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Appendix A​
Robustness Analysis of the 2025 U.S. “Phantom Jobs” Gap ​

and Intelligence Capital Effects 
 

 

A.1 Purpose and Framing 

We examine the claim that the U.S. economy in 2025 exhibited a large “phantom jobs” gap—on the 

order of 19 million job-equivalents—arising from a structural decoupling between output and labor 

input. 

We frame this analysis within the broader theory of Intelligence Capital, which posits that advanced 

computational, organizational, and human–machine systems can increasingly generate economic output 

without proportional growth in traditional labor inputs. 

Our objective is not to defend a single point estimate, but to rigorously stress-test whether a gap of this 

magnitude is: 

1.​ Econometrically plausible, 

2.​ Consistent with official macroeconomic data, and 

3.​ Robust to alternative assumptions about productivity, labor supply, and measurement error. 

 

A.2 Empirical Context: Output–Labor Decoupling in 2025 

We begin from documented macroeconomic patterns in 2024–2025: 

●​ U.S. real output accelerated in multiple quarters of 2025. 

●​ Nonfarm business output rose substantially faster than hours worked. 

●​ Official labor productivity measures recorded sharp gains. 

In Q3 2025, for example, nonfarm business output rose 5.4% while hours worked rose only 0.5%, 

producing a large productivity increase. 

At the same time, payroll employment growth slowed markedly, with only modest net job creation in 

2025. 

We interpret this pattern as evidence of an “Efficiency Scissors” dynamic: rising output alongside 

stagnant labor input. 

This phenomenon is empirically observable, independent of any attribution to artificial intelligence. 
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A.3 Conceptual Definition: “Phantom Jobs” as Job-Equivalent Hours 

We define “phantom jobs” as: 

The difference between actual labor input and the counterfactual labor input that would 

have been required to generate observed output under historical productivity 

relationships. 

Formally, we measure this in job-equivalent hours, not raw headcount. 

 

This approach aligns with national accounting practice, which measures productivity in hours rather than 

workers. 

 

A.4 Data Anchors and Assumptions 

We anchor the calculation using publicly available BLS and FRED data for December 2025: 

●​ Private payroll employment ≈ 136.1 million 

●​ Average weekly hours ≈ 34.2 

●​ Annual hours per worker ≈ 1,778 

●​ Total private-sector annual hours ≈ 0.242 trillion 

We consider three plausible hours-per-job assumptions: 

●​ 1,600 (part-time weighted) 

●​ 1,800 (BLS average) 

●​ 2,000 (full-time weighted) 

We examine productivity wedges from 2% to 15% relative to baseline trends. 
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A.5 Robustness Table: Implied Job-Equivalent Gaps (Millions) 

Productivity Wedge 1,600 hrs/job 1,800 hrs/job 2,000 hrs/job 

2% ~3.0 ~2.7 ~2.4 

5% ~7.6 ~6.7 ~6.1 

8% ~12.1 ~10.8 ~9.7 

10% ~15.1 ~13.4 ~12.1 

12% ~18.2 ~16.1 ~14.5 

14% ~21.2 ~18.8 ~16.9 

15% ~22.7 ~20.2 ~18.2 

This table shows that a “phantom jobs” gap in the mid-to-high teens (millions) is mechanically consistent 

with a productivity level wedge in the low-to-mid teens. 

 

A.6 Threshold Analysis: Conditions for a 19M Gap 

Solving for the productivity wedge required to produce a 19M job-equivalent gap yields: 

Hours per Job Required Wedge 

1,600 ~12.6% 

1,800 ~14.1% 

2,000 ~15.7% 

Thus, a 19M gap implies a productivity level shift of roughly 13–16% relative to the chosen baseline. 

This is a large but not implausible structural break in the presence of rapid digital and organizational 

transformation. 

 

 

© 2026 Visionary Future LLC. All rights reserved. ​ 4 



​ Intelligence Capital Manifesto 

A.7 Measurement Uncertainty and Benchmark Revisions 

We explored whether statistical mismeasurement could account for a substantial share of the gap. 

Evidence indicates: 

●​ Federal Reserve officials have acknowledged possible overstatement of payrolls in 2024–2025. 

