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Abstract With the advent of the Al era, Al-driven assets have a new value creation structure, including
turning data into assets, nonlinear expansion of intelligence, and reducing infrastructure costs.To fully
reflect these characteristics in the traditional discounted cash flow (DCF) method, we need to make the
connection from data, Al performance, and computing infrastructure to cash flow more concrete. So,
this study set its focus on three main pillars: data monetization, intelligence scalability, and
infrastructure costs, seeing the process of IoT data turning into Al learning resources as the key source
of value. Also, based on discussions about scaling laws, Metcalfe's law, and the dilution of infrastructure
costs, we proposed the MIIM (Macro-Intelligence Investment Mechanism) equation P = @ + 1(D-M) +
B2 In() - B3Y + e. This study used historical stock prices and financial data publicly available at each
forecast date for NVIDIA, Alphabet, and Tesla. We structured this as a financial proxy indicator and set
the first 24 quarters as the training period, with the next 16 quarters as the out-of-sample evaluation
period to check prediction performance. As a result, MIIM outperformed all benchmarks, and we
verified that all three hypotheses H1, H2, and H3 were supported in terms of both expected signs and
statistical significance. This has academic significance as it structures the value-forming factors of Al
assets and connects the three theoretical discussions into a single model. It's also significant because
it presents an analytical framework that can verify differences in value drivers by company type through
estimated coefficients and predictive assessments.

Key Words : Macro-Intelligence Investment Mechanism (MIIM), Al asset valuation, Scaling Laws,
Metcalfe’'s Law
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NVIDIAS] CUDA AJElA, Google?] #HA dlolH,
Tesla®] A&7 dlo|& 9} 22 Hlo|8 - A5 A4k Al
BA# AF wrgdEA] gAvt, 23 ALY A
Holtt,

Traditional Asset Valuation (DCF)
V=3:CFe/(1+n)t

Data & Intelligence
Not Quantified

No Growth

p
Cash Flow WACC
Uncertainty Arbitrariness Option

Linear growth assumption — loss of explanatory power

Three Value-Creation Mechanisms of Al Assets

-
o Data Monetization

loT-generated data accumulated via network effects

e Non-Linear Intelligence Expansion

Log-power performance gains under scaling laws

e Infrastructure Cost Decay

Falling per-unit compute cost — Jevons demand expansion

[Fig. 1] Structural Limitations of DCF and the Three
Value-Creation Mechanisms of Al Assets
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Theoretical Foundations

Scaling Laws Metcalfe's Law Cost Decay

Kaplan (2020) Epoch Al (2025)
LxC™Y (H2) Ye=Yoe™ (H3)

g su !

[ pom BaIn() I By |

Odlyzko (2005)
Vnlogn (H1)

Monopoly Power Cost
Data x Margin Negative contribution

Diminishing returns

L _
A4 A4 A4
MIIM Equation
Pi,e =i+ B1,i(D-M)j ¢ + B2,iln(li,e) = B3,iYi,t + i

Residual &
Newey-West HAC standard errors
GARCH(1,1) if volatility clustering

Coefficients
Bi.iv Ba.i. Ba,i per firm

Intercept a;; no sum constraint

Relative contribution wy, ;= |By,i|/Z)|B),i| (defined post-estimation)

[Fig. 2] Mapping of the Three Underlying Theories
onto the Terms of the MIIM Equation
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(Table 1) Operational Definitions of the MIIM Variables
Variable Measurement Indicators Source Availability
Weighted average of data volume (log PB), utilization
D: Data Monetization [(DAU/MAU and API calls with n log n transformation), and SEC EDGAR, IR 2015-present (quarterly)

exclusivity (First-party Data Ratio)

M: Margin Score

Gross margin, moat score based on 10-K text mining, and
weighted segment-level market share

EDGAR, Bloomberg 2015-present (quarterly)

I: Intelligence Index
transformation (Eq. (2))

MLPerf Training/Inference scores, model parameter count,
and LMSYS Arena Elo Rating, combined after logarithmic

