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sion and improvements in productive capacity. Subsequent increases in capital-goods
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1 Introduction

Does good news about technology raise or lower inflation? This is a longstanding

question with new stakes. Technological progress expands what an economy can

produce, but learning about that progress can change spending before production

improves. Households and firms may bring expenditure forward, while expectations

of cheaper production can put downward pressure on prices. The balance between

these forces matters for monetary policy, investment decisions, and the interpretation

of technology-driven economic expansions.

Artificial intelligence (AI) makes this question particularly pressing. The prospect

of cheaper computation and greater productive capacity comes alongside demand

for chips, data centers, and complementary investment. The expenditure required to

adopt a technology may arrive well before its productivity benefits spread through the

economy. At the same time, announcements of future capabilities can change expecta-

tions about production costs before those capabilities become available. An important

distinction is therefore whether the disclosed technological capabilities are already

available or still forthcoming. Both types of news may improve growth prospects, but

their implications for anticipated demand expansion and future productive capacity

may differ.

Despite the importance of these competing forces, direct evidence on their relative

role when technological information arrives remains limited. Existing technology-

news measures typically infer information from productivity dynamics, financial mar-

kets, or patent-based measures without directly observing the content of the under-

lying disclosures. It is consequently difficult to determine whether different inflation

responses reflect differences in information content, economic transmission, or identi-

fying assumptions. Progress requires observing both when technological information

reaches investors and what they learn.

This paper is the first, to my knowledge, to systematically study the macroeco-

nomic effects of disclosures at recurring technology conferences. I examine how these

disclosures shape financial markets’ expectations of economic growth and inflation,

and how the responses depend on announcement content. My setting is semiconductor

conference keynotes, where firms announce processor performance, computing archi-

tectures, product roadmaps, and commercial applications. Their recurring schedules

provide observable disclosure opportunities even when the announcements them-

selves remain uncertain. I combine conference calendars with semiconductor-sector

returns, keynote transcripts, dividend futures, and inflation swaps to measure the

information disclosed and the associated macroeconomic repricing.

The final baseline sample contains 114 keynotes on 112 trading days. Events

are selected based on institutional characteristics rather than realized returns or sub-

sequently extracted content. I exclude identified overlaps with FOMC statements,
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CPI releases, and issuer earnings calls, as well as non-trading-day observations. The

baseline surprise is the raw daily semiconductor-sector return on the retained event

days. I classify keynote statements using a large language model (LLM) that does

not observe asset prices or macroeconomic outcomes. The classification distinguishes

technological capability from demand and adoption, and separates capabilities already

achieved or available from those described as forthcoming. I refer to these categories

as delivered and promised capability.

I estimate how dividend-futures and inflation-swap responses vary with these

content shares. Following the existing literature, I use dividend-futures prices as a

market-based proxy for economic growth expectations Gormsen and Koĳen (2020);

Gormsen, Koĳen and Martin (2021); Hazell and Hobler (2024); Drechsel and Zhang

(2026). Dividend futures reflect expected corporate dividends at different horizons,

which are closely related to expectations of aggregate economic activity. I there-

fore interpret increases in dividend-futures prices as improvements in market-implied

growth expectations, while recognizing that these prices also reflect inflation and risk

premia. Inflation swaps measure inflation expectations across maturities. Their joint

responses allow me to examine how markets revise their expectations of economic

growth and inflation in response to technology news. Neither the event return nor

the content classification alone identifies a structural technology shock. Instead, their

combination allows me to examine whether macroeconomic repricing varies system-

atically with the information disclosed.

My central finding is that favorable technology news improves economic growth

expectations under both disclosure profiles but generates opposite inflation-compensation

responses. Without content interactions, conference-day semiconductor returns are

positively associated with dividend-futures returns across maturities from one to ten

years, whereas the inflation-swap response is statistically significant only at the one-

year horizon. The content decomposition reveals a pattern obscured by this pooled

result. At the delivered-capability profile, positive revisions to growth expectations

accompany higher inflation expectations at medium and long maturities. At the

promised-capability profile, growth expectations also improve, but inflation expec-

tations declines.

These differences are economically and statistically meaningful. Evaluating the

model at the mean content share of the top decile of delivered capability, a one-

percentage-point semiconductor-sector return is associated with a 0.87-basis-point

increase in five-year inflation expectations. At the corresponding top-decile promised-

capability profile, the response is -0.91 basis points, and the difference is statistically

significant. At ten years, the respective responses are +0.81 and -0.61 basis points,

again significantly different. In contrast, dividend-futures responses do not differ

significantly across the two profiles at any maturity. The contrast therefore lies more
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clearly in inflation expectations than in growth expectations, which improve under

both profiles.

These findings are consistent with the interplay between anticipated demand

expansion and improvements in productive capacity. News about already available

capabilities may stimulate complementary investment and technology adoption before

the associated productivity gains are fully realized, consistent with higher inflation

expectations. News about forthcoming capabilities may also encourage investment,

but the accompanying decline in inflation expectations is consistent with expectations

of future productive-capacity expansion and lower production costs. Thus, favorable

technology news can improve growth prospects under both disclosure profiles while

generating opposite inflation-compensation responses, potentially reflecting differ-

ences in the relative importance and timing of anticipated demand and supply adjust-

ments. This interpretation relates to the differing inflation responses documented in

the technology-news literature Barsky and Sims (2011); Barsky, Basu and Lee (2015);

Ahmed and Farah (2022); Cascaldi-Garcia and Vukotić (2022).

The estimated responses also provide a scale for the macroeconomic informa-

tion conveyed by individual disclosures. Following the illustrative dividend-to-GDP

conversion in Hazell and Hobler (2024), drawing on Gormsen and Koĳen (2020), I

adjust nominal dividend responses for corresponding price-level revisions and apply

a conversion factor of 0.67. At the promised-capability profile, a one-percentage-

point semiconductor-sector return implies approximate real GDP-level revisions of

0.019, 0.049, and 0.105 percent at one, five, and ten years, respectively. For context,

Acemoglu (2025) estimates ten-year GDP gains from AI of 0.93–1.16 percent, while

Blumenfeld et al. (2026) estimates gains of 3.6–6.5 percent based on AI-related expecta-

tions accumulated through December 2025. A revision of approximately one-tenth of

a percent need not be small for an individual disclosure, although these broader esti-

mates concern different economic experiments. The conversion is intended to provide

an illustrative magnitude rather than a directly comparable aggregate effect.

The joint specification separates two dimensions of disclosure content. Replacing

demand statements with delivered-capability statements, holding promised capability

fixed, raises longer-horizon inflation-compensation responses. Shifting capability from

delivered to promised, holding total capability fixed, lowers inflation-compensation

responses from two years onward. The observed profiles vary along both dimensions,

while the conditional horizon interaction shows that the availability of capability

matters even when its total share is held constant. This distinction concerns whether

the underlying technological capability is already available or still forthcoming, rather

than whether an announcement itself is anticipated or unanticipated. Either type of

statement may contain information that investors did not previously expect.

To examine the proposed interpretation, I turn to subsequent prices, production,

3



investment, and labor inputs. Monthly local projections associate both content profiles

with higher capital-goods orders and mostly positive equipment-production estimates,

consistent with investment in response to technological opportunities. Following

promised-capability-heavy disclosures, core prices decline while industrial produc-

tion, manufacturing hours, and machinery-manufacturing employment increase. The

semiconductor-industry producer price responses provide additional evidence: under

the promised-capability profile, estimated PPI responses remain negative and trend

downward over two years, whereas under the delivered-capability profile, they are

initially negative before trending upward. Under the delivered profile, core-price

and industrial-production point estimates are also positive, and manufacturing-hours

responses are mostly positive. These patterns provide complementary evidence con-

sistent with differences in anticipated demand expansion and productive-capacity

improvements, although they do not separately identify the two channels.

I also examine the reach and interpretation of equity repricing. Across sectoral

portfolios, responses are strongest in semiconductors, followed by AI-themed and

broader technology funds. A presenter-excluded semiconductor portfolio also re-

sponds positively, indicating that repricing extends beyond the announcing firm. In

a heterogeneous identification exercise, the delivered–promised inflation contrast re-

mains statistically significant from two through ten years among events in which the

issuer and its semiconductor peers have abnormal returns of the same sign. The central

result therefore does not depend on opposing issuer and peer valuations.

Alternative return windows and outcome measures broadly preserve the baseline

pattern. Market-adjusted daily returns and 90- and 120-minute intraday return sur-

prises support the positive delivered-profile inflation-compensation response, while

promised-profile estimates remain negative at most maturities. Intraday requirements

retain 75 of the 112 baseline event days, so these comparisons change event coverage

as well as the return window. Treasury breakeven inflation expectations also rises

at the delivered profile and falls at the promised profile. These exercises support

the broad direction of the findings while documenting differences in precision across

specifications.

This paper contributes to four strands of literature. First,Existing technology-news

studies news about future productivity from stock prices and long-run restrictions, es-

timated dynamic models, or patent-related market reactions (Beaudry and Portier,

2006; Barsky and Sims, 2011; Schmitt-Grohé and Uribe, 2012; Kurmann and Otrok,

2013; Kogan et al., 2017; Cascaldi-Garcia and Vukotić, 2022). These approaches have

produced different inflation responses: productivity-based measures often imply dis-

inflation (Barsky and Sims, 2011; Barsky, Basu and Lee, 2015), whereas patent-based

news raises inflation (Cascaldi-Garcia and Vukotić, 2022). They do not directly observe

the economic content of the underlying disclosures, leaving open whether informa-
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tion composition helps explain these differences. This paper is the first to connect

statement-level measures of technology-news content to the joint repricing of growth

expectations and inflation expectations. I show that content matters: delivered and

promised capability are associated with opposite inflation responses, while dividend

responses remain positive under both profiles. The result identifies information com-

position as a possible source of heterogeneity within a common disclosure setting.