●​ Preliminary BLS benchmark revisions suggest roughly 900,000 fewer jobs than previously 

reported. 

●​ Media and analyst reports cite potential monthly overstatements on the order of 50–60k. 

We conclude that measurement error plausibly explains 1–2 million jobs but cannot alone generate a 

19M gap. 

However, it amplifies uncertainty around baseline employment levels and reinforces the need for caution 

in point estimates. 

 

A.8 Immigration and Labor Supply 

We considered the impact of post-2024 immigration policy changes on labor supply. 

Multiple analyses indicate: 

●​ Reduced net immigration under restrictive policy scenarios, 

●​ Slower labor force growth beginning in 2025, 

●​ Medium-term workforce shortfalls in the millions. 

We find that immigration affects the availability of workers but does not negate the observed 

output–hours decoupling. 

It mainly alters the counterfactual: how many workers “could have” been employed absent policy shifts. 

Any phantom-jobs estimate must therefore specify its immigration baseline. 

 

A.9 AI, Capital Deepening, and Productivity 

We examined whether AI-related productivity effects remain merely anecdotal. 

Evidence includes: 

●​ PwC and other industry analyses showing sharply higher productivity growth in AI-exposed 

sectors, 
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●​ Stanford Digital Economy Lab research documenting early-career employment declines in 

AI-sensitive roles, 

●​ Firm-level studies showing capital–AI complementarities. 

While causal identification remains incomplete, the evidence supports the plausibility of a 

technologically driven labor-intensity shift. 

We therefore treat AI and related digital capital as a plausible contributor to the productivity wedge, 

though not its sole determinant. 

 

A.10 Labor Market Frictions and “Ghost Jobs” 

We also examined labor-market frictions that affect perceived job availability: 

●​ High prevalence of “ghost postings,” 

●​ Declining entry-level hiring pipelines, 

●​ Longer hiring cycles. 

These mechanisms do not directly enter national accounts but help explain why jobseekers experience 

greater “phantomness” than headline employment figures suggest. 

They reinforce, rather than substitute for, the macro-level gap. 

 

A.11 Integrated Interpretation 

Taken together, our analysis supports the following unified thesis: 

1.​ We believe that the U.S. economy in 2025 experienced a genuine decoupling between output 

and labor input, visible in official productivity and hours data. 

2.​ We believe that this decoupling is consistent with the emergence of Intelligence Capital systems 

that embed computational, organizational, and human–machine capabilities into production. 

3.​ We explored alternative explanations—statistical revisions, immigration policy, labor hoarding, 

sectoral shifts, and market frictions—and find that none alone explains the observed pattern. 

4.​ We considered whether a 19M “phantom jobs” figure is defensible and find that it is plausible 

only under a high-productivity-wedge scenario (≈13–16%), corresponding to an upper-tail stress 

case. 

5.​ We conclude that the central empirical fact is not the precise number 19M, but the existence of 

a large and growing job-equivalent gap whose magnitude is highly sensitive to productivity 

baselines. 
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A.12 Implications for Intelligence Capital Theory 

Our findings are consistent with three core implications: 

1.​ Labor is increasingly a non-linear input to output. 

2.​ Value creation is shifting toward embedded intelligence systems. 

3.​ Employment is becoming a lagging, indirect indicator of economic capacity. 

This supports the Intelligence Capital framework’s claim that modern firms and economies accumulate 

productive capacity through compounding cognitive and computational assets rather than proportional 

workforce expansion. 

 

A.13 Conclusion 

We therefore conclude: 

●​ The “phantom jobs” phenomenon in 2025 is empirically grounded. 

●​ A gap in the high single-digit to mid-teens millions is robust across reasonable assumptions. 

●​ A 19M gap represents an upper-bound stress scenario requiring a substantial productivity 

regime shift. 

●​ The phenomenon aligns with early-stage macroeconomic manifestations of Intelligence Capital. 

