.25), we recommend jurisdictions based on:

Variation feasibility: Jurisdiction has autonomy to adopt the policy
Data quality: Good administrative data for outcome measurement
Donor pool: Similar jurisdictions available as controls

Political openness: Leadership interested in evidence-based pilots
Scalability: Results can inform larger-scale adoption

Gl N

18 Data Sources

18.1 Primary Policy Databases

Database Coverage URL Use Case
V-Dem 202 countries, v-dem.net'®”  Democracy indices,
1789-present political institutions
Polity V 167 countries, systemicpeace.oRggime type, political
1800-present stability
CPDS 36 OECD, 1960-present cpds- Economic policy, welfare
data.org'®? state
OECD iLibrary OECD members oecd- Tax, labor, education
ilibrary.org'®®  policy
Congress.gov US federal, 1973-present congress.gov'! US federal legislation
EUR-Lex EU, 1951-present eur- EU legislation and

lex.europa.eu'®regulations

18.2 Primary Outcome Databases

Database Coverage URL Use Case

World Bank WDI 217 countries, data.worldbank G352 poverty, education,
1960-present health

Our World in Data Global, varies ourworldindata.6hgtited outcome metrics

o7



Database

Coverage

URL

Use Case

WHO GHO
Penn World Tables

Global
183 countries,

1950-present

who.int/data/gldéfitth outcomes
gede.net/pwt!GDP, productivity, prices

SIPRI Global, 1949-present sipri.org!%7 Military spending

IMF 190 countries imf.org/data'%® Fiscal, monetary
indicators

18.3 Subnational Data

Country Source Coverage

United States

European Union

Census Bureau, BLS, state
agencies
Eurostat regional database

50 states + territories

~300 NUTS-2 regions

India CMIE, NSS, state data 28 states + territories
portals
China National Bureau of 31 provinces
Statistics
Brazil IBGE 27 states
18.4 Jurisdiction Policy Inventory Sources
Level Source Coverage
US States NCSL State Legislation All 50 states, continuous updates
Database
US States State government websites Primary verification
US Cities Municode, American Legal Major cities
Publishing
Countries OECD Government at a OECD members
Glance
Countries World Bank Doing Business 190 economies
(archived)
EU EUR-Lex All member states

19 Limitations

19.1 Oracle Capture Risk

The measurement process itself can be captured:

1. Outcome measurement: Agencies reporting outcomes have incentives to manipulate
2. Policy implementation dates: Recording when policies “really” took effect is subjective
3. Confounder selection: Which confounders to control affects estimates

Mitigation: Multiple independent data sources, pre-registered analysis protocols, adversarial audits.
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19.2 Confounding Severity

Policy effects face more confounding than drug trials:

Confounder Type Example Mitigation

Economic cycles Recession coincides Control for GDP growth,
with policy unemployment

Secular trends Improving health over Include time trends, compare
time to controls

Selection Jurisdictions adopting  Matching, synthetic control
policies differ

Spillovers Neighboring policies Spatial controls, SUTVA
affect outcomes violations noted

Reverse causality Outcomes drive policy Instruments, timing-based
adoption identification

19.3 Heterogeneous Effects
Policy effects vary by:

o Jurisdiction characteristics (income, institutions, culture)
e Implementation fidelity

e Complementary policies

e Time period

High heterogeneity (I > 75%) suggests context-dependence rather than universal effects.
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Figure 24: Same policy, different places, different results. Turns out context matters. Who knew,
apart from everyone who’s ever tried anything anywhere.

19.4 Jurisdiction-Specific Caveats

Caveat Description Mitigation

Data completeness  Policy inventory may be incomplete  Flag data quality; recommend

verification
Context transfer Effect in State A may not transfer to Adjust for observable differences;
State B widen Cls
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Caveat Description Mitigation

Implementation Same policy, different enforcement Track implementation quality

variation where possible

Interaction effects Effect depends on other policies in Model policy bundles, not just
place single policies

19.5 Time-Varying Effects

e Short-run vs. long-run: Immediate effects may differ from sustained effects
« Policy drift: Implementation changes over time (amendment notes tracking)
e Adaptation: Jurisdictions and individuals adapt to policies

The event study design explicitly models dynamic effects; we report both immediate and sustained
impact estimates.
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TIME-VARYING EFFECTS

 SHORT-RUN |
Vv

( LONG-RUN |
A4

POLICY DRIFT:
Implementation
changes over time

AMENDMENT_NOTES
TRACKING

EVENT STUDY
DESIGN

—

IMMEDIATE EFFECTS

Immediate impact
differs from sustained.

ADAPTATION: Jurisdictions and
individuals adapt to policies.

The event study design explicitly models dynamic effects;
we report both immediate and sustained impact estimates.

| WarOnDisease.org |

Figure 25: Immediate effect, people adapt, effect drifts, long-run effect settles. Policies age like milk,
not wine.
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19.6 Publication Bias
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Figure 26: Studies that find nothing don’t get published, so we think everything works. Funnel
plots fish the failures out of the file drawer. Science learns to count its zeros.

The policy evaluation literature suffers from systematic publication bias:

1. Null effects underreported: Studies finding “no significant effect” are less likely to be

published

2. Positive framing: Researchers may frame results to emphasize statistically significant

findings

3. File drawer problem: Failed replications rarely published
4. Jurisdiction selection: Jurisdictions with cleaner natural experiments are overrepresented
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Mitigation strategies:

o Weight by inverse probability of publication (using funnel plot asymmetry tests)
e Require pre-registration of analysis protocols before data access

e Include unpublished working papers and government reports

e Apply trim-and-fill or PET-PEESE corrections for funnel plot asymmetry

e Report null findings prominently in the database

19.7 Epistemic Limitations

OPG provides evidence-weighted recommendations, not causal proof:

What OPG Can Do What OPG Cannot Do

Rank policies by strength of Prove any policy causes an outcome
quasi-experimental evidence

Generate jurisdiction-specific Guarantee effects transfer to new contexts
recommendations

Identify promising candidates for randomized Replace randomized policy experiments
pilots

Quantify uncertainty and heterogeneity Eliminate unmeasured confounding
Flag potential harms with moderate Guarantee a policy is safe
confidence

Transfer evidence across similar jurisdictions  Account for all local factors

Important: The quasi-experimental methods used provide evidence consistent with causation
under assumptions that are often untestable. Synthetic control assumes the donor pool adequately
represents the counterfactual; difference-in-differences assumes parallel trends would have continued;
regression discontinuity assumes no manipulation around the threshold. These assumptions cannot
be verified from data alone.

20 Validation Framework

20.1 The Critical Question

The ultimate test of OPG validity: Do jurisdictions that adopt high-priority OPG recom-
mendations see better outcomes than those that don’t?

20.2 Addressing Adoption Bias

A naive retrospective comparison suffers from adoption bias: jurisdictions that voluntarily adopt
policies may differ systematically from those that don’t. States adopting tobacco tax increases may
already have anti-smoking momentum, overstating the causal effect of the tax itself.

Instrumental variable approach:

To address adoption bias, validation should exploit exogenous shocks to adoption:
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Exogenous Shock Example

Rationale

Court rulings State court strikes
down previous policy

Federal mandates Clean Air Act state
implementation

Close electoral outcomes Ballot measure passes
51-49%

Leadership turnover New governor from

different party

Adoption forced by legal
ruling, not political choice
Compliance driven by
federal law, not state
preference
Near-randomization around
threshold

Adoption reflects leadership
change, not underlying
trends

These quasi-random adoption events provide cleaner tests of OPG predictions than voluntary

adoption comparisons.

20.3 Proposed Validation Study

Design: Retrospective prediction using instrumental variable identification.
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Figure 27: Check if the system would have been right in the past: compute old data, identify
policies, compare predictions to reality, grade yourself. It’s like marking your own homework, but

honest.

Method:

1.
date (e.g., 2015)

the cutoff
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Compute OPG recommendations for all jurisdictions using only data available before a cutoff
. Identify exogenously-induced policy adoptions (court rulings, mandates, close votes) after

. Compare actual outcome changes in adopting jurisdictions to OPG predictions
. Assess prediction accuracy and prioritization value



Success Metrics (strengthened from initial draft):

Metric Definition Target

Discrimination (AUC) Does adopting recommendations predict AUC > 0.70
“welfare improved”?

Calibration Correlation between predicted effect and r > 0.5
actual effect

Prioritization value High-priority validation rate Ratio > 2:1
vs. low-priority rate

False positive rate High-priority recommendations that < 10%

harmed welfare

Expected Outcomes:

e If high-priority recommendations show validation rate of 60%-+ and low-priority show rate <
30%, the system has practical utility
e If no discrimination observed, the methodology needs recalibration or fundamental revision

20.4 Prospective Pre-Registration

To prevent hindsight bias, OPG should publish recommendations before adoption decisions
are made:

1. Quarterly publication of jurisdiction-specific recommendations with timestamps
2. Public pre-commitment to methodology (no post-hoc adjustments)

3. Tracking of which recommendations were subsequently adopted

4. Comparison of pre-registered predictions to actual outcomes

This creates an auditable record that prevents retrofitting methodology to match observed outcomes.
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Figure 28: Promise what you’ll measure before you measure it, then stick to the promise. Prevents
‘we meant to test that all along’ syndrome.

20.5 Known Limitations Requiring Validation

1. Context adjustment accuracy: Do jurisdiction-specific adjustments improve prediction?

2. Blocking factor impact: Are recommendations with blocking factors less likely to be
adopted?

3. Evidence grade thresholds: Are the A-F grade cutoffs appropriately calibrated?

4. Heterogeneity interpretation: Does high I? actually indicate context-dependence vs. mea-
surement noise?

5. Translation pipeline accuracy: Do surrogate—terminal metric conversions introduce
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systematic bias?

20.6 Continuous Improvement via Adoption Feedback

OPG improves through a learning loop:

OPG generates recommendation with expected effect + uncertainty
Jurisdiction adopts policy at recommended level

Jurisdiction tracks primary metric per tracking guidance
Jurisdiction reports outcomes to OPG feedback system

OPG incorporates new data point into meta-analysis

Future recommendations reflect updated evidence

S Gk W

This transforms OPG from a static evidence aggregator into a self-improving system where every
adoption strengthens the evidence base. The tracking guidance included with each recommendation
standardizes what data jurisdictions should collect and report.
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Figure 29: Recommend policy, place tries it, place reports results, analysis updates, better recom-
mendations. It’s machine learning, but for government instead of cat pictures.

Important caveat: The feedback loop is valuable but does not resolve adoption bias. Jurisdictions
that implement OPG-recommended policies and report outcomes may be systematically different
from those that don’t. The instrumental variable approach (exogenous shocks) remains the gold
standard for validation.
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21 Future Directions

21.1 Validation Priorities
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Figure 30: Ways to check if predictions work, ranked by importance: retrospective studies, prospec-
tive trials, cross-validation, expert review. Trust in descending order.

1. Retrospective validation study (highest priority): Test OPG predictions against subsequent
outcomes

2. Prospective prediction pre-registration: Publicly commit to recommendations before
policy adoption decisions

3. Domain expert review: Have policy experts assess face validity of rankings

4. Cross-validation: Hold out jurisdictions, predict their outcomes from others
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21.2 Data Infrastructure
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Figure 31: Collect laws, teach computers to read them, standardize the results, give researchers
access. It’s a library, but the books are alive and the librarian is an algorithm.

1. Automated policy tracking: NLP pipeline to detect policy changes from legislative
databases

2. Outcome harmonization: Standardized outcome definitions across jurisdictions

. API access: Enable researchers to query OPG data programmatically

4. Version control: Track how recommendations change as new data arrives

w
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21.3 Integration with Decision-Making
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Figure 32: Show data, admit uncertainty, model scenarios, get feedback, repeat. It’s like being
honest about not knowing things, which is why it’s revolutionary.

o

Policy dashboard: Real-time recommendations for policymakers
Uncertainty communication: Visualizations that convey confidence appropriately
Scenario modeling: “What if” analysis for proposed policies based on similar historical

policies
Feedback mechanisms: Track whether recommendations were actually adopted and out-

comes realized
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Conclusion

The Optimal Policy Generator provides a systematic framework for translating policy-outcome
evidence into jurisdiction-specific recommendations. By comparing each jurisdiction’s current
policy inventory to the evidence-supported set, OPG produces actionable recommendations in four
categories (enact/replace/repeal/maintain) ranked by expected welfare impact. The framework
transforms scattered natural experimental evidence into actionable, jurisdiction-specific guidance.
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(60), Phase 3 (237), Phase 4 (90). Additional sources: https://clinicaltrials.gov/data-api/api
CAN, A. Clinical trial patient participation rate. ACS CAN: Barriers to Clinical Trial
Enrollment https://www.fightcancer.org/policy-resources/barriers-patient-enrollment-
therapeutic-clinical-trials-cancer

Only 3-5% of adult cancer patients in US receive treatment within clinical trials About 5% of.
American adults have ever participated in any clinical trial Oncology: 2-8% of all oncology pa-
tients participate Contrast: 50-60% enrollment for pediatric cancer trials (<15 years old) Note:
20% of cancer trials fail due to insufficient enrollment; 11% of research sites enroll zero patients
Additional sources: https://www.fightcancer.org/policy-resources/barriers-patient-enrollment-
therapeutic-clinical-trials-cancer | https://hints.cancer.gov/docs/Briefs/HINTS _Brief 48.pdf
ScienceDaily. Global prevalence of chronic disease. ScienceDaily: GBD 2015 Study
https://www.sciencedaily.com /releases/2015/06/150608081753.htm (2015)

2.8 billion individuals had more than five ailments (2013) Chronic conditions caused 74%.
of all deaths worldwide (2019), up from 67% (2010) Approximately 1 in 3 adults suffer
from multiple chronic conditions (MCCs) Risk factor exposures: 2B exposed to biomass fuel,
1B to air pollution, 1B smokers Projected economic cost: $47 trillion by 2030 Note: 2.3B
with 5+ ailments is more accurate than "2B with chronic disease.” One-third of all adults
globally have multiple chronic conditions Additional sources: hitps://www.sciencedaily.com /re-
leases/2015/06/150608081753.htm | hitps://pme.ncbi.nlm.nih.gov/articles/PMC10830426/ |
https://pmc.ncbi.nlm.nih.gov/articles/PMC6214883/

C&EN. Annual number of new drugs approved globally: 50. CE6EN  https:
//cen.acs.org/pharmaceuticals/50-new-drugs-received-FDA /103/i2 (2025)

50 new drugs approved annually Additional sources: https://cen.acs.orq/pharmaceuticals/50-
new-drugs-received-FDA /103/i2 | hitps://www.fda.gov/drugs/development-approval-process-
drugs/novel-drug-approvals-fda

Williams, R. J., Tse, T., DiPiazza, K. & Zarin, D. A. Terminated trials in the ClinicalTri-
als.gov results database: Evaluation of availability of primary outcome data and reasons for
termination. PLOS One 10, 0127242 (2015)

Approximately 12% of trials with results posted on the ClinicalTrials.gov results database
(905/7,646) were terminated. Primary reasons: insufficient accrual (57% of non-data-driven
terminations), business/strategic reasons, and efficacy/toxicity findings (21% data-driven
terminations).

