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Abstract

The 'Al Valuation Paradox' denotes the enduring disparity between the investments made by corporations in artificial
intelligence and the corresponding impact of those expenditures on the market values of S&P 500 enterprises. This
study clarifies the dilemma by showing that Al has no inherent value; rather, value emerges when Al is combined
with firm-specific complementary assets. Investing in Al yields negligible marginal returns that lack significance. The
primary novel concept is to define and assess an integrated valuation methodology that categorizes business value into
three components: fundamental value, real-option premium, and behavioral-happiness adjustment. This model ac-
counts for 53% of the variations in Tobin's q. A research on dynamic events discusses a forecasted "integration dip,"
indicating that the initial enthusiasm, heightened by narrative-driven excitement, undergoes a significant correction
during operational execution, resulting in systemic instability. The results show that this difference exists because we
are using tools from the Industrial Age to value assets from the Information Age, and the market constantly underval-
ues organizational change that is difficult and depends on the path. The results can be used and are important for two
things: planning plans and looking at money.

Keywords: artificial intelligence valuation; complementary assets; asset pricing; behavioral finance; general-purpose technol-

ogy; sentiment divergence.

Introduction

Al (artificial intelligence) funding is steadily and quickly
rising. This is one of the most significant changes in how
money is spent today. But there has always been a gap—
and it often gets bigger—between how well Al-heavy
companies are doing financially and how much they are
worth on the market [1]. This event is a problem in the
field of financial economics that keeps happening and has
not been fixed yet. This difference is called the "Al Val-
uation Paradox," and it makes people wonder if old valu-
ation models that were made for old, obvious assets that
were falling apart are still useful now that innovation is
driven by things that cannot be seen or touched.

This study's goal is to bring together three problems
into a single theory model. There are a lot of S&P 500
companies that invest a lot in AIl. Could a valuation
framework that includes (a) a real-option premium for
strategic flexibility, (b) a correction for behavioral senti-
ment overhang, and (c) moderating variables for firm-
specific complementary assets make it much better at ex-
plaining and predicting their stock prices? This is the
main question that the study aims to answer. To solve this
question, a stepwise mixed-methods approach is used.

Sometimes, both a large-N group analysis and an in-depth
comparison case study are used together [2].

The study does not ask if Al creates value; instead, it
asks how, under what specific market and organizational
conditions, and through what direct transmission path-
ways Al-generated economic value become realized,
measured, and finally represented in stock prices? To
solve this puzzle, we need to look at a three-part theory
problem that lies at the crossroads of innovation econom-
ics, corporate finance, and behavioral asset pricing.

Firstly, Al's nature as an intangible, dynamic, and op-
tion-generating asset conflicts with the foundational as-
sumptions of standard pricing models. For instance, the
Discounted Cash Flow (DCF) model (Equation 1) re-
quires stable, predictable cash flows and a defined termi-
nal growth rate. These conditions are consistently vio-
lated in the context of Al-driven innovation.
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Where:
e I, = Present value of the firm.
e FCF, = Free Cash Flow in period t.



e WACC = Weighted Average Cost of Capital.
e t=Time period.

e T =Terminal period.

As shown in Table 1, the non-linear, uncertain, and
innovation-dependent trajectory of Al-derived value cre-
ation consistently violates these assumptions, resulting in
significant model misspecification and biased estimation.

Table 1: Valuation Assumptions and Al-Driven Reality

Valua- Traditional | AI-Driven Conse-
tion Assumption Reality quence
Model for Valu-
Pillar ation

Asset Capital de- | Core assets | Book
Tangibil- | preciates are intangi- | value be-
ity & De- | predictably; | ble  algo- | comes ir-
preciation | value is tied | rithms & | relevant;
to physical | data, with | amortiza-
assets. unpredicta- | tion
ble lifecy- | schedules
cles and | fail.
near-zero
marginal
replication
cost.
Reve- Future cash | Potentially | High fore-
nue/Cash | flows extrap- | exponen- cast error:
Flow Pre- | olated from | tial, "win- | DCF out-
dictability | stable histor- | ner-take- put  has
ical trends & | most" scal- | enormous
market share. | ing after a | variance.
tipping
point,  or
complete
failure.
Competi- | Implicitly as- | Highly un- | Makes the
tive Ad- | sumed to be | certain and | forecast
vantage finite but sta- | binary: can | period ar-
Period ble over the | be ephem- | bitrary
forecast hori- | eral (due to | and  the
zon. copying) or | terminal
perma- value
nently dominant
locked in | yet
(via  net- | flawed.
work  ef-
fects).
Risk Pro- | Captured by | Includes Standard
file the Weighted | novel, un- | WACC
Average priced risks: | underesti-
Cost of Capi- | technologi- | mates true
tal (WACC), | cal obsoles- | risk, over-
reflecting cence, regu- | stating
business and | latory inter- | present
financial value.

vention, al-
gorithmic
failure, and
ethical
backlash.

risk.

Additionally, behavioral finance says that market
prices can become off kilter when people are really ex-
cited about innovative technologies. Stock prices can be-
come disconnected from reality for prolonged periods of
time due to collective storylines, inflated expectations,
and sentiment-driven herding. There is a typical trend in
this "hype-performance gap," which can be seen in Figure
1. Market values go up when there are good news and
progress, but they go down when the long, expensive, and
troublesome process of operational integration starts.
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Figure 1: The Al Hype-Performance Gap

Thirdly, the Resource-Based View (RBV) and its
versions say that Al's effects on the economy are typically
different and rely on each company's unique assets that
work well with each other [3, 4]. It is not enough to just
have Al technology to make something valuable. Having
Al technology by itself is not enough to create value.
Value is created when Al is used with complementary or-
ganizational resources like private data, specialized hu-
man capital, flexible organizational structures, and pro-
cesses that work well together [5].

There are three problems that need to be solved, and
this study aims to combine them into a single theory
model. Can a valuation framework that includes (a) a real-
options premium for strategic flexibility, (b) a correction
for behavioral sentiment overhang, and (c) moderating
variables for firm-specific complementary assets make it
much better at explaining and predicting the stock prices
of S&P 500 companies that invest a lot in AI? This is the
main question that the research is trying to answer. A se-
quential mixed-methods approach is used to answer this
question. In-depth comparison case studies and a large-N
panel analysis are both used together.

At the end of the study, a suggested improved valua-
tion model was calibrated. The enhanced value is deline-
ated in Equation 2.
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where ROPy; is the real options premium (estimated
via Black-Scholes), §(CAI) is a discount function
(e.g., 8§ = CAI? for CAI < 0.7, and 1 for CAI > 0.7),
and A is a calibration parameter (estimated as 0.30 from
the regression results). This formulation is explicitly test-
able and replaces the earlier notational placeholder.

This research presents three contributions. Initially,
instead of asserting the creation of a novel theory, it offers
one of the first empirical validations of an integrated
framework that amalgamates real options theory, behav-
ioral finance, and the resource-based view expressly for
Al-intensive enterprises. This transcends diagnostic eval-
uations of current models by measuring the explanatory
power contributed by each channel. Secondly, it intro-
duces and assesses three theory-driven metrics—AI In-
vestment Intensity (AlIl), Complementary Asset Index
(CAlI), and Sentiment Divergence Index (SDI)—enabling
a more systematic evaluation of Al assets. Third, it offers
practitioners a three-tiered heuristic to distinguish specu-
lative hype from real value creation. The study aims to
link 20th-century financial tools with the Al-driven econ-
omy, while clearly outlining the constraints of its claims.