Future work should focus on identifying causal channels, refining productivity baselines, and integrating 

firm-level AI adoption data into national accounting frameworks. 
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Appendix B​
Robustness Analysis of the 2025 European “Phantom Jobs” Gap ​

and Intelligence Capital Effects 

 

 

 

B.1 Purpose and framing 

We examine the claim that Europe in 2025 exhibited a “phantom jobs” gap of ~9 million 

job-equivalents—i.e., the difference between: 

●​ Actual labor input (hours worked), and 

●​ Counterfactual labor input that would have been required to produce observed 2025 output 

under a historical productivity relationship. 

We treat 9M as a stress-tested estimate (not a single “true” number), and ask whether it is: 

1.​ Mechanically/econometrically plausible, 

2.​ Consistent with official EU macro labor–output data, and 

3.​ Robust to alternative assumptions about hours-per-job and baseline productivity. 

 

B.2 Empirical context: output–labor decoupling signals in 2025 (EU) 

Two official macro anchors matter most: 

●​ EU real GDP growth (2025): Eurostat’s flash estimate implies ~1.6% annual GDP growth in the 

EU (and ~1.5% in the euro area) in 2025. (European Commission) 

●​ Employment and hours dynamics (2025): Eurostat reports in Q3 2025 that EU employment 

(persons) rose ~0.5% y/y, while hours worked rose ~0.7% y/y; GDP in that quarter rose ~1.6% 

y/y. (European Commission) 

Key implication (arithmetic, not ideology):​
If GDP grows materially faster than hours, labor productivity per hour rises; if GDP grows while hiring 

remains comparatively muted, the economy can “feel like” it is expanding without proportionate job 

creation. 

That said, the EU’s aggregate productivity story differs from the U.S.: Eurostat’s longer-run productivity 

indicators show weak productivity growth in recent years, with a modest rebound in 2024. (European 

Commission)​
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So the European “phantom” magnitude should generally be smaller than a U.S.-scale gap, absent a 

Europe-specific step-change. 

 

B.3 Conceptual definition: “phantom jobs” as job-equivalent hours 

Following Appendix A’s approach, we measure phantom jobs as job-equivalent hours, not headcount. 

 

This is exactly the “hours-first” logic consistent with national accounts treatment of productivity and 

labor input. (European Commission) 

 

B.4 Data anchors and assumptions (EU-wide) 

Employment (persons). Eurostat reports 198.0 million persons employed in the EU in Q3 2025. 

(European Commission) 

Average weekly hours. Eurostat reports 36.0 actual weekly hours (EU average, 2024; full-time + 

part-time, ages 20–64, main job). We use this as a conservative anchor for an “order-of-magnitude” 

2025 annualization. (European Commission) 

Implied annual hours-per-job. Using 36.0 hours/week × 52 weeks ≈ 1,872 hours/job/year (blended). 

Europe has higher part-time prevalence than the U.S., so we explicitly stress-test lower annual 

hours-per-job. 

We therefore run three hours-per-job assumptions (robustness grid): 

●​ 1,500 (part-time weighted) 

●​ 1,700 (blended central case) 

●​ 1,900 (full-time weighted) 
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Total annual hours worked (working approximation).​
Using the Q3 2025 employment level × 36 hours/week × 52 weeks implies total annual hours on the 

order of ~0.371 trillion hours (used for the mechanical sensitivity table). (This is a modeling 

convenience; the sensitivity results are what matter.) 

 

B.5 Robustness table: implied job-equivalent gaps (EU, millions) 

Using  

Productivity wedge vs baseline 1,500 hrs/job 1,700 hrs/job 1,900 hrs/job 

2% ~4.9 ~4.4 ~3.9 

5% ~12.4 ~10.9 ~9.8 

8% ~19.8 ~17.4 ~15.6 

10% ~24.7 ~21.8 ~19.5 

12% ~29.7 ~26.2 ~23.4 

14% ~34.6 ~30.5 ~27.3 

15% ~37.1 ~32.7 ~29.3 

Interpretation: A 9M European gap does not require a U.S.-style “low-to-mid teens” productivity wedge. 

In Europe, given the larger employment base and materially different hours structure, single-digit 

millions can emerge from a mid-single-digit productivity level wedge depending on hours-per-job. 