Report, 1. Global trial capacity. IQVIA Report: Clinical Trial Subjects Number Drops Due
to Decline in COVID-19 Enrollment https://gmdpacademy.org/news/iqvia-report-clinical-
trial-subjects-number-drops-due-to-decline-in-covid-19-enrollment /

1.9M participants annually (2022, post-COVID normalization from 4M peak in 2021) Ad-
ditional sources: hitps://gmdpacademy.org/news/iquia-report-clinical-trial-subjects-number-
drops-due-to-decline-in-covid-19-enrollment/
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17.

18.
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22.

Research & Markets. Global clinical trials market 2024.  Research and Markets
https://www.globenewswire.com/news-release/2024,/04/19/2866012/0/en/Global-Clinical-
Trials-Market-Research-Report-2024- An-83-16-Billion-Market-by-2030-AI-Machine-Learning-
and-Blockchain-will-Transform-the-Clinical-Trials-Landscape.html (2024)

Global clinical trials market valued at approzimately $83 billion in 2024, with projections to.
reach $83-132 billion by 2030. Additional sources: hitps://www.globenewswire.com/news-
release/2024,/04,/19/2866012/0/en/Global-Clinical- Trials-Market- Research-Report-2024-
An-83-16-Billion- Market-by-2030-A1-Machine- Learning-and- Blockchain-will- Transform-the-
Clinical-Trials-Landscape.html | hitps://www.precedenceresearch.com/clinical-trials-market
OpenSecrets. Lobbying spend (defense).  OpenSecrets https://www.opensecrets.org/
industries/lobbying?ind=D (2024).

GiveWell. Cost per DALY for deworming programs. https://www.givewell.org/international/
technical /programs/deworming/cost-effectiveness

Schistosomiasis treatment: $28.19-370.48 per DALY (using arithmetic means with varying.
disability weights) Soil-transmitted helminths (STH) treatment: $82.54 per DALY (mid-
point estimate) Note: GiveWell explicitly states this 2011 analysis is “out of date” and
their current methodology focuses on long-term income effects rather than short-term health
DALYs Additional sources: hitps://www.givewell.org/international/technical /programs/de-
worming/cost-effectiveness

Transportation, U. S. D. of. Departmental guidance on valuation of a statistical life in
economic analysis. (2024).

Think by Numbers. Pre-1962 drug development costs and timeline (think by numbers). Think
by Numbers: How Many Lives Does FDA Save? https://thinkbynumbers.org/health /how-
many-net-lives-does-the-fda-save/ (1962)

Historical estimates (1970-1985): USD $226M fully capitalized (2011 prices) 1980s drugs:.
$65M after-tax RED (1990 dollars), $194M compounded to approval (1990 dollars) Modern
comparison: $2-8B costs, 7-12 years (dramatic increase from pre-1962) Context: 1962
requlatory clampdown reduced new treatment production by 70%, dramatically increasing
development timelines and costs Note: Secondary source; less reliable than Congressional
testimony Additional sources: https://thinkbynumbers.org/health/how-many-net-lives-does-
the-fda-save/ | hitps://en.wikipedia.org/wiki/Cost_of drug_development | hitps://www.stat-
news.com/2018/10/01 /changing-1962-law-slash-drug-prices/

(BIO), B. I. O. BIO clinical development success rates 2011-2020.  Biotechnol-
ogy  Innovation  Organization  (BIO) https://go.bio.org/rs/490-EHZ-999 /images/
ClinicalDevelopmentSuccessRates2011 2020.pdf (2021)

Phase I duration: 2.3 years average Total time to market (Phase I-III + approval): 10.5.
years average Phase transition success rates: Phase I—=II: 63.2%, Phase II—III: 30.7%,
Phase III—Approval: 58.1% QOwverall probability of approval from Phase I: 12% Note:
Largest publicly available study of clinical trial success rates. Efficacy lag = 10.5 - 2.8
= 8.2 years post-safety verification. Additional sources: hitps://qgo.bio.orq/rs/490-EHZ-
999 /images/Clinical DevelopmentSuccessRates2011__2020.pdf

Medicine, N. Drug repurposing rate ( 30%). Nature Medicine https://www.nature.com/
articles/s41591-024-03233-x (2024)

Approzimately 30% of drugs gain at least one new indication after initial approval. Additional.
sources: https://www.nature.com/articles/s41591-024-03235-x
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25.

EPI. Education investment economic multiplier (2.1). EPI: Public Investments Outside
Core Infrastructure https://www.epi.org/publication/bp348-public-investments-outside-core-
infrastructure/

Early childhood education: Benefits 12X outlays by 2050; $8.70 per dollar over life-.
time Educational facilities: $1 spent — $1.50 economic returns Energy efficiency
comparison:  2-to-1 benefit-to-cost ratio (McKinsey) Private return to schooling:
9% per additional year (World Bank meta-analysis) Note: 2.1 multiplier aligns
with benefit-to-cost ratios for educational infrastructure/energy efficiency. FEarly
childhood education shows much higher returns (12X by 2050) Additional sources:
https://www.epi.org/publication/bp348-public-investments-outside-core-infrastructure/ |
https://documents1.worldbank.org/curated/en/442521523465644318/pdf/ WPS8402.pdf |
https://freopp.orq/whitepapers/establishing-a-practical-return-on-investment-framework-for-
education-and-skills-development-to-expand-economic-opportunity/

PMC. Healthcare investment economic multiplier (1.8). PMC: California Universal Health
Care https://pmc.ncbi.nlm.nih.gov/articles/PMC5954824/ (2022)

Healthcare fiscal multiplier: 4.3 (95% CI: 2.5-6.1) during pre-recession period (1995-
2007) Owerall government spending multiplier:  1.61 (95% CI: 1.87-1.86) Why
healthcare has high multipliers: No effect on trade deficits (spending stays domes-
tic); improves productivity € competitiveness; enhances long-run potential output
Gender-sensitive fiscal spending (health & care economy) produces substantial posi-
tive growth impacts Note: 71.87 appears to be conservative estimate; research shows
healthcare multipliers of 4.3 Additional sources:  https://pmc.ncbi.nlm.nih.gov/arti-
cles/PMC5954824/ | https://cepr.org/vozeu/columns/government-investment-and-fiscal-
stimulus | https://ncbi.nlm.nih.gov/pmc/articles/PMC3849102/ | https://set.odi.org/wp-
content/uploads/2022/01/Fiscal-multipliers-review. pdf

World Bank. Infrastructure investment economic multiplier (1.6). World Bank: Infrastructure
Investment as Stimulus https://blogs.worldbank.org/en/ppps/effectiveness-infrastructure-
investment-fiscal-stimulus-what-weve-learned (2022)

Infrastructure fiscal multiplier: 1.6 during contractionary phase of economic cycle Av-
erage across all economic states: 1.5 (meaning $1 of public investment — $1.50 of
economic activity) Time horizon: 0.8 within 1 year, 1.5 within 2-5 years Range of es-
timates: 1.5-2.0 (following 2008 financial crisis & American Recovery Act) Italian public
construction: 1.5-1.9 multiplier US ARRA: 0.4-2.2 range (differential impacts by program
type) Economic Policy Institute: Uses 1.6 for infrastructure spending (middle range of
estimates) Note: Public investment less likely to crowd out private activity during reces-
stons; particularly effective when monetary policy loose with near-zero rates Additional
sources: https://blogs.worldbank.org/en/ppps/effectiveness-infrastructure-investment-fiscal-
stimulus-what-weve-learned | hitps://www.gihub.org/infrastructure-monitor /insights/fiscal-
multiplier-effect-of-infrastructure-investment/ | hitps://cepr.org/vozeu/columns/government-
investment-and-fiscal-stimulus | https://www.richmondfed.org/publications/research/eco-

nomic__brief/2022/eb_22-04
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Mercatus. Military spending economic multiplier (0.6). Mercatus: Defense Spending
and Economy https://www.mercatus.org/research /research-papers/defense-spending-and-
economy

Ramey (2011): 0.6 short-run multiplier Barro (1981): 0.6 multiplier for WWII spend-.
ing (war spending crowded out 40¢ private economic activity per federal dollar) Barro
€ Redlick (2011): 0.4 within current year, 0.6 over two years; increased govt spend-
ing reduces private-sector GDP portions General finding: $1 increase in deficit-financed
federal military spending = less than $1 increase in GDP Variation by context: Cen-
tral/Eastern European NATO: 0.6 on impact, 1.5-1.6 in years 2-3, gradual fall to zero
Ramey & Zubairy (2018): Cumulative 1% GDP increase in military expenditure raises GDP
by 0.7% Additional sources: https://www.mercatus.orqg/research/research-papers/defense-
spending-and-economy | https://cepr.org/voxeu/columns/world-war-ii-america-spending-
deficits-multipliers-and-sacrifice | https: //www.rand.org/content /dam/rand/pubs/research__re-
ports/RRAT00/RRA739-2/RAND_RRA739-2.pdf

FDA. FDA-approved prescription drug products (20,000+). FDA https://www.fda.gov/
media/143704/download

There are over 20,000 prescription drug products approved for marketing. Additional sources..
https://www.fda.gov/media/143704/download

FDA. FDA GRAS list count ( 570-700). FDA https://www.fda.gov/food/generally-
recognized-safe-gras/gras-notice-inventory

The FDA GRAS (Generally Recognized as Safe) list contains approximately 570-700 sub-.
stances. Additional sources: hitps://www.fda.gov/food/generally-recognized-safe-gras/gras-
notice-inventory

ACLED. Active combat deaths annually. ACLED: Global Conflict Surged 2024 https:
//acleddata.com/2024/12/12/data-shows-global-conflict-surged-in-2024-the-washington-post /
(2024)

2024: 233,597 deaths (30% increase from 179,099 in 2023) Deadliest conflicts: Ukraine.
(67,000), Palestine (35,000) Nearly 200,000 acts of violence (25% higher than 2023, dou-
ble from 5 years ago) One in siz people globally live in conflict-affected areas Additional
sources: hitps://acleddata.com/2024/12/12/data-shows-global-conflict-surged-in-2024-the-
washington-post/ | hitps://acleddata.com/media-citation/data-shows-global-conflict-surged-
2024-washington-post | hittps://acleddata.com/conflict-index/index-january-2024/

UCDP. State violence deaths annually. UCDP: Uppsala Conflict Data Program
https://ucdp.uu.se/

Uppsala Conflict Data Program (UCDP): Tracks one-sided violence (organized actors at-
tacking unarmed civilians) UCDP definition: Conflicts causing at least 25 battle-related
deaths in calendar year 2023 total organized violence: 154,000 deaths; Non-state con-
flicts: 20,900 deaths UCDP collects data on state-based conflicts, mon-state conflicts,
and one-sided violence Specific 72,700 annually” figure for state violence not found in
recent UCDP data; actual figures vary annually Additional sources: https://ucdp.uu.se/
| https://en.wikipedia.org/wiki/Uppsala_ Conflict _Data_ Program | https://ourworldin-
data.org/grapher/deaths-in-armed-conflicts-by-region
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Our World in Data. Terror attack deaths (8,300 annually). Our World in Data: Terrorism
https://ourworldindata.org/terrorism (2024)

2023: 8,352 deaths (22% increase from 2022, highest since 2017) 2023: 3,350 terrorist.
incidents (22% decrease), but 56% increase in avg deaths per attack Global Terrorism
Database (GTD): 200,000+ terrorist attacks recorded (2021 version) Maintained by: National
Consortium for Study of Terrorism € Responses to Terrorism (START), U. of Maryland
Geographic shift: Epicenter moved from Middle Fast to Central Sahel (sub-Saharan Africa) -
now >50% of all deaths Additional sources: https://ourworldindata.org/terrorism | https://re-
liefweb.int /report/world/global-terrorism-index-2024 | https://www.start.umd.edu/gtd/ |
https://ourworldindata.org/grapher/fatalities-from-terrorism