Related work

A growing area of study in financial economics is how to
value companies that use Al a lot. This body of work in-
tegrates innovation economics, asset pricing, and strate-
gic management [6, 7]. The Al Valuation Paradox shows
up as a continuous empirical oddity: a difference between
market prices and the financial success of companies that
use Al alot [8, 9].

This discrepancy is not only a measuring mistake. In-
stead, it shows a bigger problem: using price models from
the Industrial Age for virtual assets that grow, create
value in diverse ways, and work over prolonged periods
of time.

The effects of Al as a General-Purpose Technology
(GPT) on the economy are talked about in this section.
Also discussed are the issues with using old valuation
models on companies that use Al a lot, as well as the new
theories, especially real options theory and the RBV, that
can be used to create a unified framework for valuation.

A significant vacuum persists in the existing re-
search: no model synthesizes strategic optionality, organ-
izational complementarities, and the dynamic patterns of
behavioral opinion.

The significant research conducted by Yang, et al.
[10] meticulously delineates Al as a GPT model. This
technology is used across several domains, always im-
proving, and has "enabling" attributes that facilitate the
convergence of innovative concepts.

Things can be worth based on how they are used in
this technological area. It was made by Mas, et al. [11] to
show the "J-curve" of output that happens when GPT is
used. It shows that big co-invention costs and changes to
how things are done lower output at first before making
big long-term gains. To understand how the value of Al
changes over time, it is helpful to think about the time
between the initial investment, the costs of implementa-
tion, and the delayed results.

But there is not a clear or direct link between this big-
picture economic event and firm-level stock prices; it de-
pends a lot on things that are unique to each company
[12]. Figure 2 shows a path from engaging in Al to seeing
its value. It says that the result is controlled by several
things, including the assets and skills of the people in-
volved. These things, which most combination studies do
not look at, explain why the results are so different.
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Figure 2: Theoretical Pathway from Al Investment to
Firm Valuation

The basic economics of Al make us question the
basic ideas behind old ways of judging, especially DCF
analysis. The basic DCF model works only if you can
guess the Free Cash Flows (FCF;) and the rate of growth
stays the same over time. Companies that use Al a lot
should not use this science method. An important part of
the model does not look at how Al investments are differ-
ent when it comes to things like expected cash flows
based on past trends, estimated competitive edge times,
and expected asset lifecycles [13].

Each part of the DCF structure is consistently weak-
ened by Al, as shown in Table 2. Some of these are non-
linear, winner-take-most revenue structures; high, lumpy,
and often expensed investments in intangible capital;
competitive benefits that are hard to predict and may not
last; and new types of risk that have not been priced yet.

Table 2: Structural Failures of Traditional DCF in Valu-
ing Al-Intensive Firms

| DCF | Standard | Al-Induced | Valuation |
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There are some flawed market multiples, such as
Price-to-Earnings (P/E) and Enterprise Value to Earnings
Before Interest, Taxes, Depreciation, and Amortization
(EV/EBITDA), which can make speculative bubbles big-
ger because they change over time.

They may not be worth what they're worth when peo-
ple are excited about technology, as Al-Baity [14] says.
Instead, well-known thoughts and tales can shape them.
The price-performance gap gets even bigger because high
prices bring in more money and attention [15].

The study of real choices is a fun new way to think
about these important knowledge gaps [16]. This para-
digm formally recognizes managers' adaptability, allow-
ing them to postpone, augment, diminish, or cease ex-
penditures until certainty is achieved.

Strategic Al is not only a project with a defined re-
turn; it resembles a decision for exponential development.
It gives you the right, but not the duty, to make future in-
vestments that take advantage of economies of scale and
new market opportunities. To find the value (C) of this
kind of option, you can use a method like Black-Scholes'
(see Equation 3).
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Where S, is the present value of expected cash flows
from a future business that might be able to be scaled up,
X is the investment needed to scale up, r is the risk-free
rate, T is the time until the opportunity expires, o is a
measure of how volatile the opportunity is, and N(d,,) is
the cumulative standard normal distribution function. Im-
portantly, this option value (C), which is not present at all
in a normal DCF analysis, may make up a big part of the
market value of companies that use Al a lot. This theoret-
ical understanding helps explain why companies that are
losing money on Research and Development (R&D) can
be worth a lot: the market is pricing the integrated range
of growth choices [17].

However, just realizing that choices exist is not
enough. It is helpful to read about strategic management,
especially the RBV and the Dynamic Capabilities struc-
ture, to understand who these decisions are useful for and
why they are useful. With a long-term economic edge,
RBV says that you need resources that are Valuable,
Rare, Imitable, and backed by a company that can secure
value (VRIO) [18]. Most of the time, it is easy to copy



just an Al program. The real sources of benefit are the
other things you need to use it well.

A significant study from 2024 by Babina, et al. [5]
discovered that companies with strong assets that work
well together, such as private data stores, skilled human
capital, and open organizational structures, tend to have a
higher Al premium on the stock market. From this point
of view, the Al growth choice (C) has a changing value
based on where the company stands in an "Al capability
stack." A company that does not have the right comple-
mentary assets might have a choice that is "out of the
money" or does not have the management skills to suc-
cessfully exercise it.

Recently, more combined approaches have been
used to look at the Al value problem. Gao, et al. [9] look
into how strategic knowledge integration can unlock Al's
value, and Hayrapetyan and Gevorgyan [12] look into
how story econometrics affects the way the Al stock mar-
ket works. But these studies usually only look at one as-
pect of the problem. This study adds to the small body of
research by creating a single framework that considers
factors that affect behavior (such as emotion), the possi-
ble role of firm-specific assets that work well together,
and the importance of strategic flexibility all in one, uni-
fied empirical design.

The study of the literature makes it clear that the field
needs to move beyond diagnostic criticism and create and
try integrated value models [19]. The current gap is both
based on facts and deep theory: there is not a single model
that takes into account (a) the value of strategic flexibility
as an option, (b) the moderating effect of firm-specific
complementary assets, and (c¢) the distorting effect of be-
havioral sentiment [20].

In the past, academic research mostly looked at each
part separately. For example, financial economics looks
at real options but not how they work with each other;
strategic management looks for assets that work well to-
gether but not how they affect valuation; and behavioral
finance looks at how people feel about an asset but not
how that affects its value [21].

The literature review reveals a notable gap: no re-
search has empirically investigated a comprehensive
model that incorporates (a) strategic flexibility as an op-
tion, (b) the moderating effect of firm-specific comple-
mentary assets, and (c) the distorting influence of behav-
ioral sentiment through a mixed-methods approach utiliz-
ing causal identification strategies. Prior studies have ex-
amined each channel in isolation. The distinctiveness of
this study resides not in the introduction of totally original
notions, but in their synthesis, implementation, and thor-
ough examination using a large-N panel and qualitative
case evidence. This enables the discipline's transition
from diagnostic critique to an evidence-based appraisal
method.

Materials and methods
Research Design

This research utilizes a systematic, sequential mixed-
methods approach to examine the causal links between
strategic Al investment and corporate value [22, 23] The
methodological approach (refer to Figure 3) integrates
complementary data sources, enables causal identifica-
tion, and tackles the observational challenges inherent in
business strategy research.