Second, text-based research extracts economic information from earnings calls,

business news, and other corporate communications (Hassan et al., 2019; Bybee et al.,

2024; Hassan et al., 2024). This paper is the first to use semiconductor conference

transcripts to measure the economic content of technology disclosures and relate it

to macroeconomic expectations. I distinguish capability from demand and delivered

from promised capability. Linking these measures to dividend futures and inflation

swaps shows that disclosure content matters.

Third, I extend event-based identification to recurring private-sector technology

disclosures. High-frequency approaches have been applied to monetary policy, oil sup-

ply, fiscal policy, carbon pricing, and bank regulation (Gürkaynak, Sack and Swanson,

2005; Nakamura and Steinsson, 2018; Swanson, 2021; Känzig, 2021; Hazell and Hobler,

2024; Bauer, Känzig and Rudebusch, 2026; Drechsel and Miura, 2025). This paper is

the first to construct a technology-news surprise series around recurring conference

keynotes and use their transcripts to characterise the information accompanying each

surprise.

Fourth, I contribute to the macroeconomics of AI. Theoretical work studies pro-

duction, task allocation, growth, and the demand effects of anticipated technological

change (Aghion, Jones and Jones, 2018; Acemoglu, 2025; Trammell and Korinek, 2024;

Aldasoro et al., 2024; Faria-e Castro and Ozkan, 2026). Recent empirical work examines

AI model releases through bond markets and estimates broader gains using equity-

market exposures (Andrews and Farboodi, 2025; Blumenfeld et al., 2026). I study the

computing technologies underlying AI, alongside other semiconductor disclosures,

and examine the macroeconomic effects.

The remainder of the paper proceeds as follows. Sections 2 and 3 describe the

institutional setting and data. Section 4 constructs the surprise series and content

measures. Section 5 presents the main expectations results. Section 6 examines cross-

sectoral equity repricing and subsequent economic outcomes. Section 7 relates the

findings to existing evidence. Sections 8 and 9 report alternative identification exercises

and robustness checks. Section 10 concludes.
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2 Semiconductor tech conferences and information disclosure

Technology conferences provide recurring opportunities for semiconductor and

computing firms to disclose developments in computing architectures, processor per-

formance, product roadmaps, and commercial adoption. Unlike earnings announce-

ments, which primarily focus on financial performance, conference keynotes offer

insights into technological advances and their economic applications. The semicon-

ductor industry is a particularly relevant setting for studying these disclosures because

improvements in processors, accelerators, and computing infrastructure can reduce

computing costs and expand the range of economically feasible applications, while

information about customer adoption and product deployments can reveal shifts in

technology demand. Such announcements may therefore convey information relevant

to both the announcing firm and broader economic conditions.

The conferences in our setting take two main institutional forms. The first consists

of firm-hosted events, such as the Intel Developer Forum, NVIDIA’s GPU Technol-

ogy Conference (GTC), and Qualcomm’s Snapdragon Summit. These conferences

provide recurring platforms through which firms communicate technological devel-

opments and product roadmaps to developers, customers, industry participants, and

the public. The second consists of industry-wide conferences organized by indepen-

dent institutions or industry associations, including the Consumer Electronics Show

(CES), Computex, and the Open Compute Project Global Summit. These events bring

together multiple technology firms and provide scheduled keynote sessions in which

participating companies present technological developments and commercial appli-

cations.
1

Across these institutional formats, the common feature is the keynote presenta-

tion: a scheduled public address in which a firm’s representatives disclose informa-

tion within an established conference program. This distinguishes the events from

unscheduled product announcements, private investor meetings, and informal inter-

views. The recurring conference calendar provides an observable set of disclosure

opportunities that can be identified independently of the information eventually pre-

sented and the subsequent financial-market response.

NVIDIA’s GPU Technology Conference provides a concrete illustration of this in-

stitutional setting. In April 2021, NVIDIA organized a five-day virtual GTC, featuring

approximately 1,300 sessions covering artificial intelligence, accelerated computing,

data centers, networking, and related technologies. According to NVIDIA, the confer-

ence attracted more than 200,000 registrations from 195 countries, while its opening

1
For descriptions of the institutional formats, see the official websites of CES (https://www.ces.

tech/) and Computex (https://www.computextaipei.com.tw/), as well as the Open Compute Project’s

conference archive (https://www.opencompute.org/events/).
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keynote subsequently accumulated over 14 million views.
2

On April 12, NVIDIA

founder and CEO Jensen Huang delivered the opening keynote at 8:30 a.m. Pacific

Time (11:30 a.m. Eastern Time), during regular U.S. equity trading hours.

The keynote featured several major technological announcements, including NVIDIA

Grace, the company’s first Arm-based data-center CPU, and BlueField-3, a new data

processing unit designed to accelerate networking, storage, and security operations.

NVIDIA projected that Grace-based systems could deliver approximately ten times

the performance of its existing CPU-based systems for certain large-scale AI and

high-performance computing workloads. The company also announced plans by

the Swiss National Supercomputing Centre and Los Alamos National Laboratory to

build supercomputers incorporating Grace processors.
3

The example illustrates how

a scheduled keynote combines technological and commercial information. The Grace

announcement described a new computing capability alongside prospective customer

deployments.

Beyond the content of any individual keynote, a defining characteristic of the

conferences in our setting is their recurrence. Many are organized annually or on an-

other regular schedule, and their continued operation does not depend on a particular

technological breakthrough being announced in a given year. For example, NVIDIA

GTC and Qualcomm’s Snapdragon Summit provide recurring firm-hosted disclosure

opportunities, while CES and Computex operate as established industry-wide events.

This institutional structure distinguishes recurring conferences from standalone prod-

uct launches. A firm may arrange a special announcement in direct response to a newly

developed technology or an unexpected commercial opportunity. In such cases, both

the timing and the content of the announcement may be determined by the underlying

news. Recurring conferences, by contrast, provide disclosure opportunities that are

scheduled as part of an established event program.

The dates and programs of upcoming conference editions are commonly an-

nounced in advance. Online Appendix A documents this for the whole series sample.

Table 7 gives, for each of the fifteen conference series, the organiser’s or host’s own

words establishing that the series recurs on a fixed cycle, with the source for each. Ta-

ble 8 then reports, series by series, the most recent edition for which a dated advance

announcement could be located, how far ahead of the keynote that announcement fell,

and the announcing sentence itself. For fourteen of the fifteen series such a document

exists, and the documented lead times run from 80 to 357 days with a median of 180.

These are examples rather than a census: they establish that advance scheduling is a

regular feature of these series.

2
“NVIDIA Announces Financial Results for First Quarter Fiscal 2022,” May 26, 2021.

3
“NVIDIA Announces CPU for Giant AI and High Performance Computing Workloads,” April 12,

2021. See also “NVIDIA Extends Data Center Infrastructure Processing Roadmap with BlueField-3,”

April 12, 2021.
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The distinction between the anticipated occasion and the potentially unexpected

information is fundamental to our empirical design. Investors may anticipate that

a company will discuss new processors, computing platforms, or product roadmaps

at an upcoming keynote. They need not, however, know the precise performance

specifications, architectural developments, implementation schedules, or commercial

arrangements that will be revealed. Consequently, the conference calendar provides

a set of identifiable information windows, while the market’s response during these

windows may reflect revisions to previously held expectations.

Within these identifiable information windows, the information disclosed may

have different macroeconomic implications. Figure 1 illustrates their main techno-

logical themes, including data-centre computing, computational performance and

efficiency, and artificial intelligence.

Figure 1: Technological themes in conference keynotes

Notes: Word clouds show four principal components from an unsupervised PCA of TF–IDF-weighted

unigrams and bigrams in 30,572 sentences classified as news from 182 keynote editions between 2001

and 2026. Terms must appear in at least thirty sentences; larger words indicate higher component

loadings. The leading frequency component and non-lexical fillers are omitted. Appendix C provides

methodological details.

The central economic distinction is between capability news, concerning improve-

ments in technological performance, efficiency, and architecture, and demand news,
concerning customer adoption, orders, deployments, and investment. The former

may expand productive capacity or reduce costs, while the latter may signal antic-

ipated spending and economic activity; other content is classified separately. I also
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distinguish realised from future developments, AI-related from other news, and dif-

ferent layers of the technology stack. Because equity-price movements alone cannot

identify these dimensions, I combine high-frequency semiconductor-sector returns

with LLM-based transcript classifications to measure unexpected market repricing

and characterise the economic content of disclosures, respectively.

3 Data

The data combine a conference registry, keynote records, daily and intraday asset

prices, and monthly macroeconomic series. Appendix A documents the conference

registry and sample audits, Appendix B describes caption processing, and Appendix C

evaluates the classifier.

The collection registry covers fifteen recurring tech conference series and 223

editions between 2001 and 2026. Its purpose is to identify scheduled public technol-

ogy disclosures by listed semiconductor firms, allowing their content to be measured

and matched to asset prices. The registry is assembled from organiser archives, pro-

grammes, press records, and video sources. Conference series must satisfy five criteria:

relevance to semiconductor or computing products, processes, or roadmaps, estab-

lished from the organiser’s description and programme; recurrence on a repeating

cycle; prepared keynote addresses delivered to the general conference audience and

open to the press or public; a scheduled keynote slot within the organiser’s published

programme rather than an ad hoc appearance; and selection independent of realised

returns, estimated macroeconomic responses, and speech-content measures, including

LLM classifications, technology-news scores, and ex post assessments of announce-

ments. Press conferences, show-floor interviews, technical sessions, and executive

briefings are excluded. Section A.2 provides evidence of recurrence and advance

scheduling. These features support anticipated disclosure opportunities without es-

tablishing random assignment of disclosure dates or content.

