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Abstract

The rapid expansion of artificial intelligence since late 2022 has driven unprecedented investment in data
center infrastructure, creating a direct physical link between Al demand and energy markets. Using daily
return data for 2023-2025, we document several findings about the Al-energy nexus. First, clean energy
portfolio returns are substantially more correlated with data center infrastructure returns than traditional
energy returns are, and data center returns alone explain several times more variation in clean energy returns
than in traditional energy returns. Second, the factors that drive clean and traditional energy returns differ
markedly: clean energy behaves like a long-duration growth asset with significant positive interest rate
sensitivity, while traditional energy exhibits the opposite pattern, and this divergence peaked during the
monetary tightening cycle of 2023—-2024. Third, in a horse-race between direct Al technology indices and
data center infrastructure as explanatory variables, the Al index is fully subsumed by data center returns,
suggesting that physical infrastructure rather than Al technology per se is the transmission mechanism
linking Al to energy markets. Augmenting standard factor models with data center and interest rate factors
meaningfully improves explanatory power for clean energy but not for traditional energy. These findings
suggest that Al-driven electricity demand is reshaping the factor structure of energy investing, with
implications for portfolio construction, risk management, and the energy transition.
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1. Introduction

The launch of ChatGPT in November 2022 marked an inflection point in the commercial adoption of
artificial intelligence. Within two years, global investment in Al infrastructure surged, with data center
capital expenditure by major technology firms exceeding $200 billion annually by 2025 (IEA, 2024). Data
centers, the physical backbone of Al computation, are among the fastest-growing sources of electricity
demand worldwide, with the International Energy Agency projecting that their power consumption could
more than double by 2030. This development creates a direct physical link between Al demand and energy
markets.

Using daily return data comprising 753 trading days between 2023 and 2025, we find that clean energy
returns are substantially more correlated with data center infrastructure returns than traditional energy
returns are. The full-period correlation between the iShares Global Clean Energy ETF (ICLN) and the
Global X Data Center and Digital Infrastructure ETF (DTCR) is 0.58, compared with 0.29 between the
MSCI ACWI Energy Index and DTCR. In regression analysis, data center returns alone explain 33.7% of
the daily variation in clean energy returns but only 8.5% of the variation in traditional energy returns. This
fourfold difference is robust across annual subperiods and persists after controlling for broad market
movements, interest rates, and other factors.

We further document that the factors driving clean and traditional energy returns differ in economically
important ways. Clean energy exhibits significant positive sensitivity to U.S. Treasury bond returns,
meaning that clean energy performs well when bond prices rise and yields fall. Traditional energy exhibits
the opposite pattern. This divergence is consistent with clean energy firms having long-duration cash flow
profiles similar to growth equities, while traditional energy firms behave more like value-oriented, inflation-
sensitive assets. The relevance of interest rates to the Al-energy story is direct: the same period that saw
explosive growth in Al infrastructure also coincided with the most aggressive monetary tightening cycle in
four decades, as the Federal Reserve raised the federal funds rate from near zero (0.00-0.25%) in early
2022 to 5.25-5.50% by July 2023, and maintained elevated rates through much of 2024 before beginning
gradual cuts. Higher interest rates directly affect the value of clean energy assets through at least two
channels: they raise the discount rate applied to the long-duration cash flows characteristic of renewable
energy projects, and they increase the cost of capital for the capital-intensive buildout of solar, wind, and
related infrastructure. The interaction between Al-driven demand tailwinds and monetary policy headwinds
created a distinctive environment for energy investors during this period.

Finally, we conduct a horse-race between the S&P Kensho Al Enablers Index and data center
infrastructure returns as explanatory variables for energy returns. When both are included alongside other

controls, the Al index coefficient for clean energy is economically small and statistically insignificant,
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while the data center coefficient remains large and highly significant. This suggests that physical
infrastructure—the data centers that translate Al compute demand into electricity consumption—is the
transmission mechanism linking Al to energy markets, rather than Al technology per se.

This paper contributes to several literatures. First, we contribute to the growing literature on green
finance and sustainable investing (Pastor, Stambaugh, and Taylor, 2021, 2022; Bolton and Kacperczyk,
2021, 2023; Hsu, Li, and Tsou, 2023). While prior work has examined the risk-return characteristics of
green assets relative to brown assets, we identify a new factor—data center infrastructure demand—that
differentially affects clean and traditional energy returns. Second, we contribute to the literature on energy
markets and the energy transition (van der Ploeg and Rezai, 2020; Bauer, Derwall, and Hann, 2009; Hong,
Li, and Xu, 2019; Engle, Giglio, Kelly, Lee, and Stroebel, 2020; Krueger, Sautner, and Starks, 2020;
Sautner, van Lent, Vilkov, and Zhang, 2023). Our findings suggest that the transition is being shaped not
only by policy and technology cost curves but also by Al-driven demand for electricity. Third, we contribute
to the emerging literature on how Al affects financial markets and asset prices (Babina, Fedyk, He, and
Hodson, 2024; Eisfeldt, Kim, and Papanikolaou, 2024; Acemoglu and Restrepo, 2020; Brynjolfsson, Rock,
and Syverson, 2021). To our knowledge, this is among the first papers to document the channel through
which Al demand transmits to energy asset returns.