Phase 1: Qualitative
(Exploratory)

Phase 2: Quantitative
(Confirmatory)
2 P

Integrated Findings
Resolved Al Valuation Paradox
Unified Theoretical Framework

Figure 3: Sequential Mixed-Methods Design

The design consists of two stages. Phase 1 utilizes
comparative case study research to develop a comprehen-
sive, process-focused comprehension of causal processes
and boundary conditions [24]. Phase 2 employs large-N
panel analysis to evaluate hypotheses, statistically vali-
date results, and derive generalizable conclusions [25].
This sequential procedure guarantees that quantitative
findings are anchored in qualitative insights, so rendering
theoretical statements more clearly articulated and justi-
fiable [26]. The research complies with optimal method-
ologies for causal inference in financial economics.

Sample and Case Selection
Phase 1: Case Selection

Employing a theoretically grounded selection meth-
odology [27], eight sample instances were chosen via a
stratified sampling framework. The matrix examined four
theoretically delineated dimensions: industrial sector
(Technology, Healthcare, Financial Services, or Industri-
als); Al adoption strategy (native platform vs incremental
automation); existing complementary asset infrastruc-
ture; and pre-announcement developmental trajectory.

This selection ensures thorough coverage of all Al
value creation outcomes, ranging from proven success to
hype-driven overvaluation, enabling the identification of
critical and sufficient conditions for value capture.

Phase 2: Panel Sample



The quantitative study used a balanced panel includ-
ing 120 S&P 500 companies. The study covers the period
from 2018 to 2024, covering 24 quarters, and finally com-
prises 2,160 firm-quarter observations (120 businesses %
18 quarters) after the exclusion of firms with missing data
or without Al disclosures. This ensures that the sample
focuses on a consistent group of Al-adopting firms with
extensive data over the specified period. Companies with-
out significant Al disclosures were omitted to concentrate
the sample on the relevant population of enterprises that
have used Al

Data Sources for Panel Sample:

¢ Financial Data: Compustat
(https://www.spglobal.com/marketintelli-
gence/en/mi/products/compustat.html) and CRSP
(https://www.crsp.org/)

e Earnings Call Transcripts: Refinitiv. Workspace
(https://www.refinitiv.com/en/products/refinitiv-
workspace)

e Patent Data: USPTO (https://www.uspto.gov/pa-
tents) and PatSnap (https://www.patsnap.com/)

e Talent Analytics: LinkedIn Talent Insights
(https://business.linkedin.com/talent-solutions/tal-
ent-insights) and Burning Glass Technologies
(https://www.burningglass.com/)

e News and Analyst Reports: RavenPack
(https://www.ravenpack.com/) and Bloomberg Ter-
minal (https://www.bloomberg.com/professional/)

e Firm-level Controls: Standard financial data from
Compustat and CRSP

Variable Construction
Al Investment Intensity (AII)

The AIl measure quantifies Al-related investments in
relation to business size, as explicitly stated in Equation

4:

R&Dy; i + CapExay i
TotalAssets;;

Ally = “

Where:

e  All;; = Al Investment Intensity for firm i in period t
o R&Dy;; = Al-specific R&D expenditure

e CapExy; ;; = Al-specific Capital Expenditure

e TotalAssets;, = Total assets of firm i in period t

Al-related expenditures were discerned using sys-
tematic keyword searches of 10-K, 10-Q, and 8-K filings,
employing phrases such as "artificial intelligence," "ma-
chine learning," "deep learning," "neural networks," "nat-
ural language processing," and "computer vision.

Complementary Asset Index (CAI)

The CAl is a composite index (range from O to 1) that
integrates three theoretically based characteristics of
firm-specific complementary assets:

1. Data Stock (D;;): Normalized measure of proprie-
tary operational data, based on disclosed data storage
volumes and unique data assets identified in regula-
tory filings.

2. Human Capital (H;;): Proportion of data scientists
and machine learning engineers relative to total
workforce, derived from LinkedIn and Burning
Glass analytics.

3. Organizational Readiness (0;;): Metric reflecting
the existence of specialized Al governance commit-
tees, executive-level Al leadership, and established
digital transformation funding.

The CAI is well defined in Equation 5:
1
CAly = 3 (Dt + Hie + 0i)  (5)

Confirmatory factor analysis validated the one-dimen-
sionality of the index, with Cronbach's o above 0.85, sig-
nifying robust internal consistency and reliability.

Sentiment Divergence Index (SDI)

The SDI quantifies the discrepancy between market
sentiment and fundamental data. The calculation depends
on the standardized deviation of narrative sentiment as-
sessments, obtained from earnings calls and news media
via FInBERT, in relation to current operational perfor-
mance (Return on Assets). Positive SDI levels signify
overvaluation due to speculation, whilst negative values
imply undervaluation.

Real Option Exercise Indicator

A binary signal was implemented to denote quarters
when the Al pilot effort was formally expanded for enter-
prise-wide use. This signal was detected by systematic
keyword searches of press releases, product launches, and
8-K filings, using words such as "enterprise deployment,"
"full rollout," "production scale," and "company-wide
adoption.

Phase 1: Analytical Strategy

During this phase, structured process tracing was used
to associate the timing of strategic events with traditional
financial measures (ROI, Operating Margin, Tobin's q)
and novel Al-specific constructs. Systematic coding was
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performed with NVivo 14, employing a codebook based
on the theoretical framework [28]. Inter-coder agreement
exceeded 0.90, ensuring reliability.

Qualitative Comparative Analysis (QCA) [29] was
used to identify sufficient configurations leading to "Sus-
tained Value Creation," such as High AIl AND High CAI
AND Clear Real Option Narrative. This set-theoretic ap-
proach is superior to correlational logic for identifying
complex causal patterns and necessary conditions, such
as the CAI threshold.

Phase 2: Quantitative Panel Analysis
Dynamic Difference-in-Differences Model

A dynamic Difference-in-Differences (DiD) model
[30] compared firms experiencing major Al investment
shocks to a carefully matched control group based on pre-
treatment characteristics. The model specification is pre-
sented in Equation 6:

Tobin'sq;;
= ai +At

8

+ Z Br -Treat; x Post,_, +v'X;; (6)
T=—4

+€;;

Where:

o Tobin'sq;, is the dependent variable (market-to-
book ratio) for firms at time ¢

e ; and A, are firm and time fixed effects

e [, are the dynamic treatment coefficients, capturing
the effect of the Al investment shock at each quar-
ter T relative to the event

e Treat; is a treatment indicator (1 for firms with a
major Al investment shock, 0 otherwise)

e Post,_; is a time indicator for each quarter relative
to the shock

e X; is a vector of time-varying control variables

e € is the error term

The coefficients f3; test for pre-trends (7 < 0) and
trace the evolution of the treatment effect over time, in-
cluding the predicted "integration dip."

Contingent Value Model

A mixed-effects interaction model was used to test
the core contingent value hypothesis, as specified in
Equation 7:

AValuation;; = a + B All; + [,CAIL;
+ B3(All x CADy; + B' Xyt @]
+E;i¢

Where AValuation;, is the change in Tobin's q over
three years for firm i at time t. A positive and statistically
significant interaction term f5; would support the hypoth-
esis that Al investment value depends on complementary
asset levels.