MLPerf: 2018-present; Elo:

MLCommons[14], LMSYS 2023-present

Y: Infrastructure Cost

on a per-unit-compute basis

Compute cost per token (USD/M tokens), accelerator TCO
by generation, and data-center operating cost, measured| Epoch Al[8], Semianalysis[9] | TCO: 2018-present; operating

Token cost: 2022-present;

cost: 2015-present (quarterly)
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(Table 2) Target Firms and A Priori Hypotheses

Category Company

Representative A Priori Hypothesis

Infrastructure Type NVIDIA (NVDA)

Dominant position in the Al accelerator market

w3 (Cost) largest

Platform Type Google (GOOGL)

Integration of data, software, and cloud services

w1 (Market Power) largest

Physical Al Type Tesla (TSLA)

Integration of Al and robotics; loT-based vehicle fleet data

w2 (Intelligence) largest

3.3 715 48 ¥ XXt

A5 A 7199 A A% 719 A8
2 (Table 2)%} #t}.

719 B HHIE A 7)ok Abd 7P
(Fig. 317 2t} o] g2 40| FY== 27|kl of
2}, B4 Ao dAsto] 4 Aot vlwsty| {3k 7Hd
Foltk. 4] (1) 7|19EE HLARFH(OL) L& g0},
AAE A3 oA TEste] Newey-West
HAC #Z2H1515 AH8Rt Ei& 9] 452 &4 9o
E(expanding window) ®4]9] Walk-forward A%
o7 wgrpetn], 27] S5 7+ 2018Q1~2021Q4(16
7 &71) ol wi £7] ByE ASAgste] 187] & dE
< i, I 9] F7} 7R 2022Q1~20250Q49]
1678 &710|ct. &9 23 K-foldE v HE7T <5

o §Y€ 4 sloua AMgSHA| P=th

AR 74

=1 w1 Monopoly (D*M) B w; Intelligence In(/) Il w3 Cost (Y)

NVIDIA _| 0.25
(Infrastructure)
Google _| 0.40
(Platform)

Tesla _| 0.20
(Physical Al)

T T T T
00 0.2 04 0.6 0.8 10

Hypothesized relative contribution (set a priori, sum = 1)

[Fig. 3] Hypothesized Relative Contribution by AI
Asset Type (Set A Priori)

3.4 ZIxrgel SAH x|

A5} e A 2A Qoloz AYER] g u|AA
AR aeg Yepdoh 3732 Jarque-Bera HAI}
Shapiro-Wilk AFC=2 gRlstal, 27|13zt o4t
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B0l R FHE o|RE SRIgIt) FHEo] JHstH
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2, Al 4% Ade IF F7|7h ¥ v Ag7lo|lng & ]
NEE st ANz B4 YEE Hiehd 2l
AH A71gHor digeo] B 449 4 qloEg
EY HeE B2 Sdshal Sk 7 O = 18
ARgalATE A5 o= SEC EDGAR, Bloomberg,
Yahoo FinanceE, Al A% A|¥= MLPerf[14]2} LMSYS
Arenas, FFY Y82 Epoch All8], Semianalysis[9],
NVIDIA BAA} A& (1715 2-85H3ith. AA| 4 44}
= [Fig. 419} 2t

e

1. Data Collection (quarterly)
SEC EDGAR / Bloomberg / Yahoo Finance
MLPerf / LMSYS Arena / Epoch Al / Semianalysis

VAN

2. Variable Construction
D-M (monopoly), In(l) (intelligence), Y (cost)
Log transform first, then z-score standardization