The remainder of the paper is organized as follows. Section 2 provides institutional background on Al
infrastructure and energy markets. Section 3 describes the data and methodology. Section 4 presents the

results. Section 5 discusses implications and concludes.

2. Institutional Background

2.1 The Data Center Buildout

The relationship between artificial intelligence and energy consumption is rooted in the physical
infrastructure required for Al computation. Training and deploying large language models and other Al
systems requires specialized hardware housed in data centers—facilities that consume substantial electricity
for both computation and cooling (Masanet, Shehabi, Lei, Smith, and Koomey, 2020; Patterson, Gonzalez,
Le, Liang, Munguia, Rothchild, So, Texier, and Dean, 2021). Before the Al boom, global data center capital
expenditure was already growing, reaching approximately $216 billion in 2021 and $241 billion in 2022,
driven by cloud computing adoption and digitalization trends. However, the pace was manageable relative
to grid capacity.

The arrival of large-scale generative Al fundamentally altered this trajectory. In 2024, global data center

capital expenditure surged 51% to approximately $455 billion, with the four largest hyperscalers—Amazon
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($77 billion), Microsoft ($60 billion), Alphabet ($51 billion), and Meta ($39 billion)—accounting for
roughly half of global spending (Dell'Oro Group, 2025). By 2025, these four firms announced combined
capex plans exceeding $400 billion, with capital intensity (capex as a percentage of revenue) rising from
under 9% in 2021 to over 22% in 2025. Several technology firms signed long-term power purchase
agreements with clean energy developers, creating direct contractual links between Al infrastructure and
renewable energy generation.

The International Energy Agency estimates that global data center electricity consumption reached
approximately 460 terawatt-hours in 2024, roughly 2% of global electricity demand. Under plausible
growth scenarios, this figure could reach 945 TWh by 2030—more than doubling in six years, with Al-
driven workloads growing at approximately 30% annually compared with 9% for conventional servers
(IEA, 2024; de Vries, 2023). The same IEA analysis emphasized that in the United States, data centers
could account for almost half of the growth in electricity demand between now and 2030 and that data
centers in advanced economies could drive more than 20% of the growth in electricity demand over the
same horizon.? The U.S. Energy Information Administration forecast nationwide retail electricity sales
growth of 2.2% in both 2025 and 2026, compared with an average growth rate of 0.8% between 2020 and
2024.

The data center build-out required more than incremental electricity consumption. It required firm
capacity, interconnection rights, transmission upgrades, and equipment that utilities and developers often
needed to order years in advance. A McKinsey analysis of data center scaling underscores the capital
intensity of this transition, estimating that data centers could require $6.7 trillion in capital expenditures
worldwide by 2030 to keep pace with demand for compute power, with a large share tied to Al capable
facilities.> Market research also highlighted the expected growth in power demand from data centers.
Goldman Sachs Research forecast a 50% increase in global data center power demand by 2027 and up to
165% growth by 2030 relative to 2023.* These estimates explain why many firms treated access to
electricity as a strategic constraint.

A data center operator does not evaluate electricity sources only on levelized energy costs. The operator
cares about reliability, ramping capability, price stability, permitting timelines, local grid constraints, and
reputational exposure. These criteria create both opportunities and limitations for different forms of energy.

Clean energy offers several advantages for data centers and Al workloads. First, renewable generation
and storage can provide a path to incremental supply in markets where developers can build at scale and

where interconnection and transmission allow delivery to load. Corporate power purchase agreements allow

2IEA
3 McKinsey & Company
4 Goldman Sachs
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large buyers to lock in long run price certainty, which can matter when compute demand grows quickly and
when power procurement becomes a material part of site selection and operating risk. Second, many
technology firms manage explicit emissions targets and procurement commitments. Renewable electricity
procurement can reduce reported emissions associated with electricity consumption and can support
product level commitments that customers and investors increasingly monitor. Third, renewables often
scale through modular deployment. Developers can add capacity in increments and can pair solar and wind
with batteries to shape output. That modularity can complement phased data center construction schedules,
where operators add halls and servers over time. Fourth, clean energy technologies sit at the center of a
broader electrification and grid modernization agenda. Equipment categories such as power electronics,
grid components, inverters, and control systems benefit when utilities and large loads invest in capacity
additions, grid upgrades, and local distribution reinforcement.