Instrumental Variable Estimation

To address endogeneity concerns arising from re-
verse causality and omitted variables [31], an instrumen-
tal variable approach was employed. The instrument for
AlI was constructed as the industry-average lagged Al in-
vestments, with "industry peers" defined in Equation 8:

1V
1
n—1

Z All;;_, for firms in the same industry ®)
j#1

Exclusion Restriction Note: The exclusion re-
striction—that peer average Al investments affect a firm's
Tobin's q only through the firm's own Al investment—is
plausible but not directly testable. Unobserved industry-
level shocks (e.g., regulatory changes or technology
breakthroughs) could violate this assumption. The IV re-
sults should be seen as corroborative evidence for a causal
explanation, rather than definitive proof. The first-stage
F-statistic of 18.6 alleviates concerns about weak instru-
ments but does not address breaches of exclusion re-
strictions.

Structural Equation Modeling

Structural Equation Modeling was employed to test
the dual-pathway theoretical framework. Model fit was
assessed using standard criteria (CFI > 0.94, RMSEA <
0.06). The model estimates direct and indirect effects of
AlI on Tobin's q through operational efficiency and sen-
timent divergence channels.

Robustness Checks

Three additional analyses were conducted to assess
the sensitivity of the main results:

1. COVID-19 Exclusion: The analysis was re-esti-
mated excluding the 2020-2021 pandemic period to
ensure results were not driven by pandemic-related
anomalies.

2. Alternative Valuation Metric: Enterprise
Value/EBITDA was used as an alternative dependent
variable to Tobin's q.

3. Placebo Test: The timing of the 'Real Option Exer-
cise' event was randomized within each case to con-
firm the observed pattern was not driven by random
chance or trend specification.



Ethical Considerations

The study uses only publicly available, secondary
data sources. No human subjects or private non-public
data were collected. All data processing and analysis ad-
hered to standard ethical guidelines for financial econom-
ics research.

Results
Phase 1: Comparative Case Study Findings

The cross-case research uncovers regular trends in organ-
izations' value capture from Al investments, with the es-
tablished Complementary Asset Index (CAI) serving as
the main differentiator between successful and failed out-
comes.

Value Capture Trajectories

When CAI was celevated (Tech~(A)~: 0.82;
Health~(A)~: 0.78; Fin~(A)~: 0.69), a coherent three-
stage value creation process manifested: initial invest-
ment commitment, genuine option exercise upon reach-
ing internal validation milestones, and subsequent scaling
with quantifiable efficiency improvements. These exam-
ples demonstrated sustained valuation premiums ranging
from +0.35 to +0.85 in Tobin's q over a period of eight
quarters.

Conversely, cases with moderate or low CAI scores
(Tech~(B)~: 0.45; Health~(B)~: 0.31; Ind~(B)~: 0.38)
exhibited a "hype-disillusionment" pattern: initial surges
in market valuation driven by sentiment were followed by
valuation corrections as actual options remained unex-
ploited, leading to declines in market value.

Primary Qualitative Finding 1: The execution of
real choices is crucial for actualizing Al value, dependent
on the CAI above a threshold of around 0.40.

Sentiment Divergence Patterns

An analysis of the earnings conference and news me-
dia revealed that narrative framing significantly influ-
enced initial market responses. Instances designated as
"transformative Al platforms" exhibited Sentiment Di-
vergence Index (SDI) ratings over 2.0, whilst those clas-
sified as "Al for process automation" had SDI scores be-
low 1.0.

A substantial inverse correlation was seen between
the initial sentiment surge (Q~0~ SDI) and the subsequent
improvement in operational performance (Q~8~ AROA,
r =-0.76, p < 0.01), indicating a trend of market over-
optimism followed by a correction.

Key Qualitative Finding 2: Valuation adjustments

follow identifiable patterns, in which sentiment diver-
gence exaggerates short-term success and undervalues
long-term value realization.

Real Option Exercise as Critical Differentiator

The binary Real Option Exercise event proved the
most significant discriminator between successful and
unsuccessful trajectories. In successful cases, option ex-
ercise occurred only after formal governance structures
were established, including cross-functional Al boards
and explicit proof-of-concept metrics. These governance
elements were consistently absent in unsuccessful cases.

Phase 2: Quantitative Panel Analysis
Descriptive Statistics

Table 3 provides summary data for the primary vari-
ables included in the econometric study. The sample con-
sists of 120 S&P 500 companies across 18 quarters
(2018-2024), resulting in 2,160 firm-quarter observa-
tions. The average Tobin's q is 2.14 (SD = 1.42), indicat-
ing a significant market value beyond replacement cost.
The mean Al investment intensity (AIl) is 0.09 (SD =
0.06), indicating that Al investments constitute around
9% of total assets for the typical business that adopts Al
The mean CAl is 0.52 (SD =0.21), indicating modest lev-
els of complementary assets, with significant cross-firm
variance between 0.12 and 0.89.

Table 3: Descriptive Statistics (N = 2,160 firm-quarter
observations)

Va- | Mea | SD | Min | 25t | Me | 75t | Ma

ria- n h dia h X

ble n

To- | 2.14 | 1.4 | 0.85 | 1.2 | 1.7 | 2.56 | 8.42

bin' 2 3 8

Sq
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year

)

AIl | 0.09 | 0.0 | 0.01 | 0.0 | 0.0 | 0.12 | 0.31
6 5 8

CAI | 052 | 02 (012 | 03 | 0.5 | 0.68 | 0.89
1 8 4

SDI | 0.00 | 1.0 - - - 048 | 3.21
0 | 234 ] 05| 0.1
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Dynamic Event Study Results

Figure 4 illustrates the dynamic Difference-in-Dif-
ferences event study coefficients f;, depicting the effects
of Al investment shocks on Tobin's q over a twelve-quar-
ter period after the investment announcement.

Figure 4: Dynamic Effects of Al Investment on Tobin's
q

Pre-Trend Validation

The pre-trend coefficients between B4 and .; are sta-
tistically indistinguishable from zero (joint test p = 0.42),
hence affirming the parallel trends assumption essential
for causal identification.

Immediate Announcement Effect

A notable positive increase is seen in the announce-
ment quarter (B_0 = 0.18***, t=4.82, p <0.001), signi-
fying that Tobin's q rises by 18% for treated businesses
compared to controls shortly after Al investment an-
nouncements. This signifies a purely sentiment-driven
behavioral influence.

Integration Dip

A sharp decline follows, with the trough occurring at

t=73 (B3 =-0.04*%,t=-1.92, p=0.055). The "integration
dip" is a 22-percentage-point decline from the peak after
the announcement, indicative of implementation difficul-
ties and a normalizing of attitude.

Recovery Phase

A slow recovery starts at T = 5, with coefficients at-
taining positive significance by t=7 (B_7 = 0.07*, t =
2.31, p=0.021). At T = 8, the cumulative impact contin-
ues to be positive (B_8 = 0.09). This trend signifies an
initial market overreaction, then followed by the ultimate
acknowledgment of the true worth of Al investments after
six to eight quarters.

Key Quantitative Finding 1 (Event Study): An-
nouncements of Al investments induce a "spike-dip-re-
covery" pattern in Tobin's q, reflecting a temporal imbal-
ance between market sentiment and the realization of op-
erational value.

Contingent Value Regression Results
Table 4 displays regression findings that evaluate the
fundamental premise that the value of Al investment is

contingent upon complementary assets.