The speaking firm is identified separately for each keynote from the document’s

attribution or the host’s introduction, rather than from firms mentioned in the speech.

A keynote qualifies only if the speaker represents a firm on a 114-name list compiled

from 6,977 dated constituent and holdings snapshots of the PHLX Semiconductor

Sector Index (SOX), the iShares Semiconductor ETF (SOXX), and the VanEck Semicon-

ductor ETF (SMH). These benchmarks cover US-listed securities, so keynotes by firms

outside this list are excluded, including several large semiconductor and storage firms.

Twenty-two eligible firms appear in the collected keynote records.

To cross-check sample coverage, I also downloaded all available records classified

as Company Conference Presentations or Special Calls for these 114 firms over the same

period from the S&P Capital IQ transcript database and searched them for technology
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events. All technology conferences identified through this exercise that satisfied our

selection criteria were already included in the conference registry.

I distinguish three units. An edition is one occurrence of a conference series in

a calendar year. For touring series, only the flagship event is counted, because sub-

sequent legs largely repeat the main keynote and would duplicate overlapping news.

A keynote session is one firm’s speech in one scheduled slot, with its own start time,

and is the unit of intraday estimation. A venue-day observation combines all qualifying

keynotes at the same venue on the same calendar day into one document and is the

unit of daily estimation and text aggregation, because daily returns cannot separate

sessions within the day. These counts describe different units and are not additive.

Observations are dated to the keynote rather than the opening of the conference. For

example, NVIDIA’s CES and Computex keynotes may occur one or two days after the

show opens.

Of the 223 editions, 171 have an identified constituent-firm keynote, 31 have no

constituent keynote, and 21 have undetermined programmes. The 171 editions yield

175 keynote-day records. Requiring an independent qualifying speech record leaves

152; restricting to the inflation-swap study window leaves 125. The macroeconomic-

release, non-trading-day, and issuer-earnings screens leave 114 keynotes on 112 trading

days across twelve series. Outcome availability further determines the sample used in

individual regressions.

Qualifying speech records come from four sources: verbatim transcripts or pre-

pared remarks published by the organiser or speaking firm; human-provided captions;

automatic captions; and professionally edited transcripts from Capital IQ. Press sum-

maries, slides, and records of other speaking occasions are excluded. Both caption

types are obtained from the official YouTube channels of the conference series or

speaking firms. All four sources provide full-length records of the speaker’s own

remarks and are treated consistently in constructing the content measures.

As delivered, stenographic transcripts and human-provided captions carry 6.8

and 6.5 sentence terminators per hundred words; automatic captions carry 0.2, because

machine transcription emits almost no punctuation. This matters because the content

measures are applied to statement-level units, so text with no sentence boundaries

has nothing for a unit to attach to — the distinctions being measured are clause-level,

capability against demand and forward-looking against realised. The gap is therefore

closed before any classification runs, by XLM-RoBERTa-based punctuation restoration

via token classification, documented and validated in Appendix B: after it, the three

sources carry 6.8, 6.5 and 6.7 terminators per hundred words, and the words themselves

are provably unaltered.

The surprise is measured on the iShares Semiconductor ETF (SOXX), whose ad-

justed closing prices I take from 2 January 2002 to 20 October 2026. SPY serves as the
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market benchmark wherever a market-adjusted variant is reported, and daily adjusted

closes for 21 individual semiconductor names — the index’s large constituents across

the sample, listed in Section 6.1 — support the cross-sectional exercises of Sections 6.1

and 8.2. The intraday work of Section 8.1 uses minute-frequency last-trade prices for

SOXX and SPY from WRDS TAQ, 09:30 to 16:00 New York time, with the accessible

libraries beginning on 10 September 2003; SOXX traded as IGW before 15 October 2010,

and the predecessor series is carried under its own ticker.

Expectations are read off two markets. Zero-coupon USD inflation swap rates

at maturities of one to ten years come from Bloomberg (USSWIT1–USSWIT10) and are

quoted daily from 21 July 2004. Annual dividend futures on the S&P 500 come from

Bloomberg (ASDZ17–ASDZ29) and are quoted daily from 13 November 2015; because

these are dated rather than constant-maturity claims — ASDZ26 is a claim on calendar-

2026 dividends — the reported regressions use horizon-indexed dividend outcomes.

I also use FRED’s constant-maturity series at five and ten years: nominal yields (DGS5,

DGS10), real yields from inflation-indexed securities (DFII5, DFII10), and the implied

break-even rates (T5YIE, T10YIE), which are published on a common daily grid.

The realised-outcome projections of Section 6 use monthly FRED series: core con-

sumer prices (CPILFESL), industrial production (INDPRO), semiconductor and finished-

goods producer prices (PCU334413334413, PPIFGS), core capital-goods orders (NEWORDER),

business-equipment production (IPBUSEQ), machinery-manufacturing employment

(CES3133300001), the quits rate (JTSQUR), and average weekly hours in manufacturing

(AWHMAN).

4 Identifying tech-news surprises and its information content

4.1 Semiconductor index returns

For each keynote 𝑒 I take the semiconductor index’s close-to-close return over the

trading day on which the keynote’s information reaches the market:

𝑧𝑒 = 100

[︁
log𝑃𝐼 , 𝑡𝑒

− log𝑃𝐼 , 𝑡𝑒

]︁
, (1)

where 𝑡𝑒 is the close of the day the keynote was given, 𝑡𝑒 the close of the trading

day before it, and 𝑃𝐼 the adjusted closing price of SOXX, the iShares semiconductor

index. The surprise is measured in percentage points and is never standardised, so a

coefficient estimated on it is the response to a one-per-cent move in the semiconductor

index.

The daily return uses the keynote’s recorded date. The baseline uses the daily

return on the keynote’s recorded date because keynotes vary in duration from 30 to

180 minutes and conferences typically span several days, with related information
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potentially released outside the keynote itself. A common narrow intraday window

may therefore capture different fractions of the relevant disclosures across events.

Section 8.1 uses keynote start times to construct narrower windows for presentations

held during U.S. trading hours.

I exclude days with FOMC statements, CPI releases, and earnings calls by the firm

giving the keynote. When keynotes share a pair of closes, they contribute one return

observation.

Figure 2 plots the surprise series: 112 observations drawn from 114 keynotes

on 112 trading days across twelve conference series, from 7 September 2004 to 22

September 2026, with a standard deviation of 1.88 percentage points and a mean of

+0.14. The largest move in absolute value is 5.6 per cent. The series is plotted over the

study window the inflation swaps define — it opens on 21 July 2004, the first day the

swap curve is quoted at all ten maturities.

To assess whether event-day returns reflect continuation from earlier trading ses-

sions, I correlate them with returns on the most recent keynote-free trading day. Across

all 112 event days, the correlation is−0.08 (𝑡 = −0.88), indicating no significant positive

association. If the immediately preceding trading day also contains a keynote, I look

further back to the nearest trading day without one.

Figure 2: Conference-day semiconductor returns
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Notes: This figure shows conference-day semiconductor returns: for each pair of closes bracketing a

keynote, SOXX’s close-to-close log return over the day the keynote’s information reaches the market, in

per cent, as defined in equation (1). Circles mark three of the largest absolute surprises in the sample,

discussed below.

To assess whether keynote days contain unusually large price revisions, I compare

the variance of SOXX returns on keynote days with that on matched non-keynote

days, following Känzig (2021). Controls are matched by weekday and week of the

month over the preceding three months. The diagnostic starts from 132 keynotes,

including eighteen before the inflation-swap window, and requires no swap quote. I

assess significance using the Brown–Forsythe test and a permutation test with 20,000

draws, each replacing every event surprises with one of its matched control returns.
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Figure 3 shows that keynote-day returns are more variable than their matched controls.

Event-day variance is 6.78, compared with 2.42 on control days, a ratio of 2.80. The

Brown–Forsythe statistic is 20.30, and the permutation probability is below 0.0001.

The evidence supports elevated volatility relative to close calendar matches.

Figure 3: Keynote days versus matched control days
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Notes: SOXX daily close-to-close log returns, in per cent, on keynote observations and non-keynote

controls matched by weekday and week of the month. Left: observations over time. Right: Epanechnikov

kernel densities with a common bandwidth equal to twice Silverman’s event-sample rule. Returns are

not standardized.

Narrative evidence. Three of the largest absolute surprises in the sample illustrate

disclosures about technological capability, risks to commercial applications, and firms’

commercial prospects.

Intel’s IDF, 13 September 2010. Intel was then the largest index constituent. Paul

Otellini’s keynote introduced Sandy Bridge as the Second Generation Intel Core and

demonstrated its integrated graphics against a similarly configured laptop with a dis-

crete graphics card. The keynote also reported progress towards 22-nanometre produc-

tion in the second half of 2011 and demonstrated a two-socket server platform running

32 threads, scheduled for production in 2011. These announcements concerned com-

puting architecture, manufacturing technology, and performance; Sandy Bridge itself

used a 32-nanometre process, while the 22-nanometre developments concerned subse-

quent products.
4

The semiconductor index gained 3.14 per cent, compared with 1.09

per cent for the S&P 500, while Intel’s own return was 3.12 per cent. Such advances

could affect demand for complementary semiconductor products by encouraging PC

and server upgrades, while also changing competitive conditions. These are possible

transmission channels rather than established explanations for the observed sector

increase.

NVIDIA’s GTC, 27 March 2018. Nine days after an Uber self-driving vehicle

4
“Intel Details 2011 Processor Features, Offers Stunning Visuals Built-in,” September 13, 2010.
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killed a pedestrian in Arizona, Jensen Huang addressed the accident and discussed

autonomous-driving safety during the keynote. Uber used NVIDIA GPU hardware.