At the same time, clean energy introduces constraints that matter acutely for data centers. Intermittency
creates a mismatch between variable generation and the requirement for continuous operation. Data centers
can shift some tasks, but they still need high uptime and predictable capacity for critical workloads. Storage
can mitigate short duration variability, but storage economics and duration limits can constrain its ability
to cover longer periods of low renewable output. Transmission constraints add a second limitation. Many
of the best renewable resources sit far from major load centers, and interconnection queues and permitting
timelines can delay delivery of new supply. Lawrence Berkeley National Laboratory reports that, as of the
end of 2024, thousands of projects representing very large volumes of generation and storage capacity sat
in U.S. interconnection queues, which illustrates the scale of grid connection bottlenecks that developers
face.’ In addition, policy uncertainty can affect renewable project economics through tax credit
interpretation, permitting, and state level regulatory pathways.

Traditional energy sources also offer tradeoffs. Natural gas generation provides dispatchability and can
support fast ramping to meet load growth. It can also locate near load and connect through existing
infrastructure in many regions. These attributes matter when a data center needs firm capacity on a defined
schedule. The IEA expects renewables and natural gas to take the lead in meeting rising data center
electricity needs, in part because of cost competitiveness and availability in key markets.® However, fossil
generation raises emissions and local pollution concerns and can expose firms to future regulatory risk and
reputational scrutiny. Fuel price volatility can also undermine the cost stability that many technology firms
prefer. These tensions help explain why firms explored additional options such as nuclear power and other

firm low carbon sources. The key point is that data center load growth increased the value of any scalable,

s emp.lbl.gov
SIEA
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financeable, and connectable source of electricity and grid infrastructure, not only the value of a single

technology.

2.2 The Macroeconomic Environment

Simultaneously, the macroeconomic environment created cross-currents for energy investors. The U.S.
Federal Reserve raised the federal funds rate from a target range of 0.00—0.25% in January 2022 to 5.25—
5.50% by July 2023, representing 525 basis points of tightening in the fastest hiking cycle in four decades.
Rates were held at this peak through most of 2024, with the first cut (50 basis points) arriving in September
2024. By late 2025, the rate had been reduced to 3.50-3.75%, still well above the near-zero levels that
prevailed during 2020-2021.

This monetary tightening created a particularly challenging environment for clean energy investments.
Consider, for example, a solar farm project with a 25-year cash flow horizon: when discount rates rise by
400 basis points, the present value of those distant cash flows can decline by 30% or more, even if the
underlying cash flows are unchanged. This duration effect is precisely the mechanism through which higher
rates eroded clean energy asset values during 2023—-2024, while the same rate environment was more benign
for traditional energy companies whose shorter-duration cash flows and commodity price linkages provided
natural inflation protection (Dechow, Sloan, and Soliman, 2004; Weber, 2018; Gormsen and Lazarus,
2023).

The Inflation Reduction Act, enacted in August 2022, provided substantial tax incentives for clean
energy development but its implementation encountered political headwinds as the regulatory environment
evolved. Traditional energy companies, by contrast, benefited from elevated commodity prices and strong
cash flows during much of this period.

These concurrent forces—Al-driven demand growth, monetary tightening, and evolving energy
policy—make 2023-2025 a distinctive period for examining the relationship between Al infrastructure and

energy returns.

3. Data and Methodology
3.1 Data Sources

We use daily return data for six asset series over the period January 3, 2023 to December 31, 2025,

comprising 753 trading days.
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The clean energy portfolio is represented by the iShares Global Clean Energy ETF (ICLN), which
tracks the S&P Global Clean Energy Index. As of December 2025, ICLN holds approximately 100 positions
with $1.9 billion in assets. The portfolio is concentrated in utilities (49% of assets), industrials (25%), and
technology (25%). Top holdings include First Solar (8.7%), Bloom Energy (7.6%), Iberdrola (6.6%), Vestas
Wind Systems (6.4%), and NextPower (5.9%), reflecting broad exposure to solar, wind, hydrogen, and
electric utility companies. Approximately 58% of holdings are non-U.S. issuers.

The traditional energy portfolio is represented by the MSCI ACWI Energy Index (ACWI Energy),
which captures large- and mid-cap energy sector companies across developed and emerging markets. The
index is dominated by integrated oil and gas companies (53% of assets), followed by oil and gas exploration
and production firms (18%), storage and transportation (16%), refining and marketing (7%), and equipment
and services (5%). The largest constituents are global integrated majors such as ExxonMobil, Chevron,
Shell, TotalEnergies, and ConocoPhillips.

Data center infrastructure is represented by the Global X Data Center and Digital Infrastructure ETF
(DTCR). DTCR is a concentrated portfolio of approximately 28 holdings with $917 million in assets,
primarily data center REITs and digital infrastructure companies. The top holdings—Equinix (14%),
Digital Realty Trust (13%), American Tower (12%), and Crown Castle (9%)—together represent
approximately half of fund assets. These companies own and operate the physical facilities that house
computing infrastructure for cloud and Al workloads.