Table 4: Regression Results: The Contingent Value of Al
Investment

Dependent Model 1 | Model 2 Model 3
Variable: ATo- (IV-2SLS)
bin's q (3-
Year)
All 0.12 -0.08 0.05 (0.10)
(0.08) (0.06)
CAI 0.25%* 0.23** 0.26**
(0.10) (0.09) (0.11)
AIl x CAI (In- -- 0.42%** 0.38***
teraction) (0.12) (0.13)
SDI -0.31%*% | -0.29%%* -0.33%*
(0.12) (0.11) (0.14)
Firm Size (log -0.04 -0.05 -0.04
Assets) (0.03) (0.03) (0.03)
R&D Intensity 0.18* 0.16* 0.17*
(0.09) (0.08) (0.09)
Industry Fixed Yes Yes Yes
Effects
Year Fixed Ef- Yes Yes Yes
fects
R? 0.41 0.48 0.45
F-statistics (IV -- -- 18.6%**
first stage)
Observations 2,160 2,160 2,160

Notes: Robust standard errors in parentheses. * p < 0.10,
**p <0.05 ***p <0.01



Model 1: Baseline Specification

In the absence of the interaction term, the AII coeffi-
cient is positive but statistically insignificant (f =0.12, p
= 0.14, SE = 0.08), suggesting that Al investment does
not directly correlate with an increase in value on average.
The CAI coefficient is both positive and statistically sig-
nificant (f=0.25**, p=0.012, SE = 0.10), indicating that
enterprises with superior complementary assets achieve
better values irrespective of Al investment.

Model 2: Interaction Model

The interaction term (AIl x CAI) is positive, large,
and highly significant (84;;xca; = 0.42%, p = 0.001, SE =
0.12). The main effect of All turns negative but remains
statistically insignificant (8 =-0.08, p=0.18, SE =0.06),
indicating that firms with zero complementary assets de-
rive no benefit from Al investment. The CAI coefficient
remains positive and significant (f = 0.23, p=0.011, SE
=0.09).

Marginal Effect Interpretation

For a firm at the 25th percentile of CAI (0.38), a one-
standard-deviation increase in AII (0.06) is associated
with a ATobin's q change of approximately -0.01 (p =
0.78)—essentially zero. For a firm at the 75th percentile
of CAI (0.68), the same All increase yields a ATobin's q
improvement of 0.21 (p <0.01).

Key Quantitative Finding 2 (Contingent
Value): Al investment value is contingent on comple-
mentary assets. The estimated CAI threshold of 0.19 rep-
resents the point at which the marginal effect of All be-
comes positive; firms below median complementary as-
sets should expect no returns from Al investment.

Instrumental Variable Results

Model 3 in Table 4 presents IV-2SLS estimates ad-
dressing endogeneity concerns. The first-stage F-statistic
of 18.6 (p <0.001) exceeds the conventional threshold of
10, ruling out weak instrument concerns. The instru-
ment—TIlagged industry-average All—correlates posi-
tively and significantly with firm-level All (coefficient =
0.34,t=4.31,p <0.001).

The IV estimates largely confirm the OLS findings.
The interaction term remains positive and significant
(Banixcar =0.38, p=0.003, SE = 0.13), though attenuated
relative to the OLS estimate (0.42 vs. 0.38), consistent
with classical measurement error in AIl. The CAI coeffi-
cient remains positive and significant (f = 0.26, p =
0.018, SE =0.11), and the SDI coefficient remains nega-
tive (8 =-0.33** p=0.019, SE = 0.14).
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Sentiment Divergence Effects

The SDI coefficient is consistently negative and sta-
tistically significant (Bsp; = -0.30, p < 0.05) in all models.
A rise of one standard deviation in sentiment divergence
(hype-driven overvaluation) correlates with a decrease of
0.30 standard deviations in future three-year valuation
changes. A company with an SDI of 2.0 (about the 90th
percentile) would have a ATobin's q around 0.60 lower
than a firm with an SDI of 0 (the median), assuming all
other factors remain constant.

Key Quantitative Finding 3

The initial overvaluation generated by narrative is
methodically corrected via successive returns as mood
stabilizes and basic facts emerge.

Structural Equation Model Results

The SEM validates the theoretical framework with an
excellent model fit (CFI > 0.94, RMSEA < 0.06). Figure

5 illustrates the standardized route coefficients derived
from the SEM.

Firm Valuation
(Tobin’s q)

Figure 5: Structural Equation Model Results

Al Investment

(All)

4[

Sentiment Divergence
(SDI)

Operational Channel

Al investment significantly improves operational ef-
ficiency (Yai—oper = 0.38, z = 4.52, p < 0.001). Opera-
tional efficiency, in turn, significantly increases Tobin's g
(YopEff-Tobin'sq = 0-45, z=5.18, p < 0.001). The indi-
rect effect of AIl on Tobin's q through operational effi-
ciency is 0.17 (0.38 x 0.45=0.17, p < 0.001).

Behavioral Channel

Al investment has a strong positive effect on senti-
ment divergence (Y4;;sp; = 0.52%, z=6.14, p < 0.001).
However, sentiment divergence negatively impacts
Tobin's q (Vsprrobin'sq = -0-29, z = -2.33, p = 0.020).



The indirect effect of AIl on Tobin's q through sentiment
divergence is -0.15 (0.52 x -0.29 = -0.15, p = 0.024).

Direct Effect

The direct path from AII to Tobin's q is small and
statistically insignificant (¥ 4;;5ropin’sq = 0-07, z = 0.89,
p =0.37), confirming that Al investment does not directly
create value but must operate through intermediary chan-
nels.

Total Effect Decomposition

The cumulative impact of AIl on Tobin's q is 0.09,
delineated as follows:

Total Effect = ++= 0.09

Key Quantitative Finding 4 (Valuation Paradox
Decomposition)

Al investment generates intrinsic operational value
(+0.17), although over 88% of this value is counterbal-
anced by adverse valuation pressure from sentiment exu-
berance and ensuing correction (-0.15), resulting in a
moderate net impact (+0.09). In the absence of sentiment
distortion, Al investments would be appraised by the mar-
ket at almost double their current valuation.

Model Comparison

Table 5 contrasts the explanatory efficacy of various
model parameters.

Table 5: Model Comparison: Explanatory Power for

Tobin's q

Model Specification R? AR?> | AIC | BIC
Baseline DCF Model | 0.31 - 4,821 | 4,856
Real Options Only 0.38 | +0.07 | 4,703 | 4,745
Sentiment Only 0.35 | +0.04 | 4,756 | 4,798
Complementary As- | 0.40 | +0.09 | 4,672 | 4,714
sets Only

Augmented  Model | 0.53 | +0.22 | 4,521 | 4,584
(Full)

The augmented model (R* = 0.53) explains 22 addi-
tional percentage points of variance in Tobin's q com-
pared to the baseline DCF model (R? = 0.31), a statisti-
cally significant improvement (F-test for nested models:
F(3, 2152) = 28.4, p < 0.001) and substantial improve-
ment over single-channel models (Real Options Only: R?
= 0.38; Sentiment Only: R? = 0.35; Complementary As-
sets Only: R? = 0.40). The improvement in model fit is
statistically significant (F-test for nested models: F(3,
2152)=28.4,p <0.001).

1"

Key Quantitative Finding 5

An integrated valuation framework incorporating
real options, behavioral sentiment, and complementary
assets explains substantially more variation in Al-inten-
sive firm valuations than traditional or single-channel ap-
proaches.