During the presentation, news emerged that NVIDIA had suspended its own public-

road autonomous-vehicle testing; Huang subsequently explained the decision at a

conference press briefing.
5

NVIDIA’s own return was −8.0 per cent, while the S&P 500

fell 1.7 per cent. The episode illustrates how information about risks to a technology’s

commercial use can accompany negative repricing.

Computex, 2 June 2026. The semiconductor index outperformed the S&P 500 by

approximately 5.5 percentage points. Marvell CEO Matt Murphy delivered a sched-

uled keynote on connectivity and the scaling of AI infrastructure. Jensen Huang joined

him on stage and called Marvell “the next trillion-dollar company.” Contemporary

reporting linked the remark to Marvell’s sharp share-price increase; the stock closed

up 32.5 per cent.
6

In addition to the three episodes above, Intel’s Computex keynote on 28 May

2019 serves as a good illustration of unmet disclosure expectations. Intel presented

its tenth-generation Ice Lake processors and updates to its PC product portfolio, but

some anticipated developments remained unaddressed. Intel presented its tenth-

generation Ice Lake processors and updates to its PC product portfolio, but some

anticipated developments remained unaddressed. A contemporary Computex review

in Tom’s Hardware described Intel’s showing as “a bit underwhelming,” particularly

noting the absence of expected information on its discrete graphics plans.
7

Intel’s own

return was −2.27 per cent; the semiconductor index fell 0.86 per cent and SPY fell 0.92

per cent. The case illustrates how substantive product announcements can coexist with

disappointment about information that was not disclosed, although the commentary

does not establish the cause of the price decline.

These cases distinguish the content of technological disclosures from their unex-

pected valuation effects and illustrate conference-day sector returns as market repricing

around public disclosure opportunities.

4.2 The information content of technology news

The sector return measures valuation changes, while the transcript records dis-

closed information. I classify the text to distinguish technological capability from

commercial demand and to measure whether capability is described as delivered or

5
“NVIDIA Pauses Self-Driving Vehicle Testing; Confirms DRIVE Wasn’t In Last Week’s Uber Col-

lision,” March 29, 2018. See also “Jensen Huang on the Uber Tragedy and Why Nvidia Suspended

Testing.”

6
For the keynote schedule, see “Marvell CEO Keynote,” COMPUTEX 2026. For Huang’s appearance

and remarks, see “Jensen Huang joins Marvell CEO on Computex stage, hails it as ‘the next trillion-dollar

company’,” June 2, 2026.

7
“Community Questions: What Are Your Thoughts on Computex 2019?” The article is trade-press

commentary on the conference.
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promised. The classifier does not observe prices or macroeconomic outcomes.

Sentences enter the informational category when they contain a qualifying factual

statement rather than framing or evaluation. The label does not measure novelty rela-

tive to investors’ prior information. Informational statements receive an economic role:

capability, demand, or context. Capability covers performance, efficiency, architecture,

and product roadmaps. Demand covers customers, orders, shipments, market size,

and commercial adoption. Context covers statements assigned to neither role. Horizon

labels distinguish claims about existing or achieved developments from claims about

future developments. Table 1 provides examples. Appendix C reports agreement

with author annotations and the model-selection procedure. These comparisons use

sentences consulted during prompt development; they are in-sample agreement mea-

sures. The role and horizon fields enter the regressions. Additional technology-stack

do not enter the main analysis.

Table 1: Classification of technology-news statements

Statement Role Horizon

“This is the Xeon 5100 series platform . . . delivering up to 3X performance

over single-core platforms, 3.5 times the performance per watt.” Intel
IDF 2006

Capability Realised

“And even though we’ve introduced 45-nanometer technology with High-

K/Metal Gate, we’ve been able to reduce throughput time by 50 percent.”

Intel IDF 2009

Capability Realised

“There’ll be a large number of SKUs that are launched on November 12th

for servers and for high-end desktops.” Intel IDF 2007
Capability Forward

“And I’m thrilled to announce today that SEGA and Intel are working

together to put SEGA’s premium IP on to AppUp.” Intel IDF 2010
Demand Realised

“Seven OEMs are going to be shipping our notebooks with our Echo Peak

technology in the first quarter of this year.” Intel IDF 2008
Demand Forward

Notes: Each row is a sentence as it appears in the official transcript, with the classification the model

assigned to it.

Let 𝑁Side

𝑒 count statements classified as capability or demand, excluding context.

Define

𝐶𝑒 =
𝑁

Capability

𝑒

𝑁Side

𝑒

, 𝐹𝑒 =
𝑁

Capability,Future

𝑒

𝑁Side

𝑒

, 𝑃𝑒 = 𝐶𝑒 − 𝐹𝑒 . (2)

𝐶𝑒 measures total capability content, 𝐹𝑒 promised capability, and 𝑃𝑒 the residual capa-

bility share. Interpreting 𝑃𝑒 as delivered capability requires horizon labels to exhaust

the capability category.

All three measures use the same denominator. The demand share is 1 − 𝐶𝑒 .

The share of all forward-looking statements, which includes future demand, is a

different measure and does not enter 𝐹𝑒 in the main specification. Shares describe the

composition of statements, not the composition of the unexpected information priced

by investors.

The baseline content regressions use qualifying transcripts associated with the

15



screened event sample, subject to each outcome’s availability. For days containing

multiple keynotes I average the shares. Question-and-answer sessions appended to

prepared keynotes are excluded from the content calculation. Table 2 reports the

available transcript-level descriptive statistics. Capability statements account for a

mean share of 0.734 among capability and demand statements. Promised capability

has a mean share of 0.095.

Table 2: The information content of keynote news

Mean S.D. p10 Median p90 Max

Shares of a keynote’s news sentences
Capability, 𝐶𝑒 0.734 0.130 0.531 0.751 0.882 0.992

Demand 0.266 0.130 0.118 0.249 0.469 0.616

Context 0.173 0.091 0.075 0.151 0.284 0.611

Forward-looking, all roles 0.135 0.070 0.058 0.126 0.222 0.365

Promised capability, 𝐹𝑒 0.095 0.057 0.030 0.085 0.173 0.267

Underlying counts
News sentences 169 104 63 150 288 688

Capability + demand 143 92 50 116 254 580

All sentences 610 330 250 540 976 2,510

News rate 0.275 0.082 0.187 0.273 0.372 0.517

Notes: Capability and demand shares sum to one. The all-roles forward-looking share uses capability

plus demand as its denominator and includes both roles in its numerator; promised capability restricts

the numerator to future capability. Context is reported as a share of all news statements.

5 The effect of tech news on macroeconomic expectations

5.1 The surprise on its own

I first estimate the association between conference-day sector returns and changes

in dividend-futures prices and inflation-swap rates. Let 𝑧𝑡 equal the sector return on

an event day and zero otherwise. For maturities 𝑚 = 1, . . . , 10,

Δ𝑦𝑚,𝑡 = 𝛼𝑚 + 𝛽𝑚𝑧𝑡 + Γ′𝑚𝑋𝑡 + 𝜀𝑚,𝑡 , (3)

where𝑋𝑡 contains weekday indicators and one lag of the outcome. I use heteroskedasticity-

robust standard errors and each contract’s available daily history. Inflation swaps begin

in July 2004 and dividend futures in November 2015. The swap regressions contain

101–109 event days and the dividend regressions 64–68, depending on maturity.

𝛽𝑚 is the change in the outcome associated with a one-percentage-point sector

return on an event day. It does not compare that loading with the corresponding

loading on non-event days. Consequently, it can reflect ordinary comovement between

the semiconductor index and the outcome as well as conference information.
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Figure 4: The response to a keynote-day index return, with no content split.
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Inflation swaps

Notes: Each panel plots 𝛽𝑚 from equation (3) against the contract’s maturity, with 90 per cent heteroskedasticity-

robust confidence intervals; filled markers are the maturities at which the interval excludes zero. Left:

dividend futures, in per cent per percentage point of index return, on 2,414 to 2,724 trading days of which

64 to 68 carry a keynote. Right: inflation swaps, in basis points per percentage point, on 5,439 to 5,660

trading days of which 101 to 109 carry a keynote. Of the 112 keynote trading days within the inflation-

swap study window, 101–109 enter each maturity-specific regression, depending on the availability of

current and lagged outcome data. Each contract is estimated over its own quoted history: the dividend

futures from November 2015, the swaps from July 2004. The regressor is the series of Figure 2 placed on

the full trading calendar with a value of zero on days without a keynote.

Table 3: The keynote-day return on its own

Maturity (years)

1 2 3 5 7 10

Panel A. Dividend futures (per cent per percentage point)

Keynote-day return 𝑧𝑡 (𝛽𝑚) 0.036
∗∗

0.079
∗∗∗

0.077
∗∗∗

0.055
∗∗

0.059 0.140
∗∗∗

(0.016) (0.021) (0.027) (0.027) (0.038) (0.048)

Observations 2,450 2,702 2,724 2,718 2,448 2,414

Keynote days 64 68 68 68 64 64

Panel B. Inflation swaps (basis points per percentage point)

Keynote-day return 𝑧𝑡 (𝛽𝑚) 0.630
∗∗

0.418 0.108 0.117 0.068 0.055

(0.306) (0.272) (0.224) (0.218) (0.191) (0.177)

Observations 5,523 5,439 5,589 5,557 5,603 5,657

Keynote days 104 101 105 107 106 106

Notes: Estimates of 𝛽𝑚 from equation (3), corresponding to Figure 4. Each maturity uses its available daily

history, with weekday indicators and one lag of the outcome. The regressor equals zero on non-event

days. Heteroskedasticity-robust standard errors are in parentheses;
∗
,
∗∗

, and
∗∗∗

denote significance at

the 10, 5, and 1 per cent levels. Dividend-futures data begin in November 2015 and inflation-swap data

in July 2004. Sample sizes vary across maturities because current and lagged outcome data must both be

available. Six of ten maturities are reported.