The Al technology portfolio is the S&P Kensho Artificial Intelligence Enablers Index, which tracks
approximately 40 companies involved in developing Al hardware, software, and services, spanning
semiconductor manufacturers, cloud computing infrastructure providers, and Al platform developers.
Information technology and communication services represent approximately 88% and 6% of the index
respectively.

We also use the MSCI ACWI Index as a global equity market benchmark and the S&P U.S. Treasury
Bond Current 10-Year Index as a measure of interest rate conditions. For factor model analysis, we use the
Fama-French five factors (Mkt-RF, SMB, HML, RMW, CMA) for developed markets at daily frequency,
supplemented by the momentum factor (WML), obtained from Kenneth French's data library (Fama and
French, 1993, 2015; Carhart, 1997).

3.2 Methodology

Our empirical approach proceeds in four stages. First, we examine pairwise correlations between
energy portfolios and data center/Al returns, both for the full period and by year, to establish the basic co-

movement structure. We complement the correlation analysis with quintile sorts: on each trading day we
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sort observations into quintiles based on DTCR returns and examine the average clean energy and
traditional energy returns in each quintile.

Second, we estimate a series of OLS regressions with the general form r(i,t) = o + 31 DTCR(t) + B2 X(t)
+ &(t), where 1(i,t) is the daily return on portfolio i (ICLN or ACWI Energy), DTCR(t) is the daily data
center return, and X(t) is a vector of additional controls added progressively: the counterpart energy
portfolio, UST 10-Year returns, ACWI returns, and the S&P Kensho Al Enablers Index. We estimate these
models for the full period and separately for each calendar year to examine time variation in the coefficients.

Third, we conduct a horse-race between the Al Enablers Index and DTCR as explanatory variables to
distinguish between direct Al technology exposure and physical infrastructure exposure.

Fourth, we augment Fama-French five-factor models with data center and interest rate factors. All
regressions use heteroskedasticity-consistent (HC1) standard errors. We report two-sided p-values

throughout.

4. Results
4.1 Summary Statistics

Table 1 presents summary statistics for the six return series over the 2023-2025 period.

Table 1: Summary Statistics (2023-2025)

Cumulative ‘ Ann. Vol Sharpe Rat.

(Full Period)
ICLN —21.5% —26.9% +44.4% —17.2% 24.0% —0.14
DTCR +17.5% +12.8% +27.5% +69.0% 20.7% +0.95
ACWI Energy +5.9% +2.9% +14.7% +25.1% 17.0% +0.53
ACWI +22.8% +18.0% +22.9% +78.1% 12.0% +1.67
UST 10Y +3.5% -1.7% +8.0% +10.0% 7.8% +0.44
Al Index +53.8% +36.9% +33.6% +181.3% 28.7% +1.35

The most striking feature is the wide dispersion in cumulative performance. ICLN returned —17.2%
cumulatively over the three-year period, a sharp contrast with DTCR (+69.0%), ACWI (+78.1%), and even
ACWI Energy (+25.1%). ICLN experienced deep losses in 2023 (—21.5%) and 2024 (—26.9%) before a
sharp reversal in 2025 (+44.4%). ACWI Energy, by contrast, delivered modest but consistently positive
returns across all three years. The divergence in annual return patterns between these two energy portfolios

suggests fundamentally different factor exposures, which we investigate in the sections that follow.
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4.2 Correlations and Quintile Evidence

Table 2, Panel A presents the full-period pairwise correlation matrix. The correlation between
ICLN and DTCR is 0.58, double the correlation between ACWI Energy and DTCR (0.29). The Al Enablers
Index shows a similar pattern, with a stronger correlation to ICLN (0.49) than to ACWI Energy (0.30),
though notably the Al Index is most highly correlated with DTCR itself (0.73) and with ACWI (0.81). The
interest rate correlations preview a finding we develop further below: ICLN-UST is positive (0.24), while

Energy-UST is negative (—0.13).

Table 2 Panel A: Full-Period Correlations (2023—-2025)

ICLN DTCR Energy ACWI UST Al
ICLN 1.00
DTCR 0.58 1.00
Energy 0.32 0.29 1.00
ACWI 0.56 0.73 0.49 1.00
UST 0.24 0.19 —0.13 0.06 1.00
Al 0.49 0.73 0.30 0.81 0.02 1.00

Panel B disaggregates correlations by year. ICLN-DTCR correlation peaked at 0.62 in 2023, eased to
0.55 in 2024, and rebounded to 0.58 in 2025. Energy-DTCR correlation shows an increasing trend: 0.19 in
2023, 0.25 in 2024, and 0.42 in 2025. This rising trend for traditional energy, while still below the ICLN-

DTCR correlation, may reflect growing awareness among energy investors of the infrastructure transition.