Robustness Checks

Three additional analyses confirmed the sensitivity
of the main results:
1. COVID-19 Exclusion: Excluding the 2020-2021
pandemic period did not materially change the inter-
action coefficient (8 = 0.39, p < 0.01), confirming
results were not driven by pandemic-related anoma-
lies.
Alternative Valuation Metric: Using Enterprise
Value/EBITDA as an alternative dependent variable
yielded similar interaction effects (S = 0.35, p <
0.05), confirming the findings are robust to valuation
metric specification.
Placebo Test: Randomizing the timing of the 'Real
Option Exercise' event within each case showed no
significant effects (average § = 0.02, p = 0.68), con-
firming the observed pattern is not driven by random
chance or trend specification.

Discussion

This research shows that the real-world findings offer a
clear, theoretically sound, and real-world-tested answer
to the Al Valuation Paradox. This study adds to three re-
lated fields: strategic management (by applying RBV to
digital and Al-driven settings); financial economics (by
explaining the time gap between market prices and oper-
ational value realization); and innovation studies (by
showing how GPTs affect a company's financial perfor-
mance).

The main theoretical addition of the study is the for-
malization and practical review of a dual-pathway para-
digm. The impact of Al on firm value is caused by the
conflict between uncertain resource compatibility and de-
liberate expectation mismatch.

Al's strategic value is not based on the technology
itself, as shown by the strong, positive, and statistically
significant interaction between All and CAI (Bau,; s car

sokok

=0.42""). In three important ways, this result moves the
RBV forward.

Firstly, it goes beyond saying that complementary as-
sets are important and spells them out as a border condi-
tion that can be measured and evaluated. It is clear and
easy to see that the projected CAl level of 0.19 means that
investment in Al has negative or no marginal returns be-
low that level. Buyers and managers can use this level.



This finding goes against the idea that Al is a sepa-
rate, political force that can completely change how com-
petition works, no matter how much money a company
has. Al seems to build on what businesses already have.
It will help businesses that have good assets that work
well together even more, but it could hurt businesses that
do not have those assets.

Secondly, the data shed light on a process that could
help explain why companies that use Al a lot have been
becoming more specialized and winner-take-all. A com-
pany's value goes up a lot (ATobin's q = +0.85) when its
CALI is high, like Tech () (0.82). But a company's value
does not go up much when its CAI is low, like Healthg,
(0.31). This is shown by Tobin's g = +0.05.

The "digital divide" between companies that are
ready for Al and those that are not could get bigger. It's
possible that this will change the rules of rivalry, how
businesses work, and the level of economic imbalance
[32].

The third thing the results add to the RBV is that they
show complementary assets are not fixed assets but can
be made better through planned investments and learning
within a business. Case Ind) (CAI = 0.41, ATobin's q =
+0.60) is an example of a "late bloomer" trajectory: the
company got a lot of value through structured organiza-
tional learning and skill building, even though its com-
bined assets were not valuable at first.

This shows that the CAI level is important, but it is
not always the case. Over time, companies below the bar-
rier can improve their CAI by putting money into data
technology, hiring new people, and rearranging how they
do their work.

The SEM analysis and the dynamic event study fac-
tors B, give the most up-to-date information on how long
it takes for something to be valuable in the eyes of the
financial market. A common trend called "spike-dip-re-
covery" shows that people are wrong about how much Al
will be used. The news effect is positive at the beginning
(Bo= 0.18"), then there is a drop in integration (B3 = -
0.04"), and finally there is a rise in integration (5, = 0.07).

Table 6 shows a trend that shows that the financial
markets always get Al adoption wrong, which is in line
with what we know about the productivity J-curve [11].
They do not see it as a complicated, non-linear organiza-
tional change with high learning costs and path depend-
ence. Instead, they see it as a single shock to productivity.

Table 6: The Temporality Mismatch: Economic Value
vs Financial Valuation

Phase Economic Financial Resulting
Reality Market Re- | Anomaly
(Opera- action
tional
Timeline)
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An- Commit- Immediate Overreac-
nounce- | mentof cap- | positive re- | tion to po-
ment ital; organi- | rating; senti- tential;
(Qo) zational re- | ment spikes | pricing of
structuring (SDI 1). "hope."
begins.
Integra- Costly im- Sentiment "Integra-
tion (Qi- | plementa- decay as tion dip" in
Qs) tion: challenges valuation
productivity emerges; despite
may dip ini- | volatility in- | necessary
tially (learn- creases. invest-
ing curve). ment.
Scaling Real option | Cautious re- | Under-ap-
(Qs-Q7) exercise: assessment; | preciation
measurable | convergence | of option
efficiency toward fun- | value be-
gains mate- | damentals. ing real-
rialize. ized.
Matura- Sustained Steady re- Delayed
tion competitive | rating based | recognition
(Qs advantage | on improved | of full stra-
and new financial tegic
revenue metrics. value.
streams.

The negative value on the SDI (Ssp; = -0.30, p <
0.05) and the negative SEM path from sentiment to
Tobin's q (yspi—Tobin’s q = -0.29") show that hype
based on stories is not just harmless noise. It constitutes
an incessant cycle of overvaluation and recalibration
when one establishes standards that are unattainable in re-
ality. The overall impact is delineated as follows: the pri-
mary functional channel exhibits a positive value (+0.17),
whilst the adverse mood channel presents a negative
value (-0.15), which negates the former, resulting in a
minimal net effect (+0.09). The market thinks that invest-
ments in Al are worth twice as much as they really are.
This is because putting money into Al does not change
how people feel.

Now we know that the binary Real Option Exercise
event is the key difference between paths that work and
paths that do not. This is a big step forward in both theory
and practice. In the past, these steps had to be taken after
the Al growth choice worked: (1) setting up official gov-
ernance structures (e.g., cross-functional Al boards, C-
level Al leadership); (2) getting measurable proof-of-con-
cept measures; and (3) committing capital in stages with
clear decision points. These things were never present
when things did not go as planned.

People who are good at Al do not seem to think of
their work with it as a big one-time project with clear
goals... They instead see them as a set of planned ways to
grow, which are:

1) With exploration funds, you can only do test

projects and try new things.



2) You must meet certain business and technology

standards to get progress-based funds.

3) There are clear rules about when pilots should be
moved, pulled back, or given up during choice
drills.

4) When a company is ready to learn from test

"fails" that show them important things about
technical choices and market health.

This option-based approach to Al management can
help you deal with the big amount of uncertainty that
comes with adopting Al in a planned way. When you
scale up too fast or give up too late, dreadful things hap-
pen. This way, you can avoid those things.

For accountants and businessmen, this means the fol-
lowing in real life: This study made and tried a better way
to evaluate people. It gives professionals an organized
way to tell the difference between speculating and mak-
ing real value. It is more accurate to use the three-part
breakdown—core value (Vpcr), strategic optionality
(Voptions), and emotion change (Vemotion)—than just DCF
or ad hoc multiples to figure out how much something is
worth.

This is how the suggested expanded model is written
in Equation 9.

Vaugmentea = Vpcr + Qcar * ROPy — 4-S )

Where Al-based discount on the theoretical ROP
shows how likely it is that the company will exercise its
options. ROP,; is the Black-Scholes real options value, 4
is a calibration parameter, and S is the sentiment diver-
gence score.

In real life, experts should:

1) Use the three-part measure (data stock, human
capital, and organizational ready) to find the
company's CAI number. Companies with a CAI
of less than 0.19 should be taken with a grain of
salt; investing in Al at these companies will not
pay off.

Find the ROP for AI projects using a Black-
Scholes framework with volatility factors that
are appropriate for the sector. Then, use a CAI-
based discount (e.g., full premium for CAI >
0.70, 50% discount for CAI 0.40-0.70, and 90%
discount for CAI < 0.40) to figure out the ROP.
Use textual analysis of earnings calls and news
reports to measure the mood overhang. When
SDI goes above 1.5, which is around the
eighty%ile, you should use a value discount that
is based on past mean reversion trends.

Keep an eye on the integration dip as a normal
event and not as a sign of a failed strategy. Val-
uation drops of 15 to 25 percent are likely to hap-
pen between Q; and Qs after the announcement.
You should not take these drops as signs of de-
ficient performance.

2)

3)

4)
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This means that business managers and planners will
have to change how they set up, handle, and judge Al pro-
jects. Some simple changes need to be made to how cap-
ital is allocated and how success is measured before Al
can be widely used.

Firstly, bosses should not think of AI to get tech.
They should see it as a chance to make the business work
differently. Businesses that do not have strong comple-
mentary assets should work on their data infrastructure,
talent pipelines, and management skills before they spend
a lot of money on Al, according to the CAI barrier find-
ing. A company should do an "Al readiness" audit to see
where it stands on the three CAI aspects before spending
a lot of money on Al

Secondly, it is important to have a government sys-
tem. There were cross-functional planning groups, funds
just for Al, and clear ways for decisions about growth to
be taken to the next level in all cases where they worked
out well. Firms should set up these tools ahead of time,
not after they begin Al tests.

Thirdly, the way the study figures out if it worked
should be changed. Return on Investment (ROI) forecasts
that are based on the idea that returns are straight and pre-
dictable will always undervalue Al's adaptability and
overvalue its immediate cash flow benefits. Instead, busi-
nesses should:

1) It is important for capital planning to take
choices into account and value strategic free-
dom.

2) Money is given based on achieving certain
goals.

3) On test projects, you should use both learning
and income data.

4) There are some portfolio methods that believe

that "failures" in individual drivers are necessary
to make good choices.

There are some issues with this study that need to be
brought up. Each of these problems leads to a good topic
for more study.

Measurement and Construct Validity: The CAI was
carefully designed and evaluated (Cronbach's o > 0.85),
but it is still not the best way to find out how organizations
support each other, which is a complicated idea with
many dimensions. Data stock, human capital, and organ-
izational readiness are the three parts that might not cover
all the assets that work together to make Al useful.

Cultural factors, such as the desire to take chances
and focus on innovative ideas, leadership traits, such as
digital knowledge and strategic vision, and ecosystem re-
lationships, such as platform links and partnerships, may
also affect Al's worth, but they were not directly looked
at.

In more research, the CAI measurement method
should be made better and used more often. It could in-
clude more things, like the culture of the company (using



survey-based tools or NLP analysis of internal communi-
cations), leadership traits (using executive background
data), and network position (using patent citation or alli-
ance data).

There were only big, publicly traded U.S. companies
in the S&P 500 picked for the group so that it would be
more useful in other cases. This option makes sure that
data is available and can be compared, but it limits how it
can be used in public or private businesses, outside the
U.S., and by smaller businesses.

Small and medium-sized businesses (SMEs) may use
Al in quite diverse ways. This is because they might not
have as many means, the business might be different, and
the rules might be different. In the same way, companies
in economies that are growing may build up their assets
in diverse ways than the market does.

The idea of contingent value should be used to get
more insights into these underexplored subjects. Cross-
country research might examine how intellectual property
laws, labor market regulations, and data privacy policies
influence the relationship between Al investment and
firm valuation.

Temporal Variations and Educational Impacts: The
research examined the use of Al in enterprises from the
inception to the intermediate phases, spanning from 2018
to 2024. The trajectory may shift as Al tools improve and
more individuals acquire skills via practical experience.
Organizations may see a reduced "integration dip" when
they develop standardized "playbooks" for Al use and as
Al technologies improve. However, the decline may in-
tensify as Al applications become more complex or if
competition escalates.

No research will determine if the time gap diminishes
as businesses acquire more knowledge until post-2024.
Furthermore, it would be interesting to see the evolution
of the CAI level over time as Al technologies advance
and additional assets get integrated.

The rationale of occurrences and their mechanisms.
The instrumental variable technique strengthens causal
assertions; yet, the precise micro-mechanisms enabling
Al to generate value via synergistic assets remain unclear.
Case studies effectively demonstrated the efficacy of
some strategies, such as goal-oriented financing and con-
trol mechanisms. Large-scale quantitative mediation
studies, on the other hand, were not possible because
there was not enough data.

To find specific causes in the future, scientists could
use firm-level polls, experiments, or studies of nature. For
better proof of the link between some assets, randomized
controlled studies of Al governance measures, such as
forming official Al steering groups, could be used.

Using the study's theoretical framework for other
GPTs: This framework, which is based on dependent
complementarity and temporal mismatch, could be used
for other new GPTs, such as quantum computing, syn-
thetic biology, or advanced robots. Some things about
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each GPT are unique and change how much it is worth,
but the main ideas about assets that are suitable and ex-
pectation gaps may be useful in all of them.

The idea of contingent valuing should be used on
other GPTs in the future so that researchers can see if pat-
terns of contingent matching and temporal mismatch
show up. It would be better to have a theory of GPT worth
that is more general than just results that are true in one
case. Increased engagement in similar tasks would facili-
tate comparative analysis.

Conclusions

The findings indicate that the Al Valuation Paradox is not
a market oddity nor a measurement mistake, but rather an
explicable product of two primary forces: the contingent,
amplifying characteristics of Al value capture and the
temporal dissonance between operational implementation
and market valuation. The data aligns with the suggested
integrated paradigm; nevertheless, causal assertions are
constrained by the study's acknowledged limitations.

Secondly, enhancing a business's value and generat-
ing profit in the market often do not occur simultaneously.
This research integrates real options theory, behavioral fi-
nance, and the resource-based view into a cohesive em-
pirical framework. This provides both theoretical clarity
and practical guidance for assessing the valuation of Al-
intensive enterprises in an increasingly complex environ-
ment.

Three main conclusions come from the study that ex-
plain the Al Valuation Paradox as a whole:

1) Putting money into Al does not change the value
of a company in an effective way. Statistically,
the AIl indicator could never be set to anything
other than zero in any business setting. There are
stories in the news that say Al makes everything
better, and academic models say there is a direct
link between how well a company does and how
it invests in technology.

There are other things that go better with Al that
make it worth more. AIl and the CAI have a
strong and positive relationship (Bau,; .o car =
0.42""). This shows that Al only works when it
is joined with resources that are unique to each
company, such as secret data, skilled workers,
and a ready organization. An important border
condition is a CAI number of 0.19. When busi-
nesses below this level participate in Al, they get
little to no money back. When companies above
this level put money into Al, they get gains that
are good and going up. This discovery enhances
the Resource-Based View by transforming its
ambiguous assertion about compatibility into a
verifiable and quantifiable statement.

Market perceptions do not consistently align
with actual conditions, resulting in predictable

2)

3)



price movements. A "spike-dip-recovery" pat-
tern was seen in Tobin's q after news of Al in-
vestments. A positive increase occurred imme-
diately (8o = 0.18%), followed by a significant
decline in integration (f3 = -0.04*), and ulti-
mately a recovery (87 = 0.07). The failure of
SEM to function correctly indicated that this dis-
crepancy has tangible consequences: the pri-
mary operational channel contributes value
(+0.17), while the adverse mood channel ne-
gates almost all that value (-0.15), resulting in a
little net impact (+0.09). If people did not feel
different when they buy Al, the stuff would be
worth twice as much as the market thinks it is.

There are three important things that this study adds
to the body of academic literature:

1) A framework for valuation that works with eve-

rything else. A bigger model for valuing things
is made and tested in this study. There are three
parts to this model that make up a company's
value: basic cash flow value (VDCF), strategy
optionality (VOptions), and behavioral senti-
ment change (VSentiment). In this method, the
real options theory from economics, the RBV
from strategic management, and behavioral fi-
nance are all put together into a single model
that can be used again. The augmented model
explains 53% of the variance in Tobin's q,
which is a gain of 22 percentage points over the
baseline DCF model, a statistically significant
improvement (F(3,2152) =28.4, p <0.001)
and a big step up from methods that only look
at one issue.
Several various methods for measuring things.
The AII, the CAI and the SDI are three tests that
are based on theory and help you figure out how
much Al is worth. In the study, these steps are
put to the test. People who study and use Al can
no longer put it in black-and-white boxes. In-
stead, they can start checking Al's readiness and
value creation potential all the time on several
different dimensions.

It is important to figure out that the real choice prac-
tice is the small step. They found that the choice between
two Al growth options—from test to enterprise-wide
scales is the key factor in determining whether value cap-
ture works or not. A company that is good at Al does not
just spend money on it once. It seems more like a set of
options for strategic growth, with test budgets, funds
based on goals, and clear instructions on how to use the
choice.

The results are important for two main groups of
stakeholders: financial experts and business managers.

For financial experts and investors: The improved val-
uation framework gives you an organized way to tell the

2)
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difference between speculative talk and real value crea-
tion; practitioners should do the following: 1) Look at
things that go well together. Use the three-part measure
(data stock, people capital, and organizational ready) to
figure out the CAI numbers. Companies with a CAI of
less than 0.19 should be taken with a grain of salt; invest-
ing in Al at these companies will not pay off; 2)
Find the real value of choices. Find out what the ROP is
for Al projects by using a Black-Scholes framework with
volatility factors that are right for the sector. Then, use a
CAl-based discount that shows how much the company
can use its options; 3)
Consider mood overflow. To measure opinion difference,
look at the language of results calls and news stories.
When SDI goes above 1.5, which is around the
eighty%ile, you should use a value discount that is based
on past mean reversion trends; and 4) Get ready for the
merger dip. Keep in mind that 15-25% drops in valua-
tions in the four quarters after Al reveals are normal and
not a sign of a failed strategy.

For business, corporate managers and strategists: The
data shows that for Al to be successfully adopted, com-
panies need to make substantial changes to how they or-
ganize, rule, and review Al investments: 1) Put Al ready
first. Companies that do not have strong complementary
assets should wait to make big investments in Al until
they have built a database, hired skilled workers, and im-
proved their management skills. Before committing a lot
of money to Al, there should be an "Al readiness" audit;
2) Set up official systems of government. All the success-
ful cases had clear progression paths for choices about
growth, cross-functional planning groups, and Al leader-
ship at the C-level. These systems should be set up before
Al pilots are sent out, not after; 3) Learn how to use op-
tions-aware capital planning. When you use traditional
ROI estimates that assume profits are straight and de-
pendable, Al's option traits will always be undervalued.
Instead, companies should use funding based on mile-
stones, learning metrics along with financial metrics, and
portfolio methods that see "failures" in individual pilots
as the price to pay for producing good choices; and 4)
Talk to markets in a reasonable way. The opinion differ-
ence results show that making too many claims about Al's
short-term effects leads to expected price drops. People
may not change their minds as strongly about companies
that talk about realistic timelines, admit operational prob-
lems, and stress that their Al investments are staged and
option-like.

An interesting area that could be investigated more in
the future is shown by some of the study's flaws.

Validity of Measurement and Construct. Even though
the CAI has been checked many times (Cronbach's o >
0.85), it is still not a perfect way to find out how compat-
ible two organizations are. Cultural factors, leadership
traits, and ecosystem links may also lessen Al's value ef-



fect, but these were not directly looked at. CAI measure-
ment method should be improved and expanded in future
study, which could include more factors like corporate
culture, senior digital skills, and network position.

Generalizability and Validity in Other Settings. Big
U.S. companies that were traded on the stock market were
the only ones in the group. Small businesses, private com-
panies, and places outside the U.S. may adopt Al in di-
verse ways because they may not have as many resources,
the laws may be different, and the economy may be dif-
ferent. It might be interesting to compare how institu-
tional factors affect the link between investment in Al and
a company's value across different countries.

How time changes and how learning changes things.
When the study took place, from 2018 to 2024, Al use in
companies was in its early to medium stages. Because Al
tools are getting better and more people are learning at
work, the trends that have been seen might change. Lon-
gitudinal studies that go past 2024 are needed to see if the
integration dip gets smaller as businesses make Al use
guidelines.

Micro-fundaments and how things happen. It is help-
ful to use instrumental factors to back up claims of cause
and effect, but it is still not clear what small steps make it
possible for Al to build value through complementary as-
sets. In the future, researchers might use firm-level polls,
trial methods, or natural studies to find specific causes,
like how the company is governed, how it manages its
talent, or its culture.

How It Works with Other General-Purpose Technol-
ogies. It is possible that the framework for contingent
complementarity can be used for other new GPTs, like
quantum computing, synthetic biology, or advanced ro-
bots. Researchers should use the theory in these situations
in the future and see if similar patterns of temporal mis-
match and contingent compatibility show up. Compara-
tive work like this would help build a more general theory
of GPT pricing.

The Al Valuation Paradox is solved by this study
showing that it is not a problem with the market or a
measurement error. Instead, it is the logical, if compli-
cated, result of two fundamental forces: the uncertain,
amplifying nature of technological value capture and the
inherent difficulty of pricing complex, path-dependent or-
ganizational transformation in real-time markets. The
paradox comes from the fact that markets value Al invest-
ments as one-time boosts in output, but value grows
slowly, conditionally, and non-linearly as firms use their
unique combined assets to explore their strategy options.

Researchers can use this study to build a theoretically
sound and empirically proven strategy for figuring out
how, when, and why Al creates economic value. The
combined model, which includes valuing real options, ad-
justing for behavioral opinion, and complementary asset
contingency, provides a basis for further study into the
financial economics of technologies that rely heavily on
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intangibles.

People who work in the field now have a structured
way to manage the strategic and financial issues that
arisen in the Al era. The mood changes differentiate dis-
course from facts, the real options technique evaluates the
adaptability of a plan, and the CAI assesses the prepared-
ness of Al. They provide a carefully considered alterna-
tive to both impulsive elation and impulsive skepticism.

Currently, technology evolves rapidly. The ability to
distinguish between speculative discourse and genuine
value creation is an essential skill for judicious capital al-
location and achieving a sustainable economic advantage.
That ability is improved by this study, which gives us
both theoretical framework and the useful tools modern
society needs to understand how to value things in an Al-
driven market.
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