 

B.6 Threshold analysis: conditions for a ~9M European gap 

Solve for  that yields 9 million job-equivalents: 

Hours per job Required productivity wedge 

1,500 ~3.6% 

© 2026 Visionary Future LLC. All rights reserved. ​ 13 



​ Intelligence Capital Manifesto 

1,700 ~4.1% 

1,900 ~4.6% 

Bottom line: A ~9M European “phantom jobs” figure corresponds to a ~3.6–4.6% productivity level 

wedge under these assumptions—material, but far less extreme than the wedge needed to justify a 

~19M U.S. gap in Appendix A. 

This is the central robustness point: Europe’s 9M claim is mechanically easier to support than the U.S. 

19M claim, provided one can justify a ~4% level wedge relative to the chosen baseline. 

 

B.7 Alternative explanations and uncertainty channels (Europe-specific) 

The EU context introduces distinct confounders that can either inflate perceived “phantomness” or 

compress measured gaps: 

1.​ Hours-per-worker dynamics and compositional shifts​
Eurostat shows a long-run trend of declining hours per employed person (pre-2025), and a high 

share of part-time work across several member states. (European Commission)​
Small changes in average hours (or the full-time/part-time mix) can move the gap materially. 

2.​ Short-time work, labor hoarding, and institutional smoothing​
European labor markets are structurally more “employment-stabilizing” than the U.S. (collective 

bargaining coverage, job retention schemes, etc.). That tends to shift adjustment into hours and 

productivity rather than separations—exactly the mechanical channel that creates a 

job-equivalent wedge in an hours-based decomposition. (This is a structural inference consistent 

with the hours/employment split Eurostat reports.) (European Commission) 

3.​ Measurement and revision risk​
Eurostat’s flash GDP numbers and quarterly labor input series are revisable, and the wedge is 

sensitive to revisions. Eurostat explicitly notes that the 2025 flash estimates are preliminary and 

subject to revision. (European Commission) 

4.​ Sectoral reallocation and “thin hiring”​
Europe’s 2025 growth was uneven across countries (e.g., stronger in Spain than 

Germany/Italy/France per contemporaneous reporting), which can concentrate output gains in 

sectors/countries that are less labor-intensive or already capacity-heavy. (Reuters) 

 

B.8 Intelligence Capital interpretation (how it fits, without over-claiming causality) 
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Within the Intelligence Capital lens, a ~4% productivity level wedge is directionally consistent with: 

●​ Capital deepening into software/compute + process redesign (organizational + computational 

capabilities substituting for routine labor input), and 

●​ A measurable shift toward embedded intelligence systems that raise output per hour without 

requiring proportional hiring. 

However, as with the U.S. memo, the macro wedge alone cannot uniquely identify AI as the causal 

driver. The memo’s defensible claim is narrower and stronger: 

Europe’s 2025 macro data plausibly support a non-trivial output–hours wedge; under 

reasonable hours-per-job assumptions, a ~9M job-equivalent “phantom” gap corresponds 

to only a mid-single-digit productivity level wedge, which is mechanically plausible. 

 

B.9 Integrated conclusion 

●​ Empirical grounding: Eurostat’s 2025 GDP and labor-input series support the possibility of 

output–labor decoupling. (European Commission) 

●​ Robustness: A ~9M European “phantom jobs” gap is consistent with a ~3.6–4.6% productivity 

level wedge, depending on hours-per-job assumptions. 

●​ Caution: The number is highly baseline-sensitive (hours-per-job, revisions, compositional 

change). 

●​ Interpretation: The macro fact pattern is compatible with Intelligence Capital dynamics, but 

attribution requires firm/sector-level identification, not just national accounts. 
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Appendix C 

The Linux Test for AI Commoditization​
A Diagnostic Framework for Intelligence Capital Durability 

Purpose​
To evaluate whether a given AI capability layer (models, agents, tooling, platforms) is likely to: 

●​ (A) Commoditize under open-weight/open-source pressure, or 

●​ (B) Sustain premium economic rents through compounding Intelligence Capital. 

 

I. The Five Structural Tests 

Each dimension is scored 0–4.​
Higher total = stronger likelihood of sustained premium advantage. 

 

1. Performance Sufficiency Threshold (PST) 

Question: Is “good enough” performance economically sufficient for most users? 