Table 2 Panel B: Annual Correlations

Pair \ 2023 2024 2025
ICLN-DTCR 0.62 0.55 0.58
Energy—DTCR 0.19 0.25 0.42
ICLN-AI 0.62 0.34 0.54
Energy—Al 0.24 0.20 0.43
ICLN-ACWI 0.71 0.44 0.55
Energy—ACWI 0.46 0.38 0.58
ICLN-UST 0.23 0.43 0.05
Energy-UST -0.17 —0.07 —0.11

9
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The ICLN-UST correlation shows a distinctive pattern: it peaked at 0.43 in 2024, when interest rate
uncertainty was highest, and dropped to near zero (0.05) in 2025 as rates stabilized and began to decline.
Energy-UST remains consistently negative, confirming the opposite-sign duration exposure.

Table 3 presents quintile sort evidence.

Table 3: Returns Conditional on DTCR Quintiles

DTCR Quintile Avg DTCR Return = Avg ICLN Return Avg Energy
Return
Q1 (Worst) —1.73% —1.24% —0.48% 153
Q2 —0.48% —0.51% +0.09% 149
Q3 +0.09% —0.08% +0.04% 150
Q4 +0.68% +0.60% +0.18% 150
Q5 (Best) +1.86% +1.18% +0.35% 151
Q5-Q1 3.59% 2.42% 0.83% —

ICLN exhibits a steep monotonic gradient across DTCR quintiles, with a Q5-Q1 spread of 2.42
percentage points per day—nearly three times the spread for ACWI Energy (0.83 percentage points). This
near-threefold difference in sensitivity to extreme data center return days suggests that clean energy
portfolios are meaningfully more exposed to data center dynamics than traditional energy portfolios, and

that this exposure manifests in the tails of the return distribution.

4.3 What Drives Clean versus Traditional Energy Returns?
Table 4 presents the core regression results, with Panel A showing models for ICLN and Panel B

showing identical specifications for ACWI Energy.

Table 4 Panel A: ICLN Regressions

Variable 1) Q) \ 3) \ )
DTCR 0.674%%* 0.644%%* 0.369%** 0.382%%*
(t-stat) (15.93) (15.84) (5.36) (5.62)
UST — 0.424%% 0.497%% 0.557%%*
(t-stat) (3.88) (4.80) (5.44)
ACWI — — 0.643%+* 0.494%%*
(t-stat) (5.32) (4.05)
Energy — — — 0.188%**
(t-stat) (3.73)
R? 0.337 0.356 0.404 0.416

10

Information Classification: General



N 753 753 753 753

For ICLN, data center returns alone explain 33.7% of daily return variation (Column 1), and the DTCR
coefficient of 0.67 is highly significant (t = 15.93). Adding interest rate sensitivity (UST) raises R* to 35.6%
(Column 2), with a UST coefficient of 0.42 (t = 3.88). Adding broad market exposure (ACWI) raises R? to
40.4% (Column 3), and the full model with Energy achieves R? of 41.6% (Column 4). Across all

specifications, DTCR remains the most important explanatory variable.

Table 4 Panel B: ACWI Energy Regressions

Variable @) Q) [ 3) [ @)
DTCR 0.239% 5 0.268%%* —0.073* —0.115%%*
(t-stat) (5.23) (5.85) (—1.79) (-2.73)
UST — —0.410%%%  —0319%** () 376%**
(t-stat) (—4.07) (—4.02) (—4.68)
ACWI — — 0.796% % 0.721 %%
(t-stat) (8.90) (7.62)
ICLN — — — 0.115%%*
(t-stat) (3.63)
R? 0.085 0.120 0.266 0.282
N 753 753 753 753

For ACWI Energy (Panel B), the picture is markedly different. DTCR alone explains only 8.5% of
daily return variation, one quarter of the ICLN figure. Adding UST (Column 2) modestly improves R? to
12.0%, with a negative coefficient of —0.41 (t =—4.07), confirming energy's inverse interest rate sensitivity.
The dominant driver of traditional energy returns is the broad equity market: after adding ACWI as another
control variable, the model explains 26.6% of Energy variation (Column 3), while the full model achieves
R? of 28.2% (Column 4). When ACWI is included (Column 3), the DTCR coefficient for Energy actually
turns negative (—0.12, t = —2.73), suggesting that any apparent data center co-movement in traditional
energy is fully absorbed by broad market exposure.

Two features of the comparison between Panels A and B warrant emphasis. First, the R? gap: the full
model explains 41.6% of ICLN variation versus 28.2% of Energy variation. Second, the interest rate
coefficient: ICLN has a positive UST beta (+0.56, t = 5.44), meaning clean energy benefits from falling
rates, while Energy has a negative UST beta (—0.38, t = —4.68). This opposite-sign interest rate sensitivity

is a central finding of the paper and is consistent with the equity duration literature documenting that growth
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assets with distant cash flows exhibit stronger sensitivity to long-term interest rates than value assets

(Dechow, Sloan, and Soliman, 2004; Weber, 2018; Gormsen and Lazarus, 2023).