3. Stationarity Diagnostics
ADF and KPSS unit-root tests
Engle-Granger cointegration; level vs. difference

4. Estimation
OLS per firm with Newey-West HAC standard errors
Intercept included, no coefficient constraint

5. Out-of-Sample Validation
Expanding-window walk-forward (quarterly)
One-quarter-ahead forecast; no random K-fold

6. Benchmark Comparison
Random Walk / DCF / Fama-French 5F / LSTM / Transformer
Diebold-Mariano test with HAC variance

7. Interpretation & Simulation
Standardized-coefficient contribution
Monte Carlo N=10,000 (2026-2030)

Python 3.11 / Apache Airflow / BigQuery

[Fig. 4] Empirical Analysis Pipeline of the MIIM Mode
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4.2 #IX|0f3 H|w Zot

MIIM 378419] o5 55 dT3] fl3] A4,
DCF, Fama-French 5891 ®3[11], LSTM, Transformer2]
oA #lA b9} vlwstelty. BE 2P 5YTt A5
gzt Walk-forward 77+ 485ttt DCF= ofid
ZAE AMAA JAEFEES 7|98 WACCE el
sto] o YAPZIAIE ARESiit). A7 1AHRE18-2 CAPM
= A&y, FARSIELS v= 10WE =4 9E,
A AP meu|d2 5.5%, Hek= AA 6070d €7t 5
9]EZ 0|83ttt Fama-French 5891 232 &%
H 89 k&) 8% $UER 7HeIES ARSItk

LSTM¥} Transformer= MIIMY} L3 A
(O-M), In(D), VoIl A 47 £719] 271 7} AAS
ZF7leto] HLUst JH ZAA v Wt

93 452 R*9} RMSER B7Fslal, g9 oy
R 9] AAAS R°OS = 1 - MSEmodel / MSERWE
S AbESHRTH18] T3 Y 71 &Y Xjol9] BA
A 5932 HAC 42 483t Diebold-Mariano
19102 HASsHAt.

{Table 3> Predictive Accuracy of MIIM and
Benchmark Models

Model NVDA R | GOOGL R? | TSLA R? A%’sgge
DCF 0.32 0.41 0.28 0.284
Fama—-French 5F 0.48 0.55 0.42 0.212
LSTM(Standalone) | 0.61 0.64 0.58 0.168
(Tsffa”ii[gg 0.68 0.71 0.66 0.142
MIIM (Proposed) |  0.79 0.82 0.75 0.098

{Table 3)2 £7] &9 OLS-Newey-West HAC ¥
ZFox9} & Y=(expanding window) Walk-
forward HS BAE AiET 2F B4 Aol
MIIMS NVIDIA-Google-Teslaoll @8} 22z} R2 0.79,
0.82, 0.75% 71850l vl BF F 7P =2 A9
< B9tk B RMSE E$ 0.098%2 #EH(0.312),
DCF(0.284), Fama-French 5F(0.212), LSTM(0.168),
Transformer(0.142) t¥] HAZS EFoH, dAFH
3 tjH] R OSE= NVDA 0.6157, GOOGL 0.2718,
TSLA 0.8498=% BaAlFAZAe] Fo3t d4g &
o15lAtH(Diebold-Mariano p<0.05). oF&¥ (Fig. 5)
o wtgE Hiek ol H1(810), H2(82)0), H3(8:0)9]
Al 7Hdo] BE 7Y 5ot BAH [F98(HAC 718)
oA AR7F B AS5HA

Mean RMSE

0.05

))))))
RW  DCF  FFSF  LSTM Transf. MM RW

DCF  FFSF  LSTM  Transf. MIM

[Fig. 5] Comparison of Predictive Accuracy across
Valuation Models
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5. 22

£ 3= 7|E DCF 239 Al &3t AA
g W3], HEZTO ¥z Qluel H|g 7 o2&
f718 02 B3 MIIM AHAE 713571 575412 At

NVIDIA, Google, Tesla 2.2 AAJgH ofjH] £-4]
oM MIIM2 #2 9] A+ 0.75 oVd= 7S5
w, DCF 4] 65.5%, Fama-French thH] 53.8%,
Transformer ©= tfH] 31.0%2] @& 44875 Y
o ot 2 A= oH] £40] sideteg, HE AF
@A ol A= OLS-HACS} &F A= 71912 Walk-forward
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