Score Condition 

0 Open models meet most needs 

1 Small frontier edge 

2 Moderate advantage 

3 Large advantage 
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4 Mission-critical superiority 

Interpretation:​
Low PST → commoditization risk. 

 

2. Switching Cost Elasticity (SCE) 

Question: How costly is it for users to change models/vendors? 

Score Condition 

0 Plug-and-play 

1 Minor integration work 

2 Moderate retraining 

3 Deep workflow dependency 

4 System-wide lock-in 

Interpretation:​
Low SCE → Linux-style displacement risk. 

 

3. System Integration Depth (SID) 

Question: Is value embedded in a broader operating system? 
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Score Condition 

0 Standalone model 

1 Light wrappers 

2 Tool integrations 

3 Enterprise platforms 

4 Full cognitive OS 

Interpretation:​
High SID protects rents. 

 

4. Data & Learning Flywheel Strength (DLF) 

Question: Does usage compound into durable advantage? 

Score Condition 

0 No feedback loops 

1 Weak signals 

2 Partial learning 
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3 Strong loops 

4 Self-reinforcing ecosystem 

Interpretation:​
Low DLF → depreciation. 

 

5. Governance & Trust Embeddedness (GTE) 

Question: Is the system institutionally trusted? 

Score Condition 

0 No compliance 

1 Ad hoc controls 

2 Basic standards 

3 Enterprise-grade 

4 Regulated-infrastructure 

Interpretation:​
High GTE stabilizes premium position. 

 

II. The Linux Test Score (LTS) 
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Formula: 

LTS = PST + SCE + SID + DLF + GTE 

(Max = 20) 

 

 

III. Interpretation Bands 

Score Regime Economic Outcome 

0–6 Infrastructure Rapid commoditization 

7–11 Transitional Margin pressure 

12–15 Platform Sustainable rents 

16–20 Cognitive Capital Monopoly-like returns 

 

IV. Historical Validation 

Windows Server (c. 2005) 

Factor Score 

PST 1 
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SCE 1 

SID 1 

DLF 0 

GTE 2 

Total 5 

→ Commoditized → Linux displacement 

 

Desktop Windows (c. 2000) 

Factor Score 

PST 3 

SCE 4 

SID 4 

DLF 2 

GTE 3 
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Total 16 

→ Durable monopoly 

 

Cloud Hyperscalers (Today) 

Factor Score 

PST 3 

SCE 3 

SID 4 

DLF 4 

GTE 4 

Total 18 

→ Cognitive Capital regime 

 

V. Application to Foundation Models (2026 Baseline) 

Open-Weight Models 
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Factor Score 

PST 2 

SCE 1 

SID 1 

DLF 1 

GTE 1 

Total 6 

→ Infrastructure trajectory 

 

Closed Frontier Models 

Factor Score 

PST 3 

SCE 2 

SID 3 

© 2026 Visionary Future LLC. All rights reserved. ​ 24 



​ Intelligence Capital Manifesto 

DLF 3 

GTE 3 

Total 14 

→ Platform regime (for now) 

 

VI. Intelligence Capital Implication 

Core Proposition 

AI rents do not accrue to “models.”​
They accrue to systems that compound cognition. 

The Linux Test predicts where depreciation occurs. 

 

Depreciation Path 

Layer Fate 

Weights Fast depreciation 

Inference Margin compression 

Toolchains Partial defense 
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Workflows Rent capture 

Governance Rent stabilization 

Value migrates upward. 

 

VII. Strategic Guidance 

For Builders 

If LTS < 10: 

●​ Move up the stack immediately 

●​ Invest in orchestration 

●​ Build switching friction 

●​ Embed governance 

If LTS > 14: 

●​ Defend data loops 

●​ Deepen institutional lock-in 

●​ Control interfaces 

 

For Policymakers 

Low LTS sectors: 

●​ Encourage competition 

●​ Avoid over-subsidy 

High LTS sectors: 

●​ Treat as infrastructure 

●​ Regulate early 
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For Investors 

LTS Risk Profile 

<7 Commodity risk 

7–11 Margin erosion 

12–15 Scalable 

16+ Power law 

 

VIII. Intelligence Capital Law (Derived) 

When cognitive yield migrates upward faster than open systems can follow, closed 

platforms dominate. When it stagnates, open systems commoditize. 