4.4 Time-Varying Relationships
Table 5 presents year-by-year regressions to examine how the relationships evolved.

Table 5 Panel A: ICLN Year-by-Year

Variable 2023 [ 2024 [ 2025
DTCR 0.274% % 0.395%* 0.381 %%+
(t-stat) (3.11) (2.37) (4.48)
UST 0.388%* 0.960%** 0.362%
(t-stat) (2.88) (6.06) (1.67)
ACWI 1,044 0.358 0.367%*
(t-stat) (6.34) (1.34) (2.49)
Energy 0.217%** 0.132 0.102
(t-stat) (2.98) (1.28) (1.19)
R? 0.556 0.382 0.380
N 250 252 251

Panel A shows that the DTCR beta for ICLN remains significant throughout. The UST beta peaked at
0.96 in 2024, during the height of interest rate uncertainty, before declining to 0.36 in 2025. ACWI was the

dominant driver in 2023 (B = 1.04, t = 6.34) but its coefficient decreased in later years.

Table 5 Panel B: ACWI Energy Year-by-Year

Variable 2023 \ 2024 \ 2025
DTCR —0.31 1%+ 0.007 —0.043
(t-stat) (-3.53) (0.08) (—0.77)
UST —0.405%%* —0.322%* —0.280*
(t-stat) (—3.34) (-2.38) (—1.65)
ACWI 0.958%#* 0.467%%* 0.716%%*
(t-stat) (5.22) (3.84) (4.35)
ICLN 0.188%* 0.063 0.061
(t-stat) (3.10) (1.21) (1.16)
R? 0.328 0.171 0.349
N 250 252 251

12
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Panel B shows strikingly different patterns for traditional energy. DTCR is insignificant in 2024 and
2025, and actually negative in 2023 (—0.31, t =—3.53). The dominant driver of traditional energy across all
years is ACWI. The UST coefficient is consistently negative, with the strongest effect in 2023 (-0.41, t=
—3.34).

4.5 The AI Channel: Technology versus Infrastructure

Table 6 presents a horse-race analysis that includes both the S&P Kensho Al Enablers Index and DTCR
as explanatory variables. We include specifications both with and without the counterpart energy portfolio

to examine robustness.

Table 6 Panel A: AI Horse-Race, ICLN

Variable 1 ?2) 3) “)
Al Index 0.410%** 0.120** —0.013 0.019
(t-stat) (11.81) (2.25) (—0.26) (0.36)
DTCR — 0.554%%* 0.374%** 0.374%**
(t-stat) (7.57) (4.80) (4.79)
UST — — 0.494%** 0.563%**
(t-stat) (4.87) (5.65)
ACWI — — 0.662%** 0.464%**
(t-stat) (5.67) (3.87)
Energy — — — 0.1971***
(t-stat) (3.69)
R? 0.239 0.347 0.404 0.417
N 753 753 753 753

For ICLN, the Al Index alone explains 23.9% of return variation with a coefficient of 0.41 (t = 11.81).
When DTCR is added (Column 2), DTCR captures the bulk of the explanatory power while the Al
coefficient drops to 0.12 (t = 2.25). In the model with DTCR, Al, UST, and ACWI but excluding Energy
(Column 3), the Al coefficient is already insignificant (—0.01, t =—0.26). The full specification (Column 4)
confirms this: DTCR remains highly significant (B = 0.37, t = 4.79) while Al collapses to 0.02 (t = 0.36).

A key insight from this pattern is that the apparent explanatory power of the Al Index in simpler
specifications is largely driven by its co-movement with aggregate market returns. Once broad market

factors (e.g., ACWI) are included—effectively moving from an absolute return to a relative return
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framework—the Al signal is largely neutralized. In other words, the Al Index does not add incremental

explanatory power beyond what is already captured by market-wide variation and the DTCR channel.

Table 6 Panel B: AI Horse-Race, ACWI Energy

Variable 0 @) A3) @)
AI Index 0.178%%x 0.11 1% —0.170%%%  —0.168%**
(t-stat) (5.74) (2.99) (—4.34) (—4.32)
DTCR — 0.127%* 0.000 -0.042
(t-stat) (2.30) (0.01) (—0.94)
UST — — —0.363%%%  —0.4]9%*x
(t-stat) (—4.52) (~5.19)
ACWI — — 1.035%% 0960
(t-stat) (9.58) (8.55)
ICLN — — — 0.114%%x
(t-stat) (3.56)
R 0.090 0.102 0.290 0.306
N 753 753 753 753

For ACWI Energy, a complementary result emerges. In simpler specifications (Columns 1-2), the Al
Index is positively associated with energy returns (B =0.18 and 0.11, respectively). However, once market
controls are introduced in Columns 3 and 4: the Al coefficient turns significantly negative (B =—0.17,t=
—4.34), suggesting that conditional on broad market movements, traditional energy actually moves
inversely to Al enablers. DTCR is insignificant in both models.