Figure 4 and Table 3 show contrasting patterns across the two markets. Dividend-

futures prices respond positively to conference-day semiconductor returns throughout

the term structure: the estimated response rises from 0.036 per cent at one year to 0.140

per cent at ten years per percentage point of sector return. inflation expectations re-

sponds positively at the front end, with a one-year coefficient of 0.63 basis points,
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significant at the five per cent level, but the estimates are smaller and not statistically

significant at longer maturities. This attenuation does not simply reflect greater uncer-

tainty: the standard error falls from 0.306 basis points at one year to 0.177 at ten years.

The ten-year 90 per cent confidence interval, approximately [−0.24, 0.35], excludes a

response as large as the one-year point estimate, although a formal cross-maturity

comparison requires a direct test. The pooled return therefore captures a broad posi-

tive dividend response without a comparable response along the inflation-swap curve.

I next examine whether disclosure content helps explain the contrasting responses.

5.2 Adding what the keynote was about

Section 4.2 assigns each classified keynote two shares over one denominator, the

capability and demand statements it makes. The capability share 𝐶𝑒 is the fraction

of that denominator that is capability news rather than demand news. The forward-

looking share 𝐹𝑒 is the fraction that is capability the firm says it will have rather than

capability it already demonstrates, so that 𝐶𝑒 = 𝑃𝑒 + 𝐹𝑒 splits total capability content

into a delivered part and a promised part. Writing 𝑍𝐶
𝑑
= 𝑧𝑑𝐶𝑑 and 𝑍𝐹

𝑑
= 𝑧𝑑𝐹𝑑 for the

two interacted regressors and 𝐶𝑑, 𝐹𝑑 for the day’s mean shares, equation (3) becomes

Δ𝑦𝑚,𝑡 = 𝛼𝑚 + 𝛽𝑚𝑧𝑡 + 𝛾𝑚𝑍
𝐶
𝑡 + 𝛿𝑚𝑍

𝐹
𝑡 + 𝜃𝑚𝐶𝑡 + 𝜙𝑚𝐹𝑡 + Γ′𝑚𝑋𝑡 + 𝜀𝑚,𝑡 , (4)

estimated on the same calendar, with the same controls and the same standard errors,

so that the only difference from Section 5.1 is the four content terms. Setting 𝛾𝑚 =

𝛿𝑚 = 𝜃𝑚 = 𝜙𝑚 = 0 returns equation (3) exactly. The content-level terms allow

average outcome changes to vary with disclosure composition, separately from how

composition changes the loading on the event surprises. All event-specific regressors

equal zero on non-keynote days.

Since𝐶𝑑 = 𝑃𝑑+𝐹𝑑, the return terms can be written as 𝛽𝑚𝑧𝑑+𝛾𝑚𝑧𝑑𝑃𝑑+(𝛾𝑚+𝛿𝑚)𝑧𝑑𝐹𝑑.
Thus 𝛾𝑚 measures the change in the return response when delivered capability replaces

demand statements, holding promised capability fixed. 𝛿𝑚 measures the shift from

delivered to promised capability at a fixed total capability share. The promised-

capability gradient relative to demand is 𝛾𝑚 + 𝛿𝑚 . Estimating both terms jointly allows

us to distinguish these margins and calculate the uncertainty of their contrasts.
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Figure 5: Capability against demand, and delivered against promised.
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m: capability that already works, against demand
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Notes: 𝛾𝑚 (left) and 𝛿𝑚 (right) from equation (4), estimated jointly, one regression per maturity on the

full daily trading calendar from July 2004. 𝛾𝑚 is the change in the response to one percentage point of

index return when the capability share rises by one, holding the forward-looking share fixed, so it raises

the delivered-capability share and lowers the demand share. 𝛿𝑚 = 𝛾𝐹𝑚 −𝛾𝑃𝑚 holds total capability content

fixed and shifts it from delivered to promised. Bars are 90 per cent heteroskedasticity-robust confidence

intervals; filled markers are the maturities at which the interval excludes zero.

Delivered capability and the horizon shift have different implications for inflation

expectations. Figure 5 shows that replacing demand with delivered capability raises

the response at longer maturities. The gradient is 3.63 basis points at five years, 4.55

at seven, and 3.89 at ten. The response is concentrated beyond four years, where the

confidence intervals exclude zero. Only the inflation swaps are drawn: on dividend

futures 𝛾𝑚 is indistinguishable from zero at all ten maturities and 𝛿𝑚 at nine of the ten,

and Panel A of Table 4 reports them.

Shifting capability from delivered to promised moves inflation expectations in

the opposite direction. The horizon contrast is negative throughout the curve and

statistically significant from two years onward. At five years it is −6.90 basis points.

Because these effects describe a unit change in a content share, I next translate them

into responses at content profiles observed in the sample.

I then evaluate𝑅𝑚(𝐶, 𝐹) = 𝛽𝑚+𝛾𝑚𝐶+𝛿𝑚𝐹 at two profiles drawn from the observed

daily content distribution. The mean of the eleven days in the top decile of delivered

capability is (𝐶, 𝐹) = (0.891, 0.062). The corresponding profile for promised capability

is (0.680, 0.209). Standard errors use the full covariance matrix of (𝛽𝑚 , 𝛾𝑚 , 𝛿𝑚). I

evaluate responses at observed content profiles rather than at the polar cases 𝑃 = 1

or 𝐹 = 1. These cases would describe keynotes composed entirely of delivered or

promised capability statements, respectively, with no demand content. Neither occurs

in the sample, and evaluating the fitted response there would require substantial

extrapolation beyond the observed content distribution, particularly for promised

capability. The profiles below instead provide empirically grounded comparisons.

These profiles differ in total capability content as well as its horizon. Their response

difference is 𝑅𝑚(0.891, 0.062) − 𝑅𝑚(0.680, 0.209) = 0.211𝛾𝑚 − 0.147𝛿𝑚 up to rounding
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of the evaluation points. It tests a difference between these two profiles; 𝛿𝑚 separately

tests the horizon margin holding total capability fixed. The coefficient 𝛽𝑚 cancels from

the profile difference. Its level refers to 𝐶 = 𝐹 = 0, outside the observed capability

range, so I do not interpret it on its own.

Figure 6: The net response at the top tenth of each cut.
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Notes: Fitted response 𝛽𝑚 + 𝛾𝑚𝐶 + 𝛿𝑚𝐹 with 90 per cent confidence intervals computed from the full

covariance matrix. Top row: mean content of the eleven days in the top decile of delivered capability,

(𝐶, 𝐹) = (0.891, 0.062). Bottom row: top decile of promised capability, (0.680, 0.209). Each is compared

with the sample-mean profile. The profiles select evaluation points; the regressions use all available event

days for each contract. These comparisons change more than one content margin and are not separate

estimates of 𝛾𝑚 or 𝛿𝑚 . Left: inflation swaps; right: dividend futures. Appendix F adds the bottom

deciles.

Figure 6 translates the content effects into responses at observed content pro-

files. The left-hand panels show a clear separation in inflation compensation. At the

delivered-capability profile, the response is positive and most pronounced at medium

and long maturities, whereas at the promised-capability profile it turns negative be-

yond the shortest maturity. Relative to the sample-mean profile shown in grey, the

two profiles move longer-horizon responses in opposite directions. At five years, a

one-percentage-point sector return is associated with an increase of 0.87 basis points

at the delivered-capability profile and a decline of 0.91 basis points at the promised-

capability profile. Their difference is 1.78 basis points and significant at the one per
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cent level (Table 4).

Table 4: The surprise, the capability share and the forward share

Maturity (years)

1 2 3 5 7 10

Panel A. Dividend futures (per cent per percentage point)

Surprise 𝑧𝑑 0.058 -0.004 0.022 0.064 0.096 0.240

(0.133) (0.149) (0.192) (0.191) (0.240) (0.314)

×𝑍𝐶
𝑑

(realised, against demand: 𝛾𝑃
𝑚) -0.019 0.104 0.049 0.023 -0.061 -0.094

(0.192) (0.211) (0.259) (0.264) (0.311) (0.403)

×𝑍𝐹
𝑑

(promised less realised: 𝛿𝑚) -0.072 0.103 0.256 -0.247 0.091 -0.382

(0.205) (0.326) (0.417) (0.282) (0.361) (0.383)

Capability share 𝐶𝑑 -0.163* -0.109 -0.165 -0.065 -0.051 0.082

(0.086) (0.112) (0.131) (0.184) (0.166) (0.188)

Forward share 𝐹𝑑 1.120* 0.573 0.876 -0.400 0.570 -0.457

(0.602) (0.897) (1.101) (1.671) (0.917) (1.315)

Derived: the net response 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹 at each evaluation point, and their difference.
At a realised-heavy keynote (𝐶 = 0.89, 𝐹 = 0.06) 0.037 0.095** 0.082* 0.069 0.047 0.133*

(0.041) (0.046) (0.049) (0.051) (0.063) (0.077)

After a forward-heavy keynote (𝐶 = 0.68, 𝐹 = 0.21) 0.031 0.088* 0.109 0.028 0.073 0.097**

(0.030) (0.050) (0.067) (0.046) (0.048) (0.045)

Difference (realised less forward) 0.007 0.007 -0.027 0.041 -0.026 0.036

(0.055) (0.069) (0.082) (0.080) (0.080) (0.096)

Observations 2,450 2,702 2,724 2,718 2,448 2,414

Keynote days 64 68 68 68 64 64

Panel B. Inflation swaps (basis points per percentage point)

Surprise 𝑧𝑑 2.103 0.921 -0.164 -1.934* -2.744*** -2.409***

(1.723) (1.554) (1.165) (1.095) (0.696) (0.728)

×𝑍𝐶
𝑑

(realised, against demand: 𝛾𝑃
𝑚) -1.688 0.079 1.004 3.628** 4.546*** 3.893***

(2.291) (2.096) (1.694) (1.627) (1.042) (1.086)

×𝑍𝐹
𝑑

(promised less realised: 𝛿𝑚) -3.341 -7.409** -5.591** -6.898*** -5.739*** -4.040*

(2.505) (3.114) (2.582) (2.344) (1.883) (2.133)

Capability share 𝐶𝑑 -0.516 -1.982* -1.905** -1.487* -0.970 -0.893

(1.275) (1.080) (0.945) (0.847) (0.716) (0.692)

Forward share 𝐹𝑑 1.713 13.259** 14.357*** 9.172** 5.667 5.936

(7.229) (6.100) (5.334) (4.649) (4.460) (4.116)

Derived: the net response 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹 at each evaluation point, and their difference.
At a realised-heavy keynote (𝐶 = 0.89, 𝐹 = 0.06) 0.392 0.532 0.383 0.870** 0.950*** 0.809***

(0.456) (0.436) (0.420) (0.409) (0.267) (0.269)

After a forward-heavy keynote (𝐶 = 0.68, 𝐹 = 0.21) 0.259 -0.571 -0.648 -0.907** -0.852*** -0.606*

(0.366) (0.472) (0.427) (0.360) (0.308) (0.337)

Difference (realised less forward) 0.133 1.103* 1.032* 1.778*** 1.802*** 1.415***

(0.640) (0.627) (0.528) (0.522) (0.410) (0.442)

Observations 5,523 5,439 5,589 5,557 5,603 5,657

Keynote days 104 101 105 107 106 106

Notes: Each maturity is estimated on its available daily history, with weekday indicators and one lag of

the outcome. Event-built regressors equal zero on non-event days. Heteroskedasticity-robust standard

errors appear in parentheses;
∗
,
∗∗

, and
∗∗∗

denote ten, five, and one per cent significance. 𝑍𝐶
𝑑

= 𝑧𝑑𝐶𝑑

and 𝑍𝐹
𝑑
= 𝑧𝑑𝐹𝑑 . The coefficient on 𝑍𝐶

𝑑
replaces demand with delivered capability holding promised

capability fixed; the coefficient on 𝑍𝐹
𝑑

shifts delivered to promised capability holding total capability

fixed. The promised gradient relative to demand is the sum of the two. Derived responses and their

differences use the full covariance of (𝛽𝑚 , 𝛾𝑚 , 𝛿𝑚). Evaluation points are rounded in the row labels. The

profile difference changes both content margins; it is distinct from the conditional horizon test. Six of ten

maturities are reported.

The contrast extends across the term structure: the profile difference is signifi-
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cant at ten per cent from two through ten years. The content interactions therefore

uncover opposing responses that are obscured when the return enters alone. The

maturity-specific estimates describe one correlated curve; their confidence intervals

are pointwise.

The right-hand panels show a different pattern. Dividend-futures responses are

positive at both profiles, and neither profile differs systematically from the sample-

mean response across maturities. The directly estimated difference between the two

profiles is not statistically significant at any maturity. Interpreting dividend-futures

prices as indicators of growth expectations, both profiles are associated with a positive

growth outlook; the distinction between them lies more clearly in inflation expecta-

tions.

The joint responses suggest different economic interpretations. At the delivered-

capability profile, positive growth expectation responses accompany higher inflation

expectations, a pattern consistent with news about stronger anticipated demand. At

the promised-capability profile, positive growth expectation responses accompany

lower inflation expectations, consistent with news about future supply expansion or

lower production costs. Section 7 discusses these interpretations further in relation to

existing evidence.

5.3 The post-2015 subsample

To assess whether the main findings extend to the AI era, we re-estimate equa-

tion (4) using observations from 2015 onwards. This period captures the growing

prominence of AI, accelerated computing, and data-centre infrastructure in semicon-

ductor disclosures. The exercise examines whether the content-dependent inflation

responses remain present in this environment, providing evidence relevant to the

macroeconomic implications of AI-related technological change. The date restriction

defines a broad technological period, rather than identifying AI-specific announce-

ments.

We restrict the entire estimation panel, including both event and non-event days,

to dates on or after 1 January 2015. The specification, controls, surprise measure, and

content classifications remain unchanged. The later window contains 73 of the 112

baseline event days, before outcome-specific availability restrictions. We retain the full-

sample delivered- and promised-capability evaluation points, (𝐶, 𝐹) = (0.891, 0.062)
and (0.680, 0.209), so that comparisons reflect changes in the estimated coefficients

rather than changes in the content composition at which responses are evaluated. The

corresponding subsample-specific top-decile averages are similar, at approximately

(0.88, 0.04) and (0.69, 0.23), and yield the same qualitative interpretation.
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Figure 7: Inflation-compensation responses: post-2015 and full samples
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Notes: Fitted responses 𝛽𝑚 + 𝛾𝑚𝐶 + 𝛿𝑚𝐹 at the baseline delivered- and promised-capability evaluation

points, in basis points per percentage point of sector return. Hollow markers denote the full sample

and filled markers the post-2015 sample, covering 112 and 73 event days before outcome matching. Bars

denote 90 per cent confidence intervals based on the full robust coefficient covariance matrix.

Figure 7 shows that the later sample preserves the baseline direction of the in-

flation responses. Beyond the one-year maturity, the fitted response remains positive

for delivered-capability-heavy keynotes and negative for promised-capability-heavy

keynotes. Despite the smaller event sample, the difference between the two responses

remains statistically significant from two through ten years. The content-dependent

inflation pattern is therefore also present in the later period and is not solely driven by

the earlier conferences.

The differences concern the shape and magnitude of the response across maturi-

ties. At the short end, the delivered-capability gradient 𝛾𝑚 becomes more positive: its

post-2015 estimates are 3.34 at one year and 3.79 at two years. The delivered-minus-

promised response difference rises from 0.13 to 1.17 basis points at one year and from

1.10 to 1.40 basis points at two years. At longer maturities, some content interaction

coefficients are smaller in absolute value. The horizon contrast 𝛿𝑚 changes from −6.90

to −4.46 at five years, while 𝛾𝑚 changes from 4.55 to 3.17 at seven years. The central

sign pattern thus persists, although the estimated term structure is flatter in the later

sample. These comparisons describe point-estimate differences rather than formal

tests of parameter stability.

Dividend-futures data begin in November 2015, so restricting the panel to dates

from January 2015 does not shorten their available history. Figure 21 therefore provides

a reference comparison rather than an independent subsample robustness test. The

dividend results retain the baseline interpretation: fitted responses are positive at both

23



content evaluation points. Appendix D reports the underlying coefficients by maturity.

6 Financial repricing and subsequent economic outcomes

The preceding section documents how disclosure content shapes the repricing of

dividend futures and inflation swaps and thus economic growth expectations and in-

flation expectations. I now extend the analysis in two directions. First, I examine how

repricing is distributed across sectoral equity portfolios. Second, monthly local pro-

jections trace subsequent prices, production, investment, and labour-market outcomes

over a two-year horizon.

6.1 Cross-sectoral equity repricing

This section examines the distribution of equity repricing across sectors. It uses

a market-adjusted event surprises, and controls for the contemporaneous market re-

turn to reduce common market exposure. The baseline studies the macroeconomic

implications of semiconductor technology news. Because such news can affect both

semiconductor stocks and the broader market, subtracting the market return would

remove part of the response of interest. I therefore use raw semiconductor returns in

the baseline. This section asks a different question: which sectors reprice beyond their

usual exposure to market movements? Therefore, I use abnormal semiconductor re-

turns and control for the contemporaneous market return in each portfolio regression

to address that question.

I collect daily price series for ETFs covering semiconductors, AI and robotics,

software, internet, and real estate, spanning technology producers, downstream ap-

plications, and related sectors such as property markets connected to data-centre in-

vestment. I also constructed Semix, which is not a purchasable fund. it is the twenty-one

listed semiconductor names — the universe this paper uses wherever a semiconductor

peer group is needed — equal-weighted, with the presenting firm removed event by

event. It is carried because every semiconductor index contains the presenter.

24



Figure 8: Cross-sectional equity repricing on keynote days
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Notes: Each marker is the net response 𝑏𝑝 + 𝛾𝑝𝐶 at 𝐶 = 0.891 from a separate estimation of

equation (5), in per cent per percentage point of abnormal index return. Bars are ninety per

cent confidence intervals from heteroskedasticity-robust standard errors computed from the

full covariance block. The surprise is the semiconductor index’s abnormal return over the pair

of closes the keynote is priced into and is zero on every other trading day; the market’s own

same-day return is a regressor. Colours group the funds by block.

I then estimate the same specification for each of the exchange-traded funds in the

price dataset,

𝑟𝑝,𝑑 = 𝑎𝑝 + 𝑏𝑝𝑧𝑑 + 𝛾𝑝 (𝑧𝑑𝐶𝑑) + 𝜗𝑝𝐶𝑑 +Λ′
𝑝𝐷𝑑 + 𝜌𝑝𝑟𝑝,𝑑−1 + 𝛽𝑝𝑟

mkt

𝑑
+ 𝑢𝑝,𝑑 , (5)

where 𝑟𝑝,𝑑 is the fund’s log price change in per cent, 𝐶𝑑 is the day’s capability share,

𝐷𝑑 is four day-of-week indicators, and 𝑟mkt

𝑑
is the market’s own same-day return.

The reported quantity is the net response 𝑏𝑝 + 𝛾𝑝𝐶, evaluated at 𝐶 = 0.891, the total

capability share of the delivered-capability profile in Section 5.2. Standard errors are

heteroskedasticity-robust, and the net response’s standard error is computed from the

full covariance block.

As I can see in Figure 8, equity repricing is largest and significant in portfolios

closest to the semiconductor industry. All seven semiconductor portfolios have positiv

responses, ranging from 0.86 to 1.07 per cent per percentage point of abnormal sector

return. The presenter-excluded portfolio responds by 0.86 per cent, indicating that the

association extends beyond the announcing firm’s own equity.
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The response is relatively smaller but still significantly positive in the five AI-

themed funds, between 0.36 and 0.53 per cent. Broader technology funds form the next

group: all six funds have significant responses between 0.23 and 0.33 per cent. Three

real-estate funds move in the opposite direction, with significant declines between 0.24

and 0.41 per cent.

The estimated responses are largest in semiconductor portfolios, followed by AI-

themed and broader technology funds. Some real-estate funds move in the opposite

direction. This ordering is consistent with repricing concentrated near the technology

producers. Data-centre investment links computing advances to property, equipment,

and electricity demand. The broad fund comparison above describes national equity

repricing rather than investment in particular facilities. It therefore leaves the local and

longer-run effects of data-centre construction outside the scope of this cross-section.

6.2 Subsequent economic outcomes

The preceding section examines how markets reprice claims on future outcomes

when technology information is disclosed. I now ask what follows in realized prices,

production, and investment. Monthly local projections trace subsequent outcomes

associated with the same event surprisess and content profiles. This exercise comple-

ments the daily evidence at a different frequency and over a two-year horizon.

Having examined contemporaneous financial repricing, I turn to subsequent eco-

nomic outcomes. Monthly local projections trace the responses associated with the

same event surprisess and content profiles over the following two years.

I firstly aggregate the baseline event surprises using the within-month weights

of Ottonello and Winberry (2020), as applied to high-frequency surprises by Drechsel

and Miura (2025). An event’s weight 𝑤𝑑 is the share of the month remaining after day

𝑑. The return interactions are 𝑍𝑃
𝑚 =

∑︁
𝑑∈𝑚 𝑤𝑑𝑧𝑑𝑃𝑑 and 𝑍𝐹

𝑚 =
∑︁

𝑑∈𝑚 𝑤𝑑𝑧𝑑𝐹𝑑. The 112

event days occur in 82 distinct months. The content-level controls 𝑃𝑚 and 𝐹𝑚 capture

the month’s content composition.

For each outcome 𝑦 and each horizon ℎ = 0, . . . , 24 months,

100

(︁
log 𝑦𝑚+ℎ − log 𝑦𝑚−1

)︁
= 𝑎ℎ + 𝑏ℎ𝑧𝑚 + 𝑔𝑃

ℎ
𝑍𝑃
𝑚 + 𝑔𝐹

ℎ
𝑍𝐹
𝑚 + 𝜗𝑃

ℎ
𝑃𝑚 + 𝜗𝐹

ℎ
𝐹𝑚

+∑︁
3

𝑗=1
𝜌ℎ,𝑗 100

(︁
log 𝑦𝑚−𝑗 − log 𝑦𝑚−𝑗−1

)︁
+ 𝜆GFC

ℎ
𝐷GFC

𝑚 + 𝜆C

ℎ
𝐷C

𝑚 + 𝜅ℎ𝐷
Conf

𝑚 + 𝜀𝑚+ℎ ,
(6)

where 𝑍𝑃
𝑚 =

∑︁
𝑑∈𝑚 𝑤𝑑𝑧𝑑𝑃𝑑 and 𝑍𝐹

𝑚 =
∑︁

𝑑∈𝑚 𝑤𝑑𝑧𝑑𝐹𝑑 weight the surprise by the realised

and forward-looking capability shares of Section 4.2, 𝑃𝑚 and 𝐹𝑚 are the month’s mean

shares, and 𝐷GFC

𝑚 and 𝐷C

𝑚 are indicators for 2008–09 and for the pandemic and 𝐷Conf

𝑚

for a month containing a keynote. The logs are dropped, and the same equation

estimated on level differences, for any series already quoted as a rate or a spread and

for any series taking a non-positive value: the federal funds rate, Treasury yields, the
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inventory-to-sales ratio and the survey and uncertainty indices are estimated that way,

and core CPI, the producer price indices, industrial production, employment, orders

and business-equipment production in logs. The lag block contains three monthly

changes in the same transformation as the outcome. Crisis indicators enter additively

rather than as slope interactions. Standard errors are Newey–West at ℎ + 1 lags and

the sample begins in January 2003. The event screens and content measures follow

Sections 4 and 4.2.

Both capability shares enter jointly, so each interaction is conditional on the other.

I report the net response

netℎ(𝑃, 𝐹) = 𝑏ℎ + 𝑔𝑃
ℎ
𝑃 + 𝑔𝐹

ℎ
𝐹, Var(netℎ) = 𝑎′𝑉ℎ𝑎, 𝑎 = (1, 𝑃, 𝐹)′ , (7)

where 𝑉ℎ is the covariance block for the three return coefficients. The evaluation

points are (𝑃, 𝐹) = (0.829, 0.062) and (0.471, 0.209), as in Section 5. They lie within the

observed content distribution. The figures report each profile’s response and do not

provide a direct test of the difference between the profiles.

6.2.1 From expectations to realised inflation and economic growth

At the delivered-capability profile, both aggregate responses are positive. Core

CPI is approximately unchanged at six months and rises by 0.13 per cent at one year

and 0.29 per cent at two years. Industrial-production estimates are also positive. The

monthly evidence therefore provides a clearer price–quantity pattern at the promised

profile than at the delivered profile. Lower core prices alongside higher output are

consistent with an expansion in productive capacity.

The promised-capability profile is associated with lower core prices and higher

production. In Figure 9, core CPI declines gradually, by 0.11 per cent at six months and

0.54 per cent at two years. Industrial production rises by 1.25 per cent at six months

and 1.72 per cent at one year before returning to 1.25 per cent at two years.

At comparable horizons, the monthly outcomes closely align with the earlier

expectations evidence. At the delivered-capability profile, the one- and two-year

inflation-swap responses and subsequent core-price responses are positive, although

statistically insignificant. Dividend-futures and industrial-production point estimates

are also positive, with stronger statistical evidence at second-year horizons. At the

promised-capability profile, the negative two-year inflation-swap response and pos-

itive dividend-futures response align with subsequent declines in core prices and

increases in production, with stronger statistical evidence at second-year horizons.

These patterns provide complementary evidence of consistency between market ex-

pectations and subsequent economic outcomes.
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Figure 9: Core prices and output after the two kinds of keynote.
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Notes: Monthly local projections from equation (6), with Newey–West standard errors at ℎ + 1 lags.

Responses are per percentage point of event surprises, with 68 and 90 per cent pointwise intervals. Top

row: (𝑃, 𝐹) = (0.829, 0.062); bottom row: (0.471, 0.209). Standard errors use the full covariance matrix.

The rows show fitted responses at distinct content profiles; a test of their difference requires a direct

covariance-based contrast. Filled markers indicate five per cent significance.

Figure 10 examines semiconductor producer prices. At the delivered-capability

speeches, prices decline over the first several months before recovering. Together with

the positive subsequent core-CPI point estimates, this pattern is consistent with sec-

toral price declines coexisting with broader price increases: improvements in comput-

ing capability may lower prices within the semiconductor industry while supporting

demand elsewhere in the economy. At the promised-capability profile, semiconductor-

price point estimates are negative at most horizons, alongside the decline in core CPI.

28



Figure 10: Semiconductor producer prices by contents
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Notes: Monthly local projections from equation (6) for the semiconductor producer price index, in log

changes expressed in per cent per percentage point of event return. Left: (𝑃, 𝐹) = (0.829, 0.062); right:

(𝑃, 𝐹) = (0.471, 0.209). Shaded areas show 68 and 90 per cent pointwise confidence intervals, using

Newey–West standard errors with ℎ + 1 lags and the full covariance matrix of the return coefficients.

6.2.2 Inputs: orders, equipment and labour

To explore the mechanisms behind these responses, I examine capital-goods or-

ders, equipment production, and labour-market activity. News about improvements

in technology may stimulate investment as firms anticipate the benefits of adopting

them. Firms may order complementary equipment and adjust labour inputs before

these investments translate into greater productive capacity.

Capital-goods orders increase at both content profiles. Figure 11 shows an esti-

mated rise of 1.66 per cent at six months after the delivered-capability profile, increas-

ing to 2.01 per cent at one year and 2.82 per cent at two years. Orders also rise at the

promised profile, by 2.15 per cent at six months. The positive responses are statistically

significant over substantial portions of both paths. Higher orders are consistent with

firms adjusting expenditure in response to technological opportunities, whether the

capability is already available or forthcoming.

Business-equipment production is broadly consistent with the increase in core

capital-goods orders, with positive point estimates at most horizons under both con-

tents even though the effects are not significant. Some second-year responses are

significant at the delivered-capability profile.
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Figure 11: Investment after the two kinds of keynote.
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Notes: As Figure 9; top row realised-heavy, bottom row forward-heavy. New orders are for nondefense

capital goods excluding aircraft and business-equipment production is an index in logs, both in log

changes in per cent.

Figure 12 provides further evidence of adjustments in labour inputs. At the

promised-capability profile, machinery-manufacturing employment rises gradually

and remains elevated during the second year. The quits rate also increases, while

manufacturing hours respond more quickly, rising during the first year before moder-

ating. This timing is consistent with firms initially increasing hours and subsequently

expanding employment. At the delivered-capability profile, employment and hours

are also mostly positive, but employment is less significant estimated and the quits-rate

response is small and statistically insignificant. But both of the two content profiles

provide suggestive evidence of broader labour-market expansion.

Taken together, the increases in capital-goods orders at both profiles, alongside

mostly positive equipment-production estimates, are consistent with an investment

channel through which firms respond to technological opportunities. At the promised-

capability profile, stronger labour-market activity provides further evidence of ad-

justments in productive inputs. These patterns support the investment and input-

adjustment interpretation.
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Figure 12: Labour responses by contents
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Notes: Monthly local projections from equation (6). Left: delivered-capability profile, (𝑃, 𝐹) = (0.829, 0.062);
right: promised-capability profile, (𝑃, 𝐹) = (0.471, 0.209). Responses are per percentage point of event

return. Machinery-manufacturing employment is expressed as a log change in per cent; the quits rate

and average weekly hours enter in level differences, measured in percentage points and hours, respec-

tively. Shaded areas show 68 and 90 per cent pointwise confidence intervals, using Newey–West standard

errors with ℎ + 1 lags and the full covariance matrix of the return coefficients. Filled markers indicate

significance at the five per cent level.

7 Interpreting the results relative to existing evidence

7.1 The sign of the inflation response to technology news

The existing literature documents mixed inflation responses to favorable technol-

ogy news (Table 5). Barsky and Sims (2011) and Barsky, Basu and Lee (2015) find
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Table 5: Macroeconomic Responses to Positive Technology News

Study Inflation Investment Real

GDP

Hours Interpretation

Barsky and Sims

(2011)

↓ ↓ impact ↓
impact

↓
impact

Expected future productivity gains →
Lower expected marginal costs →
Disinflation.

Barsky, Basu and

Lee (2015)

↓ ↓ impact;

↑ later

↑ later ↓
impact;

↑ later

Expected future price declines → Delayed

spending → Lower marginal costs →
Disinflation.

Ahmed and Farah

(2022)

↓ ↑ ↑ ↑ Future IT news stimulates investment and

activity; inflation falls in an extended

specification.

Cascaldi-Garcia

and Vukotić (2022)

↑ ↑ ↑ ↑ Patent-based news → Economic expansion

and higher inflation, consistent with NK

models.

Aldasoro et al.

(2024)

(Unanticipated)

↓
initially

↑ ↑ — Productivity gains → Supply expansion →
Lower inflation initially.

Aldasoro et al.

(2024)

(Anticipated)

↑
initially

Delayed;

↑ later

↑ grad-

ually

— Expected future income → Current

consumption demand → Higher inflation.

Evgenidis and

Fasianos (2025)

Insignificant ↑ ↑ ↑ AI news raises productivity and activity,

with no significant inflation response.

Notes: Arrows summarize reported responses, not significance at every horizon. Aldasoro et al. (2024) present model

simulations. Ahmed and Farah (2022) report inflation in an extended specification. The inflation measures and

identification methods differ across studies.

disinflationary responses to news about future productivity improvements. Simi-

larly, Ahmed and Farah (2022) show that future IT news raises investment, output,

and labor input while reducing inflation in an extended specification. These find-

ings closely resemble our promised-capability results, where growth prospects and

subsequent capital-goods orders increase while inflation expectations declines. In

contrast, Cascaldi-Garcia and Vukotić (2022) find that patent-based technology news

raises inflation alongside economic activity, resembling our delivered-capability re-

sults. Importantly, patent news also contains information about future technological

progress. Thus, even news about future productivity improvements can generate

inflation responses of opposite signs.

One explanation concerns the relative strength and timing of anticipated de-

mand expansion and improvements in productive capacity. Expectations of higher

future productivity may lower anticipated marginal costs and inflation Barsky and

Sims (2011); Barsky, Basu and Lee (2015). At the same time, favorable technology news

may stimulate consumption, investment, and technology adoption before productivity

gains materialize Beaudry and Portier (2006); Comin, Gertler and Santacreu (2009). Re-
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cent AI models emphasize this tension: Aldasoro et al. (2024) show that unanticipated

productivity improvements can initially lower inflation, whereas anticipated future

improvements may stimulate current demand and raise inflation. Faria-e Castro and

Ozkan (2026) similarly highlight inflationary pressures arising from optimism about

future AI productivity. These mechanisms suggest that the net inflation response

depends on the relative timing of demand and supply adjustments.

Our analysis introduces an observable dimension of technology news relevant to

this balance: the availability horizon of disclosed capabilities. Using pre-scheduled

semiconductor conferences, we distinguish between capabilities already available (de-

livered) and those expected to become available in the future (promised). Both may

convey positive news about future aggregate productivity, but technological avail-

ability need not coincide with the realization of economy-wide productivity gains.

Available technologies may require complementary investment, adoption, and diffu-

sion, while forthcoming technologies may stimulate investment in advance.

Our results reveal contrasting inflation-compensation responses across these dis-

closure profiles. Delivered-capability-heavy surprises raise both dividend-futures

prices and inflation expectations, consistent with adoption-related investment demand

preceding the full realization of productivity gains. Promised-capability-heavy sur-

prises also raise dividend-futures prices but reduce inflation expectations, consistent

with expectations of future productive-capacity expansion and lower production costs.

The semiconductor PPI responses in Table 10 reinforce this interpretation: under the

promised-capability profile, estimated responses remain negative and trend down-

ward over two years, whereas under the delivered-capability profile, they are initially

negative before trending upward. Importantly, capital-goods orders increase under

both profiles. Promised-capability disclosures are also followed by lower core prices,

higher industrial production, and rising manufacturing hours and machinery employ-

ment, while hours responses under the delivered profile are mostly positive. The labor

responses are broadly consistent with Ahmed and Farah (2022) and Cascaldi-Garcia

and Vukotić (2022), potentially reflecting labor requirements associated with invest-

ment and technology adoption. Thus, investment and labor expansion need not imply

higher inflation expectations.

Our contribution is not to establish that future technology news can be disinfla-

tionary, but to show that the availability horizon of disclosed technological capabilities

is associated with opposite inflation-compensation responses within a common dis-

closure setting, even as both profiles support growth prospects and investment. These

findings suggest that information composition may help explain heterogeneous infla-

tion responses in the technology-news literature, potentially reflecting differences in

the relative importance and timing of anticipated demand expansion and productive-

capacity improvements.
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7.2 Mapping the results to the AI–macro literature

The preceding subsection considers why technology news can have different in-

flation implications. I now compare the magnitude of the estimated responses with

the AI–macro literature. I focus on one-, five-, and ten-year horizons, distinguishing

the incremental information in an individual conference disclosure from the broader

economic gains associated with AI adoption.

To express the dividend responses in macroeconomic units, I adopt the illustra-

tive conversion used by Hazell and Hobler (2024), drawing on Gormsen and Koĳen

(2020). I subtract the revision to the expected price level from the nominal dividend re-

sponse and multiply the resulting real-dividend revision by 0.67. Let 𝑑𝑚(𝐶, 𝐹) denote

the fitted nominal dividend response in per cent and 𝜋𝑚(𝐶, 𝐹) the fitted annualised

inflation-swap response in basis points, both per percentage point of sector return.

The approximate GDP-equivalent revision is

ˆ︂Δ𝑌 real

𝑚 (𝐶, 𝐹) ≈ 0.67

[︃
𝑑𝑚(𝐶, 𝐹) − 𝑚 𝜋𝑚(𝐶, 𝐹)

100

]︃
. (8)

Multiplying the inflation response by maturity converts the annualised rate revision

into an approximate cumulative price-level revision. The resulting figures describe

revisions to the expected real GDP level at each horizon, rather than changes in annu-

alised GDP growth.

Table 6 places these magnitudes alongside existing evidence. At the delivered-

capability profile, a one-percentage-point sector return corresponds to approximate

real GDP revisions of 0.022, 0.017, and 0.035 per cent at one, five, and ten years. At the

promised-capability profile, the corresponding revisions are 0.019, 0.049, and 0.105

per cent. The larger medium- and long-horizon real revisions at the promised profile

reflect its negative inflation response, which raises the inflation-adjusted value of the

nominal dividend revision. This arithmetic does not establish statistically significant

differences in real GDP responses.
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Table 6: The estimated magnitudes relative to the AI–macro literature

Study Method Growth-related outcome Inflation-related outcome

This paper Event returns and

disclosure content

Illustrative real GDP revisions

at 1, 5, and 10 years: deliv-

ered profile +0.022, +0.017, and

+0.035 per cent; promised pro-

file +0.019, +0.049, and +0.105

per cent

inflation expectations at 1, 5,

and 10 years: delivered pro-

file +0.39, +0.87, and +0.81

basis points; promised profile

+0.26, −0.91, and −0.61 basis

points

Acemoglu (2025) Task-based cali-

bration

Ten-year TFP gains of 0.53–0.66

per cent; GDP gains of 0.93–1.16

per cent under modest invest-

ment adjustment

Not quantified

Blumenfeld et al.

(2026)

Equity-market

exposures and

a general-

equilibrium

mapping

GDP-level gain of 3.6 per cent,

or 6.5 per cent with an R&D

channel, based on expectations

accumulated through December

2025

Not quantified

Aldasoro et al.

(2024)

DSGE model Positive activity response Direction depends on antic-

ipation: unanticipated gains

disinflationary, anticipated

gains inflationary

Faria-e Castro and

Ozkan (2026)

DSGE model with

technology news

Positive activity response Inflationary through an AI-

optimism demand channel

Görtz, Gunn and

Lubik (2025)

VAR with technol-

ogy news

Positive activity response, peak-

ing near ten years

Demand-like response

Andrews and Far-

boodi (2025), Wild-

ing and Scott (2026)

Event studies of AI

model releases

Declining long-dated yields; a

different payoff from dividend

futures

Not directly comparable

Notes