This is the modern equivalent of the OS wars. 
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Econometric specification of the Linux Test 

 

 “commoditization vs durable premium” is an empirical outcome. The Linux Test dimensions are latent 

drivers we can operationalize with observables. 

1) What we’re trying to estimate 

Core empirical question 

When an “open” substitute improves (open weights, open-source stack, permissive licensing), does the 

proprietary layer’s economic rent collapse (Linux outcome), or does it shift upward (platform 

outcome)? 

So we need: 

●​ Outcome variables (rents, margins, price power, adoption share) 

●​ Treatment/exposure variables (open capability shocks + diffusion) 

●​ Mechanisms (switching costs, integration depth, flywheels, governance) 

2) Unit of analysis and panels 

Choose one (we can run all three): 

A) Vendor–Market–Time panel (best for pricing & margins) 

●​ i: vendor (OpenAI, Anthropic, Cohere, Meta-managed offerings, etc.) 

●​ m: market/segment (industry × geography × workload class) 

●​ t: month or quarter 

B) Firm–Workload–Time panel (best for switching costs & performance) 

●​ f: adopting enterprise 

●​ w: workload type (customer support, coding, RAG search, risk, etc.) 

●​ t: month/quarter 

C) Product–Cohort panel (best for open-release event studies) 

●​ product cohort = apps launched before/after major open model releases 

3) Dependent variables (what “commoditization” means) 

We want at least one price-power metric and one rent-capture metric. 

Price / margin outcomes 

●​ Effective price per unit capability: 

○​ $/1M tokens (normalized for context length, latency SLA, reliability) 
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○​ or $/task-success (preferred; see §6) 

●​ Gross margin (if available; otherwise infer via cloud cost benchmarks) 

●​ Price dispersion across vendors (commoditization → dispersion shrinks) 

●​ Markup proxy: price / marginal inference cost (estimated) 

Market outcomes 

●​ Share of inference by vendor (or by “open vs closed”) 

●​ Churn / switching rate (vendor-to-vendor migration frequency) 

●​ Time-to-switch after open shock 

Quality-adjusted outcomes 

●​ Capability gap premium: price premium conditional on measured task success 

●​ Reliability premium: premium conditional on latency/uptime/hallucination rates 

4) Key explanatory variables: operationalizing the Linux Test 

We convert each Linux Test dimension into measurable proxies. 

(1) Performance Sufficiency Threshold (PST) proxy 

For each workload w and time t: 

●​ Sufficiency indicator:​

 

●​ where (\tau_w) is a pre-defined “economically sufficient” threshold (e.g., 95% task success). 

Also useful: 

●​ Open–Closed performance gap:​

 

(2) Switching Cost Elasticity (SCE) proxy 

●​ Adapter layer usage (LangChain/LlamaIndex style abstraction) share 

●​ Prompt portability measures (prompt rewrite count / tokens changed) 

●​ Model-specific fine-tuning investment (LoRA hours, tuning spend) 

●​ Integration depth into internal tools (count of dependent systems/APIs) 

Construct:​
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(3) System Integration Depth (SID) proxy 

●​ Number of integrated features consumed (identity, audit, evals, vector store, agent 

orchestration, policy) 

●​ Vendor “bundle intensity” index 

 

(4) Data & Learning Flywheel (DLF) proxy 

This is the hardest, but we can proxy compounding: 

●​ Update cadence (model / safety / tool releases per quarter) 

●​ Improvement slope in task success for the vendor (Δ performance / time) 

●​ Ecosystem activity: plugins/tools, marketplace volume, citations, GitHub dependents (for open), 

etc. 

●​ Fine-tune feedback volume (RLHF-like signals, user corrections—often private) 

 

(5) Governance & Trust Embeddedness (GTE) proxy 

●​ Regulated workload share (finance/health/gov) 

●​ Presence of SLAs, certifications, audit tooling adoption 

●​ Internal risk sign-off time (days) + incident counts 

●​ “Policy friction” index (how hard it is to deploy open weights) 

 

 

5) The baseline econometric model 

Quality-adjusted price equation (hedonic pricing) 

For vendor v, workload w, segment m, time t: 

 

Where: 

●​ (P) = effective price (ideally $/successful task) 

●​ (\text{OpenExposure}_{w,t}) = intensity of open alternatives for that workload (see next) 
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Open exposure definition (treatment intensity) 

​
This captures how “real” the open substitute is. 

Interpretation: (\theta_1 < 0) indicates commoditization pressure from open substitutes. 

 

6) Best practice: normalize prices by “successful work” 

Token prices confound because models differ in: 

●​ verbosity, tool-use, retries, latency, and failure modes. 

Define: 

●​ (C_{v,w,t}) = expected cost per attempted task 

●​ (S_{v,w,t}) = probability of task success (on wer eval suite) 

●​ Cost per successful task: (C/S) 

Then estimate:​

​
If open substitutes reduce (C/S) for the market, we’ll see the commoditization channel clearly. 

 

7) Identification strategy (how we avoid “correlation isn’t causation”) 

A) Event study around major open releases (preferred) 

Treat big open releases as exogenous-ish “capability shocks”: 

 

●​ (Y): price premium, margin proxy, share, churn 

●​ Look for pre-trends flat; post-release shifts significant. 

B) Difference-in-differences across workloads 

Some workloads become “open-sufficient” earlier (e.g., summarization) than others (e.g., complex 

planning). Use that heterogeneity: 
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C) Instrumental variables (if we have adoption endogeneity) 

Potential instruments for open adoption: 

●​ GPU price shocks / capacity constraints (affect self-hosting incentives) 

●​ Regulatory changes affecting on-prem requirements 

●​ Cloud region availability for certain model families 

●​ Licensing changes (policy-driven, discrete) 

 

8) Estimating the “Linux Test” as a structural index 

We can build an estimated index rather than a hand-scored rubric. 

Step 1: latent factor model for Linux pressure 

Let the Linux pressure (L_{w,t}) be a latent factor causing multiple observed proxies: 

​
where (X) includes PST, SCE, SID, DLF, GTE proxies. 

Estimate (L_{w,t}) using factor analysis / PCA / SEM. 

Step 2: map Linux pressure to rents 

 

●​ (\rho < 0): higher Linux pressure → rent compression. 

 

9) The “value migrates upward” test (wer Intelligence Capital claim) 

We want to show that when the model layer commoditizes, premium moves to 

orchestration/governance/workflow. 

Construct layered spend shares for each firm f: 

●​ model spend share 

●​ orchestration spend share 

●​ governance spend share 

●​ workflow integration spend (engineering hours) 

Then test: 

 

If (\kappa > 0), that’s wer “migration up the stack” empirically. 
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10) Concrete data plan (what we’ll actually need) 

Minimum viable dataset (MVD) 

●​ A standardized eval suite by workload with success rates for open + closed models over time 

●​ Effective cost per successful task (or per resolved ticket / shipped feature) 

●​ Vendor choice per workload for a panel of firms (even 30–50 firms can work) 

●​ Controls: industry regulation, scale, GPU constraints, latency requirements 

Sources (practical) 

●​ Public model evals (use consistent harness; don’t mix benchmarks blindly) 

●​ Procurement records / cloud bills (for price and volume) 

●​ Engineering telemetry (calls, retries, latencies, incidents) 

 

11) What “validation” looks like (clear falsifiable predictions) 

Prediction 1: Commoditization signature 

In workloads where open becomes sufficient: 

●​ closed model price premium falls 

●​ price dispersion shrinks 

●​ switching rises 

●​ markups compress 

Prediction 2: Platform defense signature 

Where SID + GTE are high: 

●​ premium persists despite open exposure 

●​ churn remains low 

●​ costs shift to governance/orchestration (not weights) 

Prediction 3: Intelligence Capital compounding signature 

High DLF vendors show: 

●​ persistent or rising quality-adjusted premium 

●​ superior performance slope over time (PerfSlope) 

●​ increasing ecosystem capture 
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12) Deliverable: the “Linux Econometric Score” (LES) 

Once estimated, we can publish a single score per workload/segment: 

 

Where coefficients come from predictive power on rent compression (not hand weights). This becomes 

our empirical bridge between open substitution dynamics and Intelligence Capital durability. 
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