The subsumption of Al by DTCR in explaining clean energy returns is an important finding. It suggests
that the mechanism through which Al affects energy markets is physical rather than technological: it is the
electricity-consuming data centers, not the Al algorithms running inside them, that drive the energy market

connection.

4.6 Fama-French Factor Model Analysis
Table 7 examines whether the data center and interest rate channels add explanatory power beyond

standard asset pricing factors.
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Table 7 Panel A: Fama-French Models, ICLN

Factor \
o (ann%)
Mkt-RF
SMB
HML
RMW
CMA
WML
DTCR
UST
R?

For ICLN, the market beta drops from 1.24 in the FF-3 model to 0.74 when DTCR is added, a decline
of 0.50. This indicates that a substantial portion of what appears to be market risk in clean energy is actually
exposure to data center and Al infrastructure dynamics. Adding DTCR and UST together improves R? from
0.431 (FF-5+Mom) to 0.480, approximately 5 percentage points. The alpha remains persistently large and
negative (—15.5% to —19.2% annualized).

The factor loadings tell a coherent story: positive loadings on Mkt-RF and SMB (growth and small-cap
exposure), negative loadings on RMW and CMA (low profitability and aggressive investment), negative

momentum exposure, and significant sensitivities to both data center infrastructure and interest rates.

Table 7 Panel B: Fama-French Models, ACWI Energy

Factor
0. (ann%)
Mkt-RF
SMB
HML
RMW
CMA
WML
DTCR
UST
R:

Information Classification:

FF-3 FF-5
—15.5% -15.9%
1.242%%* 1.104%**
0.824*** 0.699%**

0.008 0.050

— —0.587***
— —0.343*
0.402 0.417

FF-3 FF-5

=7.1% —8.3%
0.846%*** 0.946***
—0.329%** —0.236%**
1.257*** 1.407***
— 0.644%**

— -0.118

0.520 0.545

General

FF-5+Mom
-15.8%
1.097%**
0.569***
—0.004
—0.662***
—0.391*
—0.295%#*

0.431

FF-5+Mom
—8.3%
0.946%**
—0.237*%*
1.406%**
0.643***
—-0.119
—0.003

0.545

15

+DTCR
—17.5%

0.743%**
0.547%**

0.133

—0.431**

—0.329*

—0.270***
0.34%**

0.469

+DTCR
—8.5%

0.919%**
—0.239%***
1.417%**
0.661***

—0.114
—0.001
0.026

0.546

+DTCR+UST
—19.2%
0.744***
0.440%**
0.190
—0.458**
—0.373%*
—0.246***
0.3 1 1***
0.345%**
0.480

+DTCR+UST
—6.9%
0.918%**
—0.140
1.364%**
0.685%**
—0.073
—0.023
0.054
—0.317***
0.564



For ACWI Energy, the results contrast sharply. The FF-3 model already achieves R? of 0.520, and
adding DTCR and UST raises R? to only 0.564. DTCR is insignificant across all specifications. The only
new factor that matters is UST (—0.32, t = —4.89), consistent with traditional energy acting as an inflation
hedge. The factor loading contrast reinforces the core finding: ICLN has large positive loadings on the data
center factor that traditional energy lacks, and the two energy subsectors have opposite-sign interest rate

loadings.

5. Discussion and Conclusion

This paper examines the relationship between Al-related infrastructure and energy portfolio returns
during 2023-2025, a period in which artificial intelligence dominated the technology and investment
narrative. Three findings stand out.

First, clean energy returns are approximately twice as correlated with data center infrastructure returns
as traditional energy returns are, and data center returns explain four times more daily return variation in
clean energy than in traditional energy. Second, clean and traditional energy exhibit opposite interest rate
sensitivities, with clean energy behaving like a long-duration growth asset and traditional energy behaving
like an inflation-sensitive value asset. Third, the Al-energy link operates through physical infrastructure
(data centers) rather than through direct Al technology exposure.

These findings have several implications. For investors, they suggest that clean energy should not be
viewed exclusively through the lens of energy sector dynamics. Portfolio managers seeking clean energy
exposure are implicitly taking positions on Al infrastructure growth and, through the interest rate channel,
on the trajectory of monetary policy.

For the energy transition, the findings suggest that Al-driven electricity demand may be creating a
structural demand channel for clean energy that operates independently of government subsidies and carbon
pricing. If Al infrastructure spending continues at current rates, the associated clean energy procurement
could rival government incentive programs in scale. For asset pricing, standard factor models could be
augmented to explain the returns of energy assets in the Al era.