Institute for Health Metrics and Evaluation (IHME). IHME global burden of disease
2021 (2.88B DALYs, 1.13B YLD). Institute for Health Metrics and Evaluation (IHME)
https://vizhub.healthdata.org/gbd-results/ (2024)

In 2021, global DALY totaled approzimately 2.88 billion, comprising 1.75 billion Years of Life.
Lost (YLL) and 1.13 billion Years Lived with Disability (YLD). This represents a 13% increase
from 2019 (2.55B DALYs), largely attributable to COVID-19 deaths and aging populations.
YLD accounts for approximately 39% of total DALYs, reflecting the substantial burden of
non-fatal chronic conditions. Additional sources: https://vizhub.healthdata.org/gbd-results/
| https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(24)00757-8 /fulltext |
https: //www.healthdata.org/research-analysis/about-gbd

Costs of War Project, Brown University Watson Institute. Environmental cost
of war ($100B annually).  Brown Watson Costs of War:  Environmental Cost
https://watson.brown.edu/costsofwar /costs/social /environment

War on Terror emissions: 1.2B metric tons GHG (equivalent to 257M cars/year) Military:.
5.5% of global GHG emissions (2X aviation + shipping combined) US DoD: World’s single
largest institutional oil consumer, 47th largest emitter if nation Cleanup costs: $500B+ for
military contaminated sites Gaza war environmental damage: $56.4B; landmine clearance:
$34.6B expected Climate finance gap: Rich nations spend 30X more on military than climate
finance Note: Military activities cause massive environmental damage through GHG emissions,
toxic contamination, and long-term cleanup costs far exceeding current climate finance com-
mitments Additional sources: https://watson.brown.edu/costsofwar/costs/social /environment
| hitps://earth.org/environmental-costs-of-wars/ | hittps://transformdefence.org/transformde-
fence/stats/

ScienceDaily. Medical research lives saved annually (4.2 million). ScienceDaily: Physical
Activity Prevents 4M Deaths https://www.sciencedaily.com /releases/2020/06/200617194510.
htm (2020)

Physical activity:  3.9M early deaths averted annually worldwide (15% lower pre-
mature deaths than without) COVID wvaccines (2020-2024): 2.533M deaths averted,
14.8M life-years preserved; first year alone: 14.4M deaths prevented Cardiovascular
prevention: 3 interventions could delay 94.83M deaths over 25 years (antihyperten-
siwes alone: 39.4M) Pandemic research response: Millions of deaths averted through
rapid vaccine/drug development Additional sources: https://www.sciencedaily.com/re-
leases/2020/06/200617194510.htm | hitps://pmc.ncbi.nlm.nih.gov/articles/PMC9537923/
/ https://www.ahajournals.org/doi/10.1161/CIRCULATIONAHA.118.038160 /
https://pmc.ncbi.nlm.nih.gov/articles/PMC9464102/
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SIPRI. 36:1 disparity ratio of spending on weapons over cures. SIPRI: Military Spending
https://www.sipri.org/commentary /blog/2016 /opportunity-cost-world-military-spending

(2016)

Global military spending: $2.7 trillion (2024, SIPRI) Global government medical research..
$68 billion (2024) Actual ratio: 39.7:1 in favor of weapons over medical research Military
R&D alone: $85B (2004 data, 10% of global R€D) Military spending increases crowd out
health: 1% 1 military = 0.62% | health spending Note: Ratio actually worse than 36:1. Fach
1% increase in military spending reduces health spending by 0.62%, with effect more intense
in poorer countries (0.962% reduction) Additional sources: hitps://www.sipri.org/commen-
tary/blog/2016/opportunity-cost-world-military-spending | https://pmec.ncbi.nlm.nih.gov/arti-
cles/PMC9174441/ | https://www.congress.gov/crs-product/R45403

Think by Numbers. Lost human capital due to war ($270B annually). Think by Numbers:
War Costs $74 https://thinkbynumbers.org/military/war/the-economic-case-for-peace-a-
comprehensive-financial-analysis/ (2021)

Lost human capital from war: $300B annually (economic impact of losing skilled/pro-.
ductive individuals to conflict) Broader conflict/violence cost:  $14T/year globally
1.4M wiolent deaths/year; conflict holds back economic development, causes instabil-
ity, widens inequality, erodes human capital 2002: 48.4M DALYs lost from 1.6M wvi-
olence deaths = $151B economic value (2000 USD) Economic toll includes: commod-
ity prices, inflation, supply chain disruption, declining output, lost human capital Ad-
ditional sources: hitps://thinkbynumbers.org/military/war/the-economic-case-for-peace-a-
comprehensive-financial-analysis/ | https://www.weforum.orq/stories/2021/02/war-violence-
costs-each-human-5-a-day/ | https://pubmed.ncbi.nlm.nih.gov/19115548/

PubMed. Psychological impact of war cost ($100B annually). PubMed: Economic Burden of
PTSD https://pubmed.ncbi.nlm.nih.gov/35485933 /

PTSD economic burden (2018 U.S.): $232.2B total ($189.5B civilian, $42.7B mili-
tary) Civilian costs driven by: Direct healthcare ($66B), unemployment ($42.7B) Mil-
itary costs driven by: Disability ($17.8B), direct healthcare ($10.1B) FEzxceeds costs
of other mental health conditions (anziety, depression) War-exposed populations: 2-
83X higher rates of anxiety, depression, PTSD; women and children most vulnerable
Note: Actual burden $232B, significantly higher than "$100B” claimed Additional sources:
https://pubmed.ncbi.nlm.nih.gov/35485933/ | hitps://news.va.gov/103611/study-national-
economic-burden-of-ptsd-staggering/ | https://pmc.ncbi.nlm.nih.gov/articles/PMC9957523/
CGDev. UNHCR average refugee support cost. CGDev https://www.cgdev.org/blog/costs-
hosting-refugees-oecd-countries-and-why-uk-outlier (2024)

The average cost of supporting a refugee is $1,38/4 per year. This represents total host country.
costs (housing, healthcare, education, security). OECD countries average $6,100 per refugee
(mean 2022-2023), with developing countries spending $3700-1,000. Global weighted average
of 31,384 is reasonable given that 75-85% of refugees are in low/middle-income countries.
Additional sources: https://www.cgdev.orq/blog/costs-hosting-refugees-oecd-countries-and-
why-uk-outlier | https://www.unhcr.org/sites/default/files /2024-11/UNHCR- WB-global-cost-

of-refugee-inclusion-in-host-country-health-systems.pdf
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World Bank. World bank trade disruption cost from conflict. World Bank
https://www.worldbank.org/en/topic/trade/publication/trading-away-from-conflict
Estimated $616B annual cost from conflict-related trade disruption. World Bank research.
shows civil war costs an average developing country 30 years of GDP growth, with 20 years
needed for trade to return to pre-war levels. Trade disputes analysis shows tariff escalation
could reduce global exports by up to 3674 billion. Additional sources: hitps://www.world-
bank.org/en/topic/trade/publication /trading-away-from-conflict | hittps://www.nber.org/pa-
pers/w11565 | hitp://blogs.worldbank.org/en/trade/impacts-global-trade-and-income-current-
trade-disputes

VA. Veteran healthcare cost projections. VA  https://department.va.gov/wp-
content /uploads/2025/06/2026-Budget-in-Brief.pdf (2026)

VA budget: $441.3B requested for FY 2026 (10% increase). Disability compensa-
tion: $165.6B in FY 202} for 6.7M veterans. PACT Act projected to increase spend-
ing by $300B between 2022-2031. Costs under Toxic Exposures Fund: $20B (2024),
$30.4B (2025), $52.6B (2026). Additional sources: https://department.va.gov/wp-
content/uploads/2025/06/2026-Budget-in-Brief.pdf | https://www.cbo.gov/publication/45615
| https://www.legion.org/information-center/news/veterans-healthcare /2025 /june /va-budget-
tops-400-billion-for-2025-from-higher-spending-on-mandated-benefits-medical-care

IQVIA Institute for Human Data Science. The global use of medicines 2024: Outlook to
2028. IQVIA Institute Report https://www.iqvia.com/insights/the-iqvia-institute/reports-
and-publications/reports/the-global-use-of-medicines-2024-outlook-to-2028 (2024)

Global days of therapy reached 1.8 trillion in 2019 (234 defined daily doses per person).
Diabetes, respiratory, CVD, and cancer account for 71 percent of medicine use. Projected to
reach 3.8 trillion DDDs by 2028.

Sinn, M. P. Private industry clinical trial spending estimate. (2025)

Estimated private pharmaceutical and biotech clinical trial spending is approzimately $75-90
billion annually, representing roughly 90% of global clinical trial spending.

Calculated from IHME Global Burden of Disease (2.55B DALYs) and global GDP per capita
valuation. $109 trillion annual global disease burden.

The global economic burden of disease, including direct healthcare costs ($8.2 trillion) and
lost productivity ($100.9 trillion from 2.55 billion DALYs x $39,570 per DALY), totals
approximately $109.1 trillion annually.

Sinn, M. P. The Political Dysfunction Taz. https://political-dysfunction-tax.warondisease.org
(2025) doi:10.5281/zenodo.18603840

Quantifying the gap between current global governance and theoretical maximum welfare,
estimating a 31-53% efficiency score and $97 trillion in annual opportunity costs.

Trials, A. C. Global government spending on interventional clinical trials: $3-6 billion/year.
Applied Clinical Trials https://www.appliedclinicaltrialsonline.com/view /sizing-clinical-
research-market

Estimated range based on NIH ( $0.8-5.6B), NIHR ($1.6B total budget), and EU funding.
( $1.8B/year). Roughly 5-10% of global market. Additional sources: hitps://www.appliedclin-
icaltrialsonline.com/view/sizing-clinical-research-market | hitps://www.thelancet.com/jour-
nals/langlo/article/PI1S2214-109X(20)30357-0/fulltext
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UBS. Credit suisse global wealth report 2023. Credit  Suisse/UBS https:
/ /www.ubs.com/global /en/family-office-uhnw /reports/global-wealth-report-2023.html
(2023)

Total global household wealth: USD 454.4 trillion (2022) Wealth declined by USD 11.3 trillion.
(-2.4%) in 2022, first decline since 2008 Wealth per adult: USD 84,718 Additional sources:
https:/ /www.ubs.com/global /en /family-office-uhnw/reports /global-wealth-report-2023. html
Component country budgets. Global government medical research spending ($67.5B,
2023-2024). See component country budgets: NIH Budget https://www.nih.gov/about-
nih/what-we-do/budget.

SIPRI. Global military spending ($2.72T, 2024). SIPRI https://www.sipri.org/publications/
2025 /sipri-fact-sheets/trends-world-military-expenditure-2024 (2025).

Estimated from major foundation budgets and activities. Nonprofit clinical trial funding
estimate.

Nonprofit foundations spend an estimated $2-5 billion annually on clinical trials globally,
representing approzimately 2-5% of total clinical trial spending.

IQVIA, 1. reports: Global pharmaceutical r&d spending.

Total global pharmaceutical RED spending is approzimately $300 billion annually. Clinical
trials represent 15-20% of this total ($45-60B), with the remainder going to drug discovery,
preclinical research, requlatory affairs, and manufacturing development.

UN. Global population reaches 8 billion. UN: World Population 8 Billion Nov 15 2022
https://www.un.org/en/desa/world-population-reach-8-billion-15-november-2022 (2022)
Milestone: ~ November 15, 2022 (UN World Population Prospects 2022) Day of.
Eight Billion” designated by UN Added 1 billion people in just 11 years (2011-
2022) Growth rate: Slowest since 1950; fell under 1% in 2020 Future: 15 years
to reach 9B (2037); projected peak 10.4B in 2080s Projections: 8.5B (2030), 9.7B
(2050), 10.4B (2080-2100 plateau) Note: Milestone reached Nov 2022.  Population
growth slowing; will take longer to add next billion (15 years vs 11 years) Additional
sources: https://www.un.org/en/desa/world-population-reach-8-billion-15-november-2022 |
https://www.un.org/en/dayof8billion | https://en.wikipedia.org/wiki/Day_of FEight Billion
Harvard Kennedy School. 3.5% participation tipping point. Harvard Kennedy School
https://www.hks.harvard.edu/centers/carr/publications/35-rule-how-small-minority-can-
change-world (2020)

The research found that nonviolent campaigns were twice as likely to succeed as violent ones,
and once 3.5% of the population were involved, they were always successful. Chenoweth
and Maria Stephan studied the success rates of civil resistance efforts from 1900 to 2006,
finding that nonviolent movements attracted, on average, four times as many participants
as violent movements and were more likely to succeed. Key finding: Every campaign that
mobilized at least 3.5% of the population in sustained protest was successful (in their 1900-
2006 dataset) Note: The 3.5% figure is a descriptive statistic from historical analysis,
not a guaranteed threshold. One exception (Bahrain 2011-2014 with 6%+ participation)
has been identified. The rule applies to regime change, not policy change in democra-
cies. Additional sources: hitps://www.hks.harvard.edu/centers/carr/publications/35-rule-
how-small-minority-can-change-world | https://www.hks.harvard.edu/sites/default/files/2024-
05/Erica%20Chenoweth_2020-005.pdf | https://www.bbc.com /future/article /2019051 3-it-
only-takes-35-of-people-to-change-the-world | https://en.wikipedia.org/wiki/3.5%25 rule
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NHGRI. Human genome project and CRISPR discovery. NHGRI https://www.genome.gov/
11006929 /2003-release-international-consortium-completes-hgp (2003)

Your DNA is & billion base pairs Read the entire code (Human Genome Project,
completed 2003) Learned to edit it (CRISPR, discovered 2012) Additional sources:
https: //www.genome.gov/11006929/2003-release-international-consortium-completes-hgp |
https: //www.nobelprize.org/prizes/chemistry/2020/press-release/

PMC. Only 12% of human interactome targeted. PMC https://pmc.ncbi.nlm.nih.gov/
articles/PMC10749231/ (2023)

Mapping 350,000+ clinical trials showed that only 12% of the human interactome has ever been.
targeted by drugs. Additional sources: hitps://pmc.ncbi.nlm.nih.gov/articles/PMC10749231/
WHO. ICD-10 code count ( 14,000). WHO https://icd.who.int/browse10/2019/en (2019)
The ICD-10 classification contains approximately 14,000 codes for diseases, signs and.
symptoms. Additional sources: hitps://icd.who.int/browse10/2019/en

Wikipedia. Longevity escape velocity (LEV) - maximum human life extension potential.
Wikipedia: Longevity Escape Velocity https://en.wikipedia.org/wiki/Longevity escape
velocity

Longevity escape velocity: Hypothetical point where medical advances extend life expectancy.
faster than time passes Term coined by Aubrey de Grey (biogerontologist) in 2004 paper;
concept from David Gobel (Methuselah Foundation) Current progress: Science adds 3
months to lifespan per year; LEV requires adding >1 year per year Sinclair (Harvard):
”There is no biological upper limit to age” - first person to live to 150 may already be born
De Grey: 50% chance of reaching LEV by mid-to-late 2030s; SENS approach = damage
repair rather than slowing damage Kurzweil (2024): LEV by 2029-2035, AI will simulate
biological processes to accelerate solutions George Church: LEV in a decade or two” via
age-reversal clinical trials Natural lifespan cap: 120-150 years (Jeanne Calment record:
122); engineering approach could bypass via damage repair Key mechanisms: Epigenetic
reprogramming, senolytic drugs, stem cell therapy, gene therapy, Al-driven drug discovery
Current record: Jeanne Calment (122 years, 164 days) - record unbroken since 1997 Note:
LEV is theoretical but increasingly plausible given demonstrated age reversal in mice (109%
lifespan extension) and human cells (30-year epigenetic age reversal) Additional sources:
https://en.wikipedia.org/wiki/Longevity__escape__velocity | https://pme.ncbi.nlm.nih.gov/ar-
ticles/PMC423155/ | hitps://www.popularmechanics.com/science/a36712084 /can-science-
cure-death-longevity/ | https://www.diamandis.com/blog/longevity-escape-velocity
OpenSecrets. Lobbyist statistics for washington d.c. OpenSecrets: Lobbying in US
https://en.wikipedia.org/wiki/Lobbying_in_the United_ States

Registered lobbyists: Over 12,000 (some estimates); 12,281 registered (2013) Former gov-
ernment employees as lobbyists: 2,200+ former federal employees (1998-2004), including
278 former White House staffers, 250 former Congress members & agency heads Con-
gressional revolving door: 43% (86 of 198) lawmakers who left 1998-2004 became lob-
byists; currently 59% leaving to private sector work for lobbying/consulting firms/trade
groups Executive branch: 8% were registered lobbyists at some point before/after government
service Additional sources: https://en.wikipedia.org/wiki/Lobbying in__the_ United_ States
| hitps://www.opensecrets.org/revolving-door | https://www.citizen.org/article /revolving-
congress/ | https://www.propublica.org/article /we-found-a-staggering-281-lobbyists-whove-
worked-in-the-trump-administration
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Vaccines, M. Measles vaccination ROI. MDPI Vaccines https://www.mdpi.com/2076-
393X /12/11/1210 (2024)

Single measles vaccination: 167:1 benefit-cost ratio. MMR (measles-mumps-rubella) vac-.
cination: 14:1 ROI. Historical US elimination efforts (1966-1974): benefit-cost ratio of
10.3:1 with net benefits exceeding USD 1.1 billion (1972 dollars, or USD 8.0 billion in
2023 dollars). 2-dose MMR programs show direct benefit/cost ratio of 14.2 with net sav-
ings of $5.3 billion, and 26.0 from societal perspectives with net savings of $11.6 billion.
Additional sources: https://www.mdpi.com/2076-393X/12/11/1210 | https://www.tandfon-
line.com/doi/full/10.1080/14760584.2024.2367451

Gosse, M. E. Assessing cost-effectiveness in healthcare: History of the $50,000 per QALY
threshold. Sustainability Impact Metrics https://ecocostsvalue.com/EVR /img/references%
20others/Gosse%202008%20QALY %20threshold %20financial.pdf (2008).

World Health Organization. Mental health global burden. World Health Organization
https://www.who.int /news/item/28-09-2001-the-world-health-report-2001-mental-disorders-
affect-one-in-four-people (2022)

One in four people in the world will be affected by mental or neurological disorders at.
some point in their lives, representing [approximately] 30% of the global burden of disease.
Additional sources: https://www.who.int/news/item/28-09-2001-the-world-health-report-2001-
mental-disorders-affect-one-in-four-people

Institute, S. I. P. R. Trends in world military expenditure, 2023. (2024).

Calculated from Orphanet Journal of Rare Diseases (2024). Diseases getting first effective
treatment each year. Calculated from Orphanet Journal of Rare Diseases (2024) https:
//ojrd.biomedcentral.com/articles/10.1186/s13023-024-03398-1 (2024)

Under the current system, approximately 10-15 diseases per year receive their FIRST effective
treatment. Calculation: 5% of 7,000 rare diseases ( 850) have FDA-approved treatment,
accumulated over 40 years of the Orphan Drug Act = 9 rare diseases/year. Adding 5-10
non-rare diseases that get first treatments yields 10-20 total. FDA approves 50 drugs/year,
but many are for diseases that already have treatments (me-too drugs, second-line therapies).
Only 15 represent truly FIRST treatments for previously untreatable conditions.

NIH. NIH budget (FY 2025). NIH https://www.nih.gov/about-nih/organization/budget
(2024)

The budget total of $47.7 billion also includes $1.412 billion derived from PHS FEvalua-
tion financing... Additional sources: https://www.nih.gov/about-nih/organization/budget |
https://officeofbudget.od.nih.gov/

Bentley et al. NIH spending on clinical trials: 3.3%.  Bentley et al. https:
//pmec.ncbi.nlm.nih.gov/articles/PMC10349341/ (2023)

NIH spent $8.1 billion on clinical trials for approved drugs (2010-2019), representing.
3.8% of relevant NIH spending. Additional sources: https://pmc.ncbi.nlm.nih.gov/arti-
cles/PMC10349341/ | hitps://catalyst.harvard.edu/news/article /nih-spent-8-1b-for-phased-
clinical-trials-of-drugs-approved-2010-19-10-of-reported-industry-spending/
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PMC. Standard medical research ROI ($20k-$100k/QALY). PMC: Cost-effectiveness
Thresholds Used by Study Authors https://pmc.ncbi.nlm.nih.gov/articles/PMC10114019/
(1990)

Typical cost-effectiveness thresholds for medical interventions in rich countries range from.
$50,000 to $150,000 per QALY. The Institute for Clinical and Economic Review (ICER) uses
a $100,000-$150,000/QALY threshold for value-based pricing. Between 1990-2021, authors
increasingly cited $100,000 (47% by 2020-21) or $150,000 (24% by 2020-21) per QALY as
benchmarks for cost-effectiveness. Additional sources: hitps://pme.ncbi.nlm.nih.gov/arti-
cles/PMC10114019/ | hitps://icer.org/our-approach/methods-process/cost-effectiveness-the-
qaly-and-the-evlyg/

Institute, M. RECOVERY trial 82x cost reduction. Manhattan Institute: Slow Costly
Trials https://manhattan.institute/article/slow-costly-clinical-trials-drag-down-biomedical-
breakthroughs

RECOVERY trial: $500 per patient ($20M for 48,000 patients = $417/patient) Typical clini-
cal trial: 341,000 median per-patient cost Cost reduction: 80-82x cheaper (341,000 + $500
82x ) Efficiency: $50 per patient per answer (10 therapeutics tested, 4 effective) Dexamethasone
estimated to save >630,000 lives Additional sources: https://manhattan.institute/article/slow-
costly-clinical-trials-drag-down-biomedical-breakthroughs | https://pmc.ncbi.nlm.nih.gov/arti-
cles/PMC9293394/

Trials. Patient willingness to participate in clinical trials. Trials: Patients’ Willingness
Survey https://trialsjournal.biomedcentral.com /articles/10.1186 /s13063-015-1105-3

Recent surveys: 49-51% willingness (2020-2022) - dramatic drop from 85% (2019).
during COVID-19 pandemic Cancer patients when approached: 88% consented to tri-
als (Royal Marsden Hospital) Study type wvariation: 44.8% willing for drug trial,
76.2% for diagnostic study Top motivation: “Learning more about my health/medi-
cal condition” (67.4%) Top barrier: “"Worry about experiencing side effects” (52.6%)
Additional sources: https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-015-
1105-3 | https://www.appliedclinicaltrialsonline.com/view/industry-forced-to-rethink-patient-
participation-in-trials | https://pme.ncbi.nlm.nih.gov/articles/PMC7183682/

CSDD, T. Cost of drug development.

Various estimates suggest $1.0 - $2.5 billion to bring a new drug from discovery through
FDA approval, spread across 10 years. Tufts Center for the Study of Drug Development
often cited for $1.0 - $2.6 billion/drug. Industry reports (IQVIA, Deloitte) also highlight $2+
billion figures.

Value in Health. Average lifetime revenue per successful drug. Value in Health: Sales
Revenues for New Therapeutic Agents https://www.sciencedirect.com/science/article/pii/
51098301524027542

Study of 361 FDA-approved drugs from 1995-2014 (median follow-up 13.2 years): Mean.
lifetime revenue: $15.2 billion per drug Median lifetime revenue: $6.7 billion per drug Revenue
after 5 years: $3.2 billion (mean) Revenue after 10 years: $9.5 billion (mean) Revenue after
15 years: $19.2 billion (mean) Distribution highly skewed: top 25 drugs (7%) accounted for
38% of total revenue ($2.1T of $5.5T) Additional sources: hittps://www.sciencedirect.com/sci-
ence/article/pii/S1098301524027542
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Lichtenberg, F. R. How many life-years have new drugs saved? A three-way fixed-effects
analysis of 66 diseases in 27 countries, 2000-2013. International Health 11, 403416 (2019)
Using 3-way fized-effects methodology (disease-country-year) across 66 diseases in 22 countries,
this study estimates that drugs launched after 1981 saved 148.7 million life-years in 2013
alone. The regression coefficients for drug launches 0-11 years prior (beta=-0.031, SE=0.008)
and 12+ years prior (beta=-0.057, SE=0.013) on years of life lost are highly significant
(p<0.0001). Confidence interval for life-years saved: 79.4M-239.8M (95 percent CI) based on
propagated standard errors from Table 2.

Deloitte. Pharmaceutical r&d return on investment (ROI). Deloitte: Measuring Pharma-
ceutical Innovation 2025 https://www.deloitte.com/ch/en/Industries/life-sciences-health-
care/research /measuring-return-from-pharmaceutical-innovation.html (2025)

Deloitte’s annual study of top 20 pharma companies by RED spend (2010-2024): 2024.
ROI: 5.9% (second year of growth after decade of decline) 2023 ROI: 4.8% (estimated
from trend) 2022 ROI: 1.2% (historic low since study began, 13-year low) 2021 ROI:
6.8% (record high, inflated by COVID-19 vaccines/treatments) Long-term trend: Declining
for over a decade before 2023 recovery Average RED cost per asset: $2.3B (2022),
$2.28B (2024) These returns (1.2-5.9% range) fall far below typical corporate ROI
targets (15-20%) Additional sources:  https://www.deloitte.com/ch/en/Industries/life-
sciences-health-care /research/measuring-return-from-pharmaceutical-innovation. html /
https://www.prnewswire.com/news-releases/deloittes- 13th-annual-pharmaceutical-innovation-
report-pharma-rd-return-on-investment-falls-in-post-pandemic-market-801738807.html |
https://hitconsultant.net/2023/02/16 /pharma-rd-roi-falls-to-lowest-level-in-13-years/
Nature Reviews Drug Discovery. Drug trial success rate from phase i to approval. Nature Re-
views Drug Discovery: Clinical Success Rates https://www.nature.com/articles/nrd.2016.136
(2016)

Overall Phase I to approval: 10-12.8% (conventional wisdom 10%, studies show 12.8%).
Recent decline: Average LOA now 6.7% for Phase I (2014-2023 data) Leading pharma
companies: 14.3% average LOA (range 8-23%) Varies by therapeutic area: Oncology 3.4 %,
CNS /cardiovascular lowest at Phase III Phase-specific success: Phase I }7-54%, Phase 11
28-34%, Phase III 55-70% Note: 12% figure accurate for historical average. Recent data
shows decline to 6.7%, with Phase II as primary attrition point (28% success) Additional
sources: https: //www.nature.com/articles/nrd.2016.136 | https://pmc.ncbi.nlm.nih.gov/arti-
cles/PMC6409418/ | hitps://academic.oup.com/biostatistics/article/20/2/273/481752/
SofproMed. Phase 3 cost per trial range. SofproMed https://www.sofpromed.com/how-
much-does-a-clinical-trial-cost

Phase 3 clinical trials cost between $20 million and $282 million per trial, with significant.
variation by therapeutic area and trial complexity. Additional sources: hitps://www.sof-
promed.com/how-much-does-a-clinical-trial-cost | https://www.cbo.gov/publication/57126
Ramsberg J, P. R. Pragmatic trial cost per patient (median $97). Learning Health Systems
https://pme.ncbi.nlm.nih.gov/articles/PMC6508852/ (2018)

Meta-analysis of 108 embedded pragmatic clinical trials (2006-2016). The median cost per.
patient was $97 (IQR $19-3478), based on 2015 dollars. 25% of trials cost <$19/patient; 10
trials exceeded $1,000/patient. U.S. studies median $187 vs non-U.S. median $27. Additional
sources: https://pme.ncbi.nlm.nih.gov/articles/PMC6508852/
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WHO. Polio vaccination ROIL. ~ WHO https://www.who.int/news-room/feature-
stories/detail /sustaining-polio-investments-offers-a-high-return (2019)

For every dollar spent, the return on investment is nearly US$ 39.” Total investment cost.
of US$ 7.5 billion generates projected economic and social benefits of US$ 289.2 billion
from sustaining polio assets and integrating them into expanded immunization, surveillance
and emergency response programmes across 8 priority countries (Afghanistan, Iraq, Libya,
Pakistan, Somalia, Sudan, Syria, Yemen). Additional sources: hitps://www.who.int/news-
room/feature-stories/detail /sustaining-polio-investments-offers-a-high-return

ICRC. International campaign to ban landmines (ICBL) - ottawa treaty (1997). ICRC
https://www.icrc.org/en/doc/resources/documents/article/other /57jpjn.htm (1997)

ICBL: Founded 1992 by 6 NGOs (Handicap International, Human Rights Watch, Medico.
International, Mines Advisory Group, Physicians for Human Rights, Vietnam Veterans of
America Foundation) Started with ONE staff member: Jody Williams as founding coordinator
Grew to 1,000+ organizations in 60 countries by 1997 Ottawa Process: 14 months (October
1996 - December 1997) Convention signed by 122 states on December 3, 1997; entered into
force March 1, 1999 Achievement: Nobel Peace Prize 1997 (shared by ICBL and Jody
Williams) Government funding context: Canada established $100M CAD Canadian Landmine
Fund over 10 years (1997); International donors provided $169M in 1997 for mine action
(up from $100M in 1996) Additional sources: https://www.icrc.org/en/doc/resources/doc-
uments/article/other/57jpjn.htm | hitps://en.wikipedia.org/wiki/International__Cam-
paign__to_Ban_ Landmines | https://www.nobelprize.orq/prizes/peace/1997/summary/ |
https://un.org/press/en/1999/19990520. MINES. BRF.html | https://www.the-monitor.org/en-
gb/reports /2003 /landmine-monitor-2003/mine-action-funding. aspx

OpenSecrets. Revolving door: Former members of congress. (2024)

388 former members of Congress are registered as lobbyists. Nearly 5,400 former congressional.
staffers have left Capitol Hill to become federal lobbyists in the past 10 years. Additional
sources: https://www.opensecrets.org/revolving-door

Kinch, M. S. & Griesenauer, R. H. Lost medicines: A longer view of the pharmaceutical
industry with the potential to reinvigorate discovery. Drug Discovery Today 24, 875-880
(2019)

Research identified 1,600+ medicines available in 1962. The 1950s represented industry
high-water mark with >30 new products in five of ten years; this rate would not be replicated
until late 1990s. More than half (880) of these medicines were lost following implementation
of Kefauver-Harris Amendment. The peak of 1962 would not be seen again until early 21st
century. By 2016 number of organizations actively involved in RED at level not seen since
1914.
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Wikipedia. US military spending reduction after WWII. Wikipedia https://en.wikipedia.org/
wiki/Demobilization_of United States  Armed_Forces_after World War_II (2020)
Peaking at over $81 billion in 1945, the U.S. military budget plummeted to approxi-
mately $13 billion by 1948, representing an 84% decrease. The number of personnel
was reduced almost 90%, from more than 12 million to about 1.5 million between
mid-1945 and mid-1947.  Defense spending exceeded 41 percent of GDP in 1945.
After World War II, the US reduced military spending to 7.2 percent of GDP by
1948. Defense spending doubled from the 1948 low to 15 percent at the height of the
Korean War in 1953.  Additional sources: hitps://en.wikipedia.org/wiki/Demobiliza-
tion__of United__States_Armed_Forces__after_World_War _II |  hitps://www.ameri-
canprogress.orq/article /a-historical-perspective-on-military-budgets/ |  https://www.st-
louisfed.org/on-the-economy/2020/february /war-highest-military-spending-measured /
https:/ /www.usgovernmentspending.com/defense__spending _history

Baily, M. N. Pre-1962 drug development costs (baily 1972). Buaily (1972)
https://samizdathealth.org/wp-content /uploads/2020/12/hlthaff.1.2.6.pdf (1972)

Pre-1962: Average cost per new chemical entity (NCE) was $6.5 million (1980 dollars).
Inflation-adjusted to 2024 dollars: $6.5M (1980) $22.5M (2024), using CPI multiplier
of 8.46x Real cost increase (inflation-adjusted): $22.5M (pre-1962) — $2,600M (2024) =
116 x increase Note: This represents the most comprehensive academic estimate of pre-1962
drug development costs based on empirical industry data Additional sources: https://samiz-
dathealth.org/wp-content /uploads/2020/12/hlthaff.1.2.6.pdf

Think by Numbers. Pre-1962 physician-led clinical trials. Think by Numbers: How Many Lives
Does FDA Save? https://thinkbynumbers.org/health/how-many-net-lives-does-the-fda-save/
(1966)

Pre-1962: Physicians could report real-world evidence directly 1962 Drug Amendments re-.
placed “premarket notification” with “premarket approval”, requiring extensive efficacy testing
Impact: New requlatory clampdown reduced new treatment production by 70%; lifespan growth
declined from / years/decade to 2 years/decade Drug Efficacy Study Implementation (DESI):
NAS/NRC evaluated 3,400+ drugs approved 1938-1962 for safety only; reviewed >3,000 prod-
ucts, >16,000 therapeutic claims FDA has had authority to accept real-world evidence since
1962, clarified by 21st Century Cures Act (2016) Note: Specific "144,000 physicians” figure
not verified in sources Additional sources: https://thinkbynumbers.orq/health/how-many-net-
lives-does-the-fda-save/ | https://www.fda.gov/drugs/enforcement-activities-fda/drug-efficacy-
study-implementation-desi | hitp://www.nasonline.org/about-nas/history/archives/collec-
tions/des-1966-1969-1.html

GAO. 95% of diseases have 0 FDA-approved treatments. GAO https://www.gao.gov/
products/gao-25-106774 (2025)

95% of diseases have no treatment Additional sources: https://www.gao.gov/products/gao-25-
106774 | hitps://globalgenes.org/rare-disease-facts/

Oren Cass, M. I. RECOVERY trial cost per patient. Oren Cass https:
//manhattan.institute/article /slow-costly-clinical-trials-drag-down-biomedical-breakthroughs
(2023)

The RECOVERY trial, for example, cost only about $500 per patient... By contrast, the.
median per-patient cost of a pivotal trial for a new therapeutic is around $41,000. Additional
sources: https://manhattan.institute/article/slow-costly-clinical-trials-drag-down-biomedical-
breakthroughs
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al., N. E. A. et. RECOVERY trial global lives saved ( 1 million). NHS England: 1 Million
Lives Saved https://www.england.nhs.uk/2021/03/covid-treatment-developed-in-the-nhs-
saves-a-million-lives/ (2021)

Dexamethasone saved 1 million lives worldwide (NHS England estimate, March 2021,
9 months after discovery). UK alone: 22,000 lives saved. Methodology: Aguas et al.
Nature Communications 2021 estimated 650,000 lives (range: 240,000-1,400,000) for July-
December 2020 alone, based on RECOVERY trial mortality reductions (36% for ventilated,
18% for oxygen-only patients) applied to global COVID hospitalizations. June 2020 an-
nouncement: Dexamethasone reduced deaths by up to 1/3 (ventilated patients), 1/5 (oxygen
patients). Impact immediate: Adopted into standard care globally within hours of announce-
ment. Additional sources: https://www.england.nhs.uk/2021/03/covid-treatment-developed-
in-the-nhs-saves-a-million-lives/ | https://www.nature.com/articles/s41467-021-21134-2
| hitps://pharmaceutical-journal.com/article /news/steroid-has-saved-the-lives-of-one-million-
covid-19-patients-worldwide-figures-show | https://www.recoverytrial.net/news/recovery-trial-
celebrates-two-year-anniversary-of-life-saving-dexamethasone-result

Museum, N. S. 11. M. &. September 11 attack facts. (2024)

2,977 people were killed in the September 11, 2001 attacks: 2,753 at the World Trade
Center, 184 at the Pentagon, and 40 passengers and crew on United Flight 93 in Shanksville,
Pennsylvania.

World Bank. World bank singapore economic data. World Bank https:
//data.worldbank.org/country /singapore (2024)

Singapore GDP per capita (2023): $82,000 - among highest in the world Government.
spending: 15% of GDP (vs US 38%) Life expectancy: 84.1 years (vs US 77.5 years) Singapore
demonstrates that low government spending can coexist with excellent outcomes Additional
sources: https://data.worldbank.org/country/singapore

Fund, I. M. IMF singapore government spending data. (2024)

Singapore government spending is approximately 15% of GDP This is 23 percentage points.
lower than the United States (38%) Despite lower spending, Singapore achieves excellent
outcomes: - Life expectancy: 84.1 years (vs US 77.5) - Low crime, world-class infrastructure,
AAA credit rating Additional sources: https://www.imf.org/en/Countries/SGP

World Health Organization. WHO life expectancy data by country. (2024)

Life expectancy at birth varies significantly among developed nations: Switzerland: 84.0.
years (2023) Singapore: 84.1 years (2023) Japan: 84.3 years (2023) United States: 77.5
years (2023) - 6.5 years below Switzerland, Singapore Global average: 738 years Note: US
spends more per capita on healthcare than any other nation, yet achieves lower life expectancy
Additional sources: hitps://www.who.int/data/gho/data/themes/mortality-and-global-health-
estimates/ghe-life-expectancy-and-healthy-life-expectancy

CSIS. Smallpox eradication ROI. CSIS https://www.csis.org/analysis/smallpox-eradication-
model-global-cooperation.
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PMC. Contribution of smoking reduction to life expectancy gains. PMC: Benefits Smoking
Cessation Longevity https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1447499/ (2012)
Population-level: Up to 14% (9% men, 14% women) of total life expectancy gain since.
1960 due to tobacco control efforts Individual cessation benefits: Quitting at age 35 adds
6.9-8.5 years (men), 6.1-7.7 years (women) vs continuing smokers By cessation age:
Age 25-34 = 10 years gained; age 35-44 = 9 years; age 45-54 = 6 years; age 65 = 2.0
years (men), 3.7 years (women) Cessation before age 40: Reduces death risk by 90%
Long-term cessation: 10+ years yields survival comparable to never smokers, averts 10
years of life lost Recent cessation: <38 years averts & years of life lost Additional sources:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1447499/ | hitps://www.cdc.gov/ped/is-
sues/2012/11_0295.htm |  https://www.ajpmonline.orq/article/S0749-3797(24)00217-
4/fulltext | https://www.nejm.org/doi/full/10.1056 /NEJMsa1211128

ICER. Value per QALY (standard economic value).  ICER https://icer.org/wp-
content /uploads/2024/02/Reference-Case-4.3.25.pdf (2024)

Standard economic value per QALY: $100,000-$150,000. This is the US and global standard.
willingness-to-pay threshold for interventions that add costs. Dominant interventions (those
that save money while improving health) are favorable regardless of this threshold. Additional
sources: hitps://icer.org/wp-content/uploads/2024,/02/Reference-Case-4.3.25. pdf

GAO. Annual cost of us. Sugar subsidies. GAQO: Sugar Program https:
//www.gao.gov/products/gao-24-106144

Consumer costs: $2.5-3.5 billion per year (GAO estimate) Net economic cost:  $1.
billion per year 2022: US consumers paid 2X world price for sugar Program costs
$3-4 billion/year but no federal budget impact (costs passed directly to consumers
via higher prices) Employment impact: 10,000-20,000 manufacturing jobs lost annu-
ally in sugar-reliant industries (confectionery, etc.) Multiple studies confirm: Sweet-
ener Users Association ($2.9-3.5B), AFEI ($2.4B consumer cost), Beghin € FElobeid
($2.9-8.5B consumer surplus) Additional sources: https://www.gao.gov/products/gao-24-
106144 | https://www.heritage.org/agriculture /report/the-us-sugar-program-bad-consumers-
bad-agriculture-and-bad-america | https://www.aei.org/articles/the-u-s-spends-4-billion-a-
year-subsidizing-stalinist-style-domestic-sugar-production/

World Bank. Swiss military budget as percentage of GDP. World Bank: Military Expenditure
https://data.worldbank.org/indicator/MS.MIL.XPND.GD.ZS?locations=CH

2023: 0.70272% of GDP (World Bank) 2024: CHF 5.95 billion official military spending.
When including militia system costs: 1% GDP (CHF 8.75B) Comparison: Near bottom in
Europe; only Ireland, Malta, Moldova spend less (excluding microstates with no armies) Addi-
tional sources: https://data.worldbank.org/indicator/MS.MIL.XPND.GD.ZS?locations=CH
| hitps://www.avenir-suisse.ch/en/blog-defence-spending-switzerland-is-in-better-shape-than-
it-seems/ | https://tradingeconomics.com/switzerland/military-ezpenditure-percent-of-gdp-wb-
data.html

World Bank. Switzerland vs. US GDP per capita comparison. World Bank: Switzerland
GDP Per Capita https://data.worldbank.org/indicator/NY.GDP.PCAP.CD?locations=CH
2024 GDP per capita (PPP-adjusted): Switzerland $93,819 vs United States $75,492 Switzer-
land’s GDP per capita 24 % higher than US when adjusted for purchasing power parity Nominal
2024: Switzerland $103,670 vs US $85,810 Additional sources: https://data.worldbank.org/in-
dicator/NY.GDP.PCAP.CD?locations=CH | https://tradingeconomics.com/switzerland/gdp-
per-capita-ppp | hitps://www.theglobaleconomy.com/USA /qdp__per__capita_ppp/
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OECD. OECD government spending as percentage of GDP. (2024)

OECD government spending data shows significant variation among developed nations: United.
States: 38.0% of GDP (2023) Switzerland: 35.0% of GDP - 3 percentage points lower than
US Singapore: 15.0% of GDP - 23 percentage points lower than US (per IMF data) OECD
average: approzimately 40% of GDP Additional sources: https://data.oecd.org/qgga/general-
government-spending.htm

OECD. OECD median household income comparison. (2024)

Median household disposable income wvaries significantly across OECD nations: United.
States: — $77,500 (2023) Switzerland: — $55,000 PPP-adjusted (lower mnominal but
comparable purchasing power) Singapore: $75,000 PPP-adjusted Additional sources:
https://data.oecd.org/hha/household-disposable-income.htm

Institute, C. Chance of dying from terrorism statistic. Cato Institute: Terrorism and Immigra-
tion Risk Analysis https://www.cato.org/policy-analysis/terrorism-immigration-risk-analysis

Chance of American dying in foreign-born terrorist attack: 1 in 3.6 million per year (1975-
2015) Including 9/11 deaths; annual murder rate is 253z higher than terrorism death rate
More likely to die from lightning strike than foreign terrorism Note: Comprehensive 41-year
study shows terrorism risk is extremely low compared to everyday dangers Additional sources:
https://www. cato.org/policy-analysis /terrorism-immigration-risk-analysis | https://www.nbc-
news.com,/news /us-news/you-re-more-likely-die-choking-be-killed-foreign-terrorists-n715141

Wikipedia. Thalidomide scandal: Worldwide cases and mortality. Wikipedia
https://en.wikipedia.org/wiki/Thalidomide scandal

The total number of embryos affected by the use of thalidomide during pregnancy is esti-
mated at 10,000, of whom about 40% died around the time of birth. More than 10,000
children in 46 countries were born with deformities such as phocomelia. Additional sources:
https:/ /en.wikipedia.org/wiki/ Thalidomide__scandal

One, P. Health and quality of life of thalidomide survivors as they age. PLOS One
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0210222 (2019)

Study of thalidomide survivors documenting ongoing disability impacts, quality of life, and.
long-term health outcomes. Survivors (now in their 60s) continue to experience significant
disability from limb deformities, organ damage, and other effects. Additional sources:
https://journals.plos.org/plosone/article ?id=10.1371 /journal.pone.0210222

Bureau, U. C. Historical world population estimates. US Census Bureau
https://www.census.gov/data/tables/time-series/demo/international-programs/historical-
est-worldpop.html

US Census Bureau historical estimates of world population by country and region.
(1950-2050).  US population in 1960: 180 million of 3 billion worldwide (6%).
Additional sources: hitps://www.census.gov/data/tables/time-series/demo /international-
programs/historical-est-worldpop.html

FDA Study via NCBI. Trial costs, FDA study. FDA Study wvia NCBI
https://www.ncbi.nlm.nih.gov/pmec/articles/PMC6248200/

Overall, the 138 clinical trials had an estimated median (IQR) cost of $19.0 million ($12.2.
million-$33.1 million)... The clinical trials cost a median (IQR) of $41,117 ($31,802-$82,362)
per patient. Additional sources: hitps://www.ncbi.nlm.nih.gov/pmc/articles/PMC6248200/
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Diseases, G. 2019. & Collaborators, I. Global burden of disease study 2019: Disability
weights. The Lancet 396, 12041222 (2020)

Disability weights for 235 health states used in Global Burden of Disease calculations. Weights
range from 0 (perfect health) to 1 (death equivalent). Chronic conditions like diabetes (0.05-
0.35), COPD (0.04-0.41), depression (0.15-0.66), and cardiovascular disease (0.04-0.57)
show substantial variation by severity. Treatment typically reduces disability weights by 50-80
percent for manageable chronic conditions.

WHO. Annual global economic burden of alzheimer’s and other dementias. WHQO: Dementia
Fact Sheet https://www.who.int /news-room/fact-sheets/detail /dementia (2019)

Global cost: $1.3 trillion (2019 WHO-commissioned study) 50% from informal caregivers.
(family/friends, 5 hrs/day) 74% of costs in high-income countries despite 61% of patients
in LMICs $818B (2010) — $1T (2018) — $1.3T (2019) - rapid growth Note: Costs
increased 35% from 2010-2015 alone. Informal care represents massive hidden economic
burden Additional sources: https://www.who.int/news-room/fact-sheets/detail/dementia |
https://alz-journals.onlinelibrary.wiley.com/doi/10.1002/alz. 12901

Oncology, J. Annual global economic burden of cancer. JAMA Oncology: Global Cost
2020-2050 https://jamanetwork.com/journals/jamaoncology /fullarticle /2801798 (2020)
2020-2050 projection: $25.2 trillion total ($840B/year average) 2010 annual cost: $1.16.
trillion (direct costs only) Recent estimate: $3 trillion/year (all costs included) Top 5 cancers:
lung (15.4%), colon/rectum (10.9%), breast (7.7%), liver (6.5%), leukemia (6.3%) Note:
China/US account for 45% of global burden; 75% of deaths in LMICs but only 50.0% of
economic cost Additional sources: https://jamanetwork.com/journals/jamaoncology/fullarti-
cle/2801798 | https://www.nature.com/articles/d}1586-023-00634-9

CDC. U.s. Chronic disease healthcare spending. CDC https://www.cdc.gov/chronic-
disease/data-research /facts-stats/index.html

Chronic diseases account for 90% of U.S. healthcare spending ( $3.7T /year). Additional.
sources: https://www.cde.gov/chronic-disease/data-research/facts-stats/index.html

Care, D. Annual global economic burden of diabetes. Diabetes Care: Global Economic
Burden https://diabetesjournals.org/care/article/41/5/963 /36522 / Global-Economic-Burden-
of-Diabetes-in-Adults

2015:  $1.3 trillion (1.8% of global GDP) 2030 projections:  $2.1T-2.5T de-
pending on scenario IDF health expenditure: — $760B (2019) — $845B (2045
projected) 2/3 direct medical costs ($857B), 1/3 indirect costs (lost productiv-
ity) Note:  Costs growing rapidly; expected to exceed $2T by 2030 Additional
sources: https://diabetesjournals.org/care/article/41/5/963/36522/Global- Economic-Burden-
of-Diabetes-in-Adults | https://doi.org/10.1016/52213-8587(17)30097-9

CBO. The 2024 Long-Term Budget Outlook. https://www.cbo.gov/publication/60039 (2024).
World Bank, B. of E. A. US GDP 2024 ($28.78 trillion). World Bank
https://data.worldbank.org/indicator/NY.GDP.MKTP.CD?locations=US (2024)

US GDP reached $28.78 trillion in 2024, representing approzimately 26% of global.
GDP. Additional sources: https://data.worldbank.org/indicator/NY.GDP.MKTP.CD?lo-
cations=US | hitps://www.bea.gov/news /2024 /gross-domestic-product-fourth-quarter-and-
year-2024-advance-estimate
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Group, E. W. US farm subsidy database and analysis. FEnvironmental Working Group
https://farm.ewg.org/ (2024)

US agricultural subsidies total approzimately $30 billion annually, but create much larger.
economic distortions. Top 10% of farms receive 78% of subsidies, benefits concentrated
in commodity crops (corn, soy, wheat, cotton), environmental damage from monoculture
incentivized, and overall deadweight loss estimated at $50-120 billion annually. Additional
sources: https://farm.ewg.org/ | https://www.ers.usda.gov/topics/farm-economy/farm-sector-
income-finances/qgovernment-payments-the-safety-net/

Alliance, D. P. The drug war by the numbers. (2021)

Since 1971, the war on drugs has cost the United States an estimated $1 trillion in enforcement.
The federal drug control budget was $41 billion in 2022. Mass incarceration costs the U.S. at
least $182 billion every year, with over $450 billion spent to incarcerate individuals on drug
charges in federal prisons.

Fund, I. M. IMF fossil fuel subsidies data: 2023 update. (2023)

Globally, fossil fuel subsidies were $7 trillion in 2022 or 7.1 percent of GDP. The United
States subsidies totaled $649 billion. Underpricing for local air pollution costs and climate
damages are the largest contributor, accounting for about 30 percent each.

Papanicolas, I. et al. Health care spending in the united states and other high-income coun-
tries. Papanicolas et al. https://jamanetwork.com/journals/jama/article-abstract /2674671
(2018)

The US spent approximately twice as much as other high-income countries on medical.
care (mean per capita: $9,892 vs $5,289), with similar utilization but much higher prices.
Administrative costs accounted for 8% of US spending vs 1-3% in other countries. US spending
on pharmaceuticals was $1,443 per capita vs $749 elsewhere. Despite spending more, US health
outcomes are not better. Additional sources: https://jamanetwork.com /journals/jama/article-
abstract/2674671

Hsieh, C.-T. & Moretti, E. Housing constraints and spatial misallocation. American Economic
Journal: ~ Macroeconomics https://www.acaweb.org/articles?id=10.1257/mac.20170388
(2019)

We quantify the amount of spatial misallocation of labor across US cities and its aggregate.
costs. Tight land-use restrictions in high-productivity cities like New York, San Francisco,
and Boston lowered aggregate US growth by 36% from 1964 to 2009. Local constraints on
housing supply have had enormous effects on the national economy. Additional sources:
https: //www.aeaweb.org/articles ?id=10.1257/mac.20170388

Lab, Y. B. The fiscal, economic, and distributional effects of all u.s. tariffs. (2025)
Accounting for all the 2025 US tariffs and retaliation implemented to date, the level of real
GDP is persistently -0.6% smaller in the long run, the equivalent of $160 billion 2024%
annually.

Foundation, T. Tax compliance costs the US economy $546 billion annually. https://
taxfoundation.org/data/all/federal /irs-tax-compliance-costs/ (2024)

Americans will spend over 7.9 billion hours complying with IRS tax filing and reporting
requirements in 2024. This costs the economy roughly $413 billion in lost productivity. In
addition, the IRS estimates that Americans spend roughly $133 billion annually in out-
of-pocket costs, bringing the total compliance costs to $5/46 billion, or nearly 2 percent of
GDP.
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Cook, C., Cole, G., Asaria, P., Jabbour, R. & Francis, D. P. Annual global
economic burden of heart disease. International Journal of Cardiology https:
//www.internationaljournalofcardiology.com/article/S0167-5273(13)02238-9 /abstract
(2014)

Heart failure alone: $108 billion/year (2012 global analysis, 197 countries) US CVD: $555B.
(2016) — projected $1.8T by 2050 LMICs total CVD loss: $3.7T cumulative (2011-2015,
5-year period) CVD is costliest disease category in most developed nations Note: No single
$2.1T global figure found; estimates vary widely by scope and year Additional sources:
https: //www.ahajournals.org/doi/10.1161/CIR.0000000000001258

Source: US Life Expectancy FDA Budget 1543-2019 CSV. US life expectancy growth
1880-1960: 3.82 years per decade. (2019)

Pre-1962: 3.82 years/decade Post-1962: 1.5} years/decade Reduction: 60% decline in.
life expectancy growth rate Additional sources: https://ourworldindata.org/life-expectancy |
https://www.mortality.org/ | hitps://www.cde.gov/nchs/nvss/mortality__tables.htm

Source: US Life Expectancy FDA Budget 1543-2019 CSV. Post-1962 slowdown in life
expectancy gains. (2019)

Pre-1962 (1880-1960): 3.82 years/decade Post-1962 (1962-2019): 1.54 years/decade Re-.
duction: 60% decline Temporal correlation: Slowdown occurred immediately after 1962
Kefauver-Harris Amendment Additional sources: https://ourworldindata.orq/life-expectancy |
https://www.mortality.org/ | hitps://www.cde.gov/nchs/nvss/mortality__tables.htm

Centers for Disease Control and Prevention. US life expectancy 2023. (2024)

US life expectancy at birth was 77.5 years in 2023 Male life expectancy: 74.8 years Female.
life expectancy: 80.2 years This is 6-7 years lower than peer developed nations despite higher
healthcare spending Additional sources: https://www.cdc.gov/nchs/fastats/life-expectancy.htm
Bureau, U. C. US median household income 2023. (2024)

US median household income was $77,500 in 2023 Real median household income de-
clined 0.8% from 2022 Gini index: 0.467 (income inequality measure) Additional sources:
https://www.census.gov/library/publications/2024,/demo/p60-282.html

Statista. US military budget as percentage of GDP. Statista https://www.statista.com/
statistics /262742 /countries-with-the-highest-military-spending/ (2024)

U.S. military spending amounted to 3.5% of GDP in 2024. In 2024, the U.S. spent.
nearly $1 trillion on its military budget, equal to 3.4% of GDP. Additional sources:
https://www.statista.com/statistics /262742/countries-with-the-highest-military-spending/ |
https: //www.sipri.orqg/sites/default /files /2025-04/2504__fs_milex_2024.pdf

Bureau, U. C. Number of registered or eligible voters in the u.s. US Census Bureau
https://www.census.gov/newsroom/press-releases/2025/2024-presidential-election-voting-
registration-tables.html (2024)

73.6% (or 174 million people) of the citizen voting-age population was registered to vote.
in 2024 (Census Bureau). More than 211 million citizens were active registered voters
(86.6% of citizen voting age population) according to the Election Assistance Commission.
Additional sources: https://www.census.gov/newsroom/press-releases/2025/2024-presidential-
election-voting-registration-tables.html | hitps://www.eac.gov/news/2025/06/30/us-election-
assistance-commission-releases-2024-election-administration-and-voting

95


https://www.internationaljournalofcardiology.com/article/S0167-5273(13)02238-9/abstract
https://www.internationaljournalofcardiology.com/article/S0167-5273(13)02238-9/abstract
https://manual.warondisease.org/knowledge/data/us-life-expectancy-fda-budget-1543-2019.csv
https://manual.warondisease.org/knowledge/data/us-life-expectancy-fda-budget-1543-2019.csv
https://manual.warondisease.org/knowledge/data/us-life-expectancy-fda-budget-1543-2019.csv
https://manual.warondisease.org/knowledge/data/us-life-expectancy-fda-budget-1543-2019.csv
https://www.cdc.gov/nchs/fastats/life-expectancy.htm
https://www.census.gov/library/publications/2024/demo/p60-282.html
https://www.statista.com/statistics/262742/countries-with-the-highest-military-spending/
https://www.statista.com/statistics/262742/countries-with-the-highest-military-spending/
https://www.census.gov/newsroom/press-releases/2025/2024-presidential-election-voting-registration-tables.html
https://www.census.gov/newsroom/press-releases/2025/2024-presidential-election-voting-registration-tables.html

123.

124.

125.

126.

127.

128.

129.

Senate, U. S. Treaties. U.S. Senate https://www.senate.gov/about/powers-
procedures/treaties.htm

The Constitution provides that the president ’shall have Power, by and with the Advice.
and Consent of the Senate, to make Treaties, provided two-thirds of the Senators present
concur’ (Article 11, section 2). Treaties are formal agreements with foreign nations that require
two-thirds Senate approval. 67 senators (two-thirds of 100) must vote to ratify a treaty for it to
take effect. Additional sources: hittps://www.senate.gov/about/powers-procedures /treaties.htm
Commission, F. E. Statistical summary of 24-month campaign activity of the 2023-2024
election cycle. (2023)

Presidential candidates raised $2 billion; House and Senate candidates raised $3.8 billion.
and spent $3.7 billion; PACs raised $15.7 billion and spent $15.5 billion. Total federal
campaign spending approximately $20 billion. Additional sources: https://www.fec.gov/up-
dates/statistical-summary-of-24-month-campaign-activity-of-the-2023-2024-election-cycle/
OpenSecrets. Federal lobbying hit record $4.4 billion in 2024. (2024)

Total federal lobbying reached record $4.4 billion in 2024. The $150 million increase in lobbying.
continues an upward trend that began in 2016. Additional sources: hitps://www.opense-
crets.org/news/2025/02/federal-lobbying-set-new-record-in-2024,/

Hutchinson & Kirk. Valley of death in drug development. (2011)

The overall failure rate of drugs that passed into Phase 1 trials to final approval is 90%. This
lack of translation from promising preclinical findings to success in human trials is known as
the "valley of death.” Estimated 30-50% of promising compounds never proceed to Phase 2/3
trials primarily due to funding barriers rather than scientific failure. The late-stage attrition
rate for oncology drugs is as high as 70% in Phase II and 59% in Phase III trials.

DOT. DOT value of statistical life ($13.6M). DOT: VSL Guidance 2024
https://www.transportation.gov/office-policy /transportation-policy /revised-departmental-
guidance-on-valuation-of-a-statistical-life-in-economic-analysis (2024)

Current VSL (2024): $13.7 million (updated from $13.6M) Used in cost-benefit analy-.
ses for transportation regulations and infrastructure Methodology updated in 2013 guid-
ance, adjusted annually for inflation and real income VSL represents aggregate willingness
to pay for safety improvements that reduce fatalities by one Note: DOT has published
VSL guidance periodically since 1993. Current $13.7M reflects 2024 inflation/income ad-
justments Additional sources: hitps://www.transportation.gov/office-policy/transportation-
policy/revised-departmental-guidance-on-valuation-of-a-statistical-life-in-economic-analysis |
https: //www.transportation.gov/requlations /economic-values-used-in-analysis

ONE, P. Cost per DALY for vitamin a supplementation. PLOS ONE: Cost-
effectiveness of "Golden Mustard” for Treating Vitamin A Deficiency in India (2010)
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0012046 (2010)

India: $23-350 per DALY averted (least costly intervention, $1,000-36,100 per death.
averted) Sub-Saharan Africa (2022): $220-$860 per DALY (Burkina Faso: $220, Kenya:
$550, Nigeria: $860) WHO estimates for Africa: $40 per DALY for fortification,
$255 for supplementation Uganda fortification: $18-$82 per DALY (oil: $18, sugar:
$82) Note: Wide wvariation reflects differences in baseline VAD prevalence, coverage
levels, and whether intervention is supplementation or fortification Additional sources:
https://journals.plos.org/plosone/article ?id=10.1371 /journal.pone.0012046 | https://jour-
nals.plos.org/plosone/article ?id=10.1371 /journal.pone.0266495

News, U. Clean water & sanitation (LMICs) ROI. UN News https://news.un.org/en/story/
2014/11/484032 (2014).
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130. PMC. Cost-effectiveness threshold ($50,000/QALY). PMC https://pmc.ncbi.nlm.nih.gov/

articles/PMC5193154/
The $50,000/QALY threshold is widely used in US health economics literature, originating.
from dialysis cost benchmarks in the 1980s. In US cost-utility analyses, 77.5% of authors
use either $50,000 or $100,000 per QALY as reference points. Most successful health pro-
grams cost $3,000-10,000 per QALY. WHO-CHOICE uses GDP per capita multiples (1x
GDP/capita = "very cost-effective”, 3x GDP/capita = cost-effective”), which for the US
( 870,000 GDP/capita) translates to $70,000-3210,000/QALY thresholds. Additional sources:
https://pmc.ncbi.nlm.nih.gov/articles/PMC5193154/ | hitps://pmc.ncbi.nlm.nih.gov/arti-
cles/PMC9278384/

131. Institute, I. B. Chronic illness workforce productivity loss. Integrated Benefits Institute 2024

https://www.ibiweb.org/resources/chronic-conditions-in-the-us-workforce-prevalence-trends-
and-productivity-impacts (2024)
78.4% of U.S. employees have at least one chronic condition (7% increase since 2021).
58% of employees report physical chronic health conditions 28% of all employees ex-
perience productivity loss due to chronic conditions Average productivity loss: $4,798
per employee per year Employees with 3+ chronic conditions miss 7.8 days annually vs
2.2 days for those without Note: 28% productivity loss translates to roughly 11 hours
per week (28% of 40-hour workweek) Additional sources: hitps://www.ibiweb.orqg/re-
sources/chronic-conditions-in-the-us-workforce-prevalence-trends-and-productivity-impacts
/ https: //www.onemedical.com/mediacenter/study-finds-more-than-half-of-employees-
are-living-with-chronic-conditions-including-1-in-3-gen-z-and-millennial-employees/ /
https://debeaumont.org/news/2025 /poll-the-toll-of-chronic-health-conditions-on-employees-
and-workplaces/

132.  Jha, P. et al. 21st-century hazards of smoking and benefits of cessation in the united states.

New England Journal of Medicine 368, 341-350 (2013)
Smokers lose at least one decade of life expectancy compared with those who have never
smoked. The probability of surviving from 25 to 79 years of age was about twice as great in
those who had never smoked as in current smokers (70 percent vs. 38 percent among women
and 61 percent vs. 26 percent among men). Cessation before age 40 reduces the risk of
death associated with continued smoking by about 90 percent. Adults who quit at ages 25-3/,
85-44, or 45-54 gained about 10, 9, and 6 years of life respectively compared with those who
continued to smoke.

133. Blincoe, L. J., Miller, T. R., Zaloshnja, E. & Lawrence, B. A. The Economic and Societal
Impact of Motor Vehicle Crashes, 2010 (Revised). https://rosap.ntl.bts.gov/view/dot /78697
(2015)

In 2010, there were 32,999 people killed, 3.9 million injured, and 24 million vehi-

cles damaged in motor vehicle crashes in the United States. The economic costs totaled

277billion. W henqualityo fli fevaluationsareconsidered, thetotalvalueo f societalharm frommotorvehiclecr
billion, representing 1.9 percent of GDP.

134.  Buchanan, J. M. & Tullock, G. The Calculus of Consent: Logical Foundations of Constitutional
Democracy. (University of Michigan Press, Ann Arbor, 1962).

135.  Olson, M. The Logic of Collective Action: Public Goods and the Theory of Groups. (Harvard
University Press, Cambridge, MA, 1965).

136.  Stigler, G. J. The theory of economic regulation. Stigler 2, 3-21 (1971)

As a rule, requlation is acquired by the industry and is designed and operated primarily for
its benefit.
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Becker, G. S. A theory of competition among pressure groups for political influence. Becker
98, 371-400 (1983)

Political equilibrium depends on the efficiency of each group in producing pressure, the effect
of additional pressure on their influence, the number of persons in different groups, and the
deadweight cost of taxes and subsidies.

Cartwright, N. & Hardie, J. Fvidence-Based Policy: A Practical Guide to Doing It Better.
(Cartwright, Oxford, 2012).

The key to evidence-based policy is understanding that evidence of effectiveness elsewhere is
not evidence of effectiveness here without support for the claim that the causal mechanism
will operate in the new setting.

Haskins, R. & Margolis, G. Show Me the Evidence: Obama’s Fight for Rigor and Results in
Social Policy. (Haskins, Washington, DC, 2009).

The federal government spends hundreds of billions of dollars annually on social programs
with little rigorous evidence of effectiveness.

Hahn, R. W. Regulatory reform: What do the government’s numbers tell us? in 208-253
(2000).

A review of 48 regulatory impact analyses finds substantial variation in methodology and
quality, with many failing to provide adequate justification for requlatory choices.
Clearinghouse, W. W. What works clearinghouse standards handbook (version 4.0). (2017)
The WWC reviews existing research on different programs, products, practices, and policies
in education to provide educators with the information they need to make evidence-based
decisions.

Higgins, J. P. T. & Green, S. Cochrane Handbook for Systematic Reviews of Interventions.
(Higgins, 2011).

Heterogeneity in systematic reviews refers to variability among studies. I? describes the
percentage of variability in effect estimates that is due to heterogeneity rather than sampling
error.

Petticrew, M. & Roberts, H. Systematic Reviews in the Social Sciences: A Practical Guide.
(Petticrew, Malden, MA, 2006).

Systematic reviews can help policymakers by providing a rigorous and transparent method for
synthesizing research evidence on the effectiveness of social interventions.

Sunstein, C. R. The Cost-Benefit State: The Future of Regulatory Protection. (Sunstein,
Chicago, 2002).

Cost-benefit analysis, properly understood, is not only a useful tool but also an indispensable
safequard against both excessive and insufficient regulation.

Viscusi, W. K. Pricing Lives: Guideposts for a Safer Society. (Viscusi, Princeton, NJ, 2018).
The value of a statistical life provides a consistent metric for evaluating the benefits of risk
reduction policies across domains.

Angrist, J. D. & Pischke, J.-S. The credibility revolution in empirical economics: How better
research design is taking the con out of econometrics. Journal of Economic Perspectives 24,
3-30 (2010)

The primary engine driving improvement has been a focus on the quality of empirical research.
designs. Additional sources: https://www.aeaweb.org/articles?id=10.1257/jep.24.2.3
Imbens, G. W. & Rubin, D. B. Causal Inference for Statistics, Social, and Biomedical
Sciences: An Introduction. (Imbens, Cambridge, 2015).

The potential outcomes framework provides a rigorous foundation for defining causal effects
and understanding the assumptions required for their identification.
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Abadie, A., Diamond, A. & Hainmueller, J. Synthetic control methods for comparative
case studies: Estimating the effect of california’s tobacco control program. Journal of the
American Statistical Association 105, 493-505 (2010)

The synthetic control method provides a systematic way to choose comparison units in com-
parative case studies. A combination of comparison units often provides a better comparison
for the unit affected by the policy intervention than any single comparison unit alone.
Abadie, A., Diamond, A. & Hainmueller, J. Comparative politics and the synthetic control
method. Abadie 59, 495-510 (2015)

The synthetic control method provides a systematic way to construct comparison units in
comparative case studies, making explicit the weights assigned to each unit.

Abadie, A. Using synthetic controls: Feasibility, data requirements, and methodological
aspects. Abadie 59, 391-425 (2021)

Synthetic control methods have become one of the most widely used tools for evaluating the
effects of policy interventions in comparative case studies.

Callaway, B. & Sant’Anna, P. H. C. Difference-in-differences with multiple time periods.
Callaway 225, 200-230 (2021)

When treatment timing varies across units, standard two-way fixed effects estimators can
be severely biased. We propose alternative estimators that are robust to treatment effect
heterogeneity.

Hill, A. B. The environment and disease: Association or causation? PubMed Central: Hill
1965 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1898525/ (1965)

Original paper establishing the 9 criteria for evaluating causal relationships in epi-
demiology Crriteria: Strength, Consistency, Specificity, Temporality, Biological Gradi-
ent, Plausibility, Coherence, Fxperiment, Analogy Published in Proceedings of the Royal
Society of Medicine Most influential framework for assessing causation from observa-
tional data Additional sources: hitps://www.ncbi.nlm.nih.gov/pme/articles/PMC1898525/ |
https://en.wikipedia.orq/wiki/Bradford _Hill_criteria

Cohen, J. Statistical Power Analysis for the Behavioral Sciences. (Lawrence Erlbaum
Associates, 1988).

Classic reference for effect size conventions in social science research. Defines small (d=0.2),
medium (d=0.5), and large (d=0.8) effect sizes for standardized mean differences.
Borenstein, M., Hedges, L. V., Higgins, J. P. T. & Rothstein, H. R. Introduction to Meta-
Analysis. (John Wiley; Sons, 2009). doi:10.1002/9780470743386

Comprehensive guide to meta-analysis methods. FEstablishes that 10+ studies are needed for
reliable heterogeneity estimation and publication bias assessment.

Rothman, K. J., Greenland, S. & Lash, T. L. Modern Epidemiology. (Lippincott Williams;
Wilkins, 2008).

Standard epidemiology textbook covering causal inference, dose-response relationships, and
study design. Provides framework for assessing biological gradients in exposure-outcome
relationships.

Oster, E. Unobservable selection and coefficient stability: Theory and evidence. Oster 37,
187-204 (2019)

A common approach to evaluating robustness to omitted variable bias is to observe coefficient.
movements after inclusion of controls. This is informative only if selection on observables
is informative about selection on unobservables. Additional sources: hitps://www.tandfon-
line.com/doi/abs/10.1080/07350015.2016.1227711

V-Dem Institute, University of Gothenburg. Varieties of democracy (v-dem). (2025).
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158.  Marshall, M. G. & Gurr, T. R. Polity5 project: Political regime characteristics and transitions,
1800-2018. (2020).

159.  Armingeon, K., Engler, S. & Leemann, L. Comparative political data set (CPDS). (2024).

160.  Organisation for Economic Co-operation and Development. OECD iLibrary. (2025).
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162.  Publications Office of the European Union. EUR-lex: Access to european union law. (2025).

163.  World Bank. World development indicators. (2025).
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24 Appendix A: Worked Example - Texas Policy Recommendations
24.1 Warning SYNTHETIC DATA - NOT EMPIRICAL FINDINGS

All numbers in this appendix are fabricated for illustration. The effect sizes (+0.15
years, +0.02 pp/year, etc.), confidence intervals, and Bradford Hill scores are synthetic placeholders
demonstrating the OPG framework’s output format. They were not derived from actual data
analysis.

Do not cite these numbers as empirical findings. Actual policy effects would require
jurisdiction-specific evidence analysis using real data from the sources described in this specification.

24.2 Overview

This worked example demonstrates the complete OPG output for a specific jurisdiction: Texas. It
shows how generic policy evidence is translated into jurisdiction-specific recommendations.

24.3 Texas Policy Inventory (Sample)

Policy Status Income Effect Health Effect Recommendation Grade

Primary Missing +0.02 pp/yr 40.15 years ENACT A
seat belt

Motorcy-  Partial +0.01 pp/yr +0.08 years ENACT A
cle helmet

(all ages)

Speed Excessive  40.01 pp/yr 40.06 years REPLACE B
limit

(85—170

mph)

DUI Optimal N/A N/A MAINTAIN A
threshold

(0.08

BAC)
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Policy Status Income Effect Health Effect Recommendation Grade

Gradu- Optimal ~ N/A N/A MAINTAIN A
ated
licensing

24.4 Step 1: Calculate Policy Impact Scores
Example: Primary Seat Belt Law
From meta-analysis of 47 US states (2000-2020):

Metric Effect SE I2 Grade

Income (pp/yr) +0.025 0.008 28% A
Health (years) +0.18 0.04 28% A

Income effect derives from reduced healthcare costs and fewer disability-related productivity losses.
Health effect converts mortality reduction to median healthy life years.

Bradford Hill Criteria Scores (applies to both metrics):

Criterion Score Rationale

Strength 0.75  Moderate standardized effects on both metrics
Consistency 0.82  I? = 28%, consistent across states
Temporality 0.95  Clear temporal ordering

Plausibility ~ 0.90  Clear mechanism (increased compliance)
Experiment 0.85  Multiple synthetic control studies

CCS = 0.81 — Grade A

24.5 Step 2: Apply Context Adjustment for Texas

Factor Texas Value Adjustment

Current seat belt use  91.5% Effect may be smaller (already
high)

Rural driving High Effect may be larger (more severe

proportion crashes)

Population 29.5M Scale up total state-level impact

Adjusted expected effects for Texas:

o Income: +0.02 pp/year (slightly smaller due to already-high compliance)
e Health: +0.15 years
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24.6 Step 3: Generate Recommendations

OPG Recommendations for Texas

25 ENACT (New Policies to Adopt)

1. Primary Seat Belt Enforcement Law (Current: secondary enforcement only)

Metric ~ Expected Effect 95% CI

Income +0.02 pp/year  [+0.01, +0.03]
Health  +0.15 years [+0.10, +0.20]

o Evidence grade: A

o Priority: High

e Blocking factors: None identified

e Similar jurisdictions: Florida adopted 2009; saw +0.18 years health effect

2. Universal Motorcycle Helmet Requirement (Current: partial - under 21 only)

Metric ~ Expected Effect 95% CI

Income +0.01 pp/year  [+0.005, +0.015]
Health  +0.08 years [+0.05, 4+0.12]

o Evidence grade: A

e Priority: Medium

» Blocking factors: Political (autonomy concerns from rider groups)
o Similar jurisdictions: California (all ages since 1992)

26 REPLACE (Policies to Modify)

3. Maximum Speed Limit: 8 mph — 70 mph

Metric  Expected Effect 95% CI

Income +0.01 pp/year  [+0.005, +0.02]
Health  +0.06 years [+0.03, +0.09]

o Current level: 85 mph (highest in US)

e Recommended level: 70 mph

o Evidence grade: B

e Priority: Low

» Blocking factors: Political (driver opposition), autonomy

27 REPEAL (Policies to Remove)

No high-priority repeal recommendations for Texas at this time.
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(Example format: If Texas had a policy shown to cause net harm, it would appear here with expected
welfare gain from removal.)

28 MAINTAIN (No Change Needed)

5. DUI Threshold at 0.08 BAC

o Current level: 0.08 BAC (national standard)
e Evidence: Aligned with evidence-supported level
e Status: Continue current policy

6. Graduated Driver Licensing Program

o Current level: Three-stage system with night/passenger restrictions
e Evidence: Consistent with best practices
o Status: Continue current policy

28.1 Step 4: Summary Dashboard
Total Expected Welfare Gain by Recommendation Type

Type Recommendation Income Effect Health Effect Grade
ENACT Primary seat belt +0.02 pp/yr +0.15 years A
ENACT Universal helmet +0.01 pp/yr +0.08 years A
REPLACE Speed limit: 85—70 mph +0.01 pp/yr +0.06 years B
MAINTAIN DUTI threshold, GDL N/A N/A A

Total from changes 40.04 pp/yr +0.29 years

Note: MAINTAIN items confirm evidence alignment and require no action. REPEAL section
empty for Texas; no harmful policies identified with strong evidence.
28.2 Interpretation

This example demonstrates how OPG transforms generic evidence into actionable, jurisdiction-
specific recommendations using the two-metric framework:

If Texas adopted all recommendations, expected effects are:

e +0.04 pp/year increase to median income growth
e +0.29 years added to median healthy life expectancy
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Figure 33: How policies affect money versus how they affect not dying. Ideally, both go up. Often,
you have to pick one.

The two-metric format enables direct interpretation without complex conversion factors. When
genuine tradeoffs exist (health gains with income costs, or vice versa), both effects are reported
explicitly rather than hidden behind aggregated scores.

29 Appendix B: OPG Analysis Workflow

29.1 Complete OPG Pipeline
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OPTIMAL POLICY GENERATOR WORKFLOW

Phase 1: DATA COLLECTION

1. Policy database ingestion
Parse legislative text
Record implementation dates by jurisdiction
Classify policy type and category

2. Jurisdiction policy inventory
Pull current policy status for each jurisdiction
Record policy strength (for continuous policies)
Flag data quality and gaps
Identify last verification date

3. Outcome data collection
Pull from primary sources (World Bank, WHO, etc.)
Harmonize units and definitions
Identify missing data patterns
Flag measurement quality issues

4. Confounder data collection
Economic indicators (GDP, unemployment)
Demographic variables (age structure, education)
Political variables (regime type, election cycles)
Geographic variables (neighbors' policies)

Phase 2: EVIDENCE ANALYSIS (Quasi-Experimental)

5. Policy-outcome pair identification
Match policies to plausible outcome categories
Filter by minimum data requirements
Identify applicable quasi-experimental methods

6. Method selection
Synthetic control: single treated, good donors
Difference-in-differences: multiple treated, parallel trends
Regression discontinuity: sharp threshold exists
Event study: need dynamic effects
Interrupted time series: fallback

7. Effect estimation
Run primary analysis
Calculate standard errors (clustered)
Compute confidence intervals
Store jurisdiction-level results
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8. Robustness checks
In-time placebo tests
In-space placebo tests
Leave-one-out sensitivity
Covariate adjustment sensitivity

Phase 3: AGGREGATION & PIS CALCULATION

9. Meta-analysis
Pool jurisdiction estimates (random effects)
Calculate I2%, 2, Q statistics
Test for publication bias (funnel plot)
Apply trim-and-fill if needed

10. Bradford Hill scoring
Score each criterion (0-1)
Apply criterion weights
Compute CCS (causal confidence score)
Document evidence for each criterion

11. PIS calculation
Standardize effect estimate
Calculate quality adjustment
Compute final PIS
Assign evidence grade (A-F)

Phase 4: RECOMMENDATION GENERATION

12. Policy gap analysis (per jurisdiction)
Compare current inventory to evidence-supported
Calculate gap magnitude
Identify gap type (missing, harmful, suboptimal)
Flag blocking factors

13. Context adjustment
Adjust effect estimates for jurisdiction characteristics
Widen confidence intervals for context uncertainty
Identify similar jurisdictions for comparison
Note implementation considerations

14. Priority scoring
Rank by |Gap| x Evidence Grade x Impact
Assign to priority tiers (Quick Win, Major Reform, etc.)
Generate enact/replace/repeal/maintain lists
Calculate total expected welfare gain

Phase 5: OUTPUT GENERATION
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15. Recommendation dashboard
Enact list (new policies to adopt)
Replace list (existing policies to modify: current -+ optimal)
Repeal list (harmful policies to remove)
Maintain list (policies aligned with evidence)
Jurisdictional level and tracking guidance for each

16. Two-metric reporting
Income effect (pp/year)
Health effect (years)
Combined welfare score (for ranking)

17. Documentation
Generate jurisdiction-specific reports
Create methodology audit trail
Version control all recommendations
Publish to API/dashboard

29.2 Minimum Data Requirements Checklist
Before generating recommendations, verify:

4 pre-treatment periods in evidence base

2 post-treatment periods in evidence base

20 total outcome observations

5 control jurisdictions (for DiD-based evidence)
Policy implementation dates documented
Outcome variable has known valence
Jurisdiction policy inventory verified within 2 years
Data quality score 0.5 for target jurisdiction

OopoDooooono

30 Appendix C: Glossary

Brief definitions for quick reference. See referenced sections for full details.

Term Definition See Section

oPG Optimal Policy Generator: produces Section 3
jurisdiction-specific
recommendations

PIS Policy Impact Score: effect x causal Section 12
confidence x quality

CCS Causal Confidence Score: weighted — Section 7.3
Bradford Hill average

Evidence Grade A-F rating based on PIS, Section 13.4
heterogeneity, jurisdiction count

Policy Gap Difference between current and Section 9

evidence-supported policy
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Term Definition See Section

Blocking Factor Constraint on adoption Section 10.2
(constitutional, political, etc.)

12 Between-study heterogeneity (>75% Section 13
= high)

Synthetic Weighted donor pool matching Section 7.2

Control pre-treatment trajectory

DiD Difference-in-differences under Section 7.2
parallel trends

RDD Regression discontinuity at Section 7.2

eligibility threshold

Recommendation types: ENACT (add new), REPLACE (modify level), REPEAL (remove
harmful), MAINTAIN (keep current). See Section 10.

Bradford Hill criteria: Strength, Consistency, Temporality, Gradient, Experiment, Plausibility,
Coherence, Analogy, Specificity. See Section 7.3.

Corresponding Author: Mike P. Sinn, Decentralized Institutes of Health (mike@warondisease.org)

Data Awvailability: This specification describes a methodological framework. Policy databases
referenced (V-Dem, Polity V, CPDS, World Bank WDI) are publicly available at URLs provided in
Data Sources section. A complete replication package including data extraction scripts, analysis
code, and recommendation generation algorithms will be deposited in a public repository upon
system deployment.
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