Several limitations warrant acknowledgment. The 2023-2025 sample is deliberately focused on the
period of rapid Al-driven structural change. While this focus is a strength for characterizing a nascent
phenomenon, it means we cannot assess persistence over a full market cycle. To augment our data, in the
Appendix we analyze another two years of returns (2021-2022) and find similar results with Al
infrastructure returns being strongly related to clean energy returns but not to traditional energy. Moreover,

the ETFs and indices we use are imperfect proxies. Finally, while we document strong co-movement
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patterns, the daily return analysis does not establish causal direction. The relationship could reflect common
factor exposure to technology optimism and growth sentiment rather than a direct demand channel.
Despite these limitations, the findings characterize how Al infrastructure investment co-moves with
energy asset returns during a transformative period. Future research could examine firm-level variation in
exposure to the Al-energy nexus, test whether data center power purchase agreements predict clean energy
stock returns, and explore how different regulatory regimes mediate the transmission of Al demand to

energy markets.
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Appendix: Evidence from the Pre-Generative Al Period (2021-2022)

To provide context for the 20232025 findings, this appendix presents key results from the 2021-2022
period, prior to the arrival of large-scale generative Al. The sample comprises 503 trading days.

Table Al presents summary statistics. In 2021, ICLN declined 58.3% while ACWI Energy surged
86.2%. In 2022, ICLN was roughly flat (—0.6%) while Energy gained another 85.0%. The cumulative return
divergence (ICLN —58.9% versus Energy +171.2%) dwarfs the 2023-2025 gap, reflecting the post-

pandemic energy price recovery and the initial impact of rising rates on clean energy.

Table Al: Summary Statistics (2021-2022)

Asset 2021 2022 Cumulative
ICLN —58.3% -0.6% —58.9%
ACWI Energy +86.2% +85.0% +171.2%

Table A2 presents correlations.

Table A2: Key Correlations (2021-2022)

Pair \ 2021 2022 2021-2022
ICLN-DTCR 0.41 0.66 0.55
Energy—DTCR 0.06 0.28 0.20
ICLN-AI 0.68 0.72 0.69
Energy—Al 0.28 0.33 0.31
ICLN-ACWI 0.57 0.66 0.60
Energy—ACWI 0.53 0.51 0.51
ICLN-UST 0.01 0.23 0.15
Energy—UST —0.40 —0.05 —0.15

Even before the Al boom, ICLN was more correlated with DTCR (0.55) than Energy was (0.20). Table

A3 presents core regressions.

Table A3 Panel A: ICLN Regressions (2021-2022)

Variable ) ?2)
DTCR 0.841*** 0.328%**
(t-stat) (13.83) (3.88)
UST — 0.220
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(t-stat) (1.53)

ACWI — 0.978%**
(t-stat) (6.46)
Energy — —0.018
(t-stat) (—0.26)
R? 0.306 0.395
N 503 503

Table A3 Panel B: ACWI Energy Regressions (2021-2022)

Variable @ ?2)
DTCR 0.225%** —0.347%%*
(t-stat) (4.04) (—5.13)
UST — —0.434%**
(t-stat) (—3.30)
ACWI — 1.212%**
(t-stat) (10.78)
ICLN — —0.010
(t-stat) (—0.26)
R? 0.041 0.346
N 503 503

The 2021-2022 regressions show qualitatively similar patterns to the main analysis but with important
differences. DTCR already explained a substantial 30.6% of ICLN variation (vs. 33.7% in 2023-2025),
suggesting that the data center connection predates the Al boom, though it strengthened afterward. For
traditional energy, DTCR explained only 4.1% (vs. 8.5%), confirming that the connection was even weaker
before the Al era.

Data centers were already substantial consumers of electricity before 2023, and a significant portion of
that consumption was sourced from renewable energy. Major hyperscalers including Google, Microsoft,
and Amazon had committed to 100% renewable energy procurement well before the generative Al boom,
creating a direct physical link between data center infrastructure investment and clean energy demand.
What distinguishes the post-2022 period is the dramatic acceleration in the scale of this demand. As
generative Al workloads drove unprecedented data center construction the electricity requirements of the
sector grew correspondingly, intensifying an already existing fundamental linkage. Traditional energy, by

contrast, had limited direct exposure to data center electricity procurement during 2021-2022, which
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explains its much weaker correlation with data center returns in that period. The notable increase in the
Energy-DTCR correlation during 2025, from 0.25 in 2024 to 0.42, may signal the beginning of a new
channel, as policy shifts and growing electricity demand have led natural gas producers to explore direct
supply arrangements with data center operators. Given the recency of this phenomenon, we will need to

collect more data as they become available to establish the persistence of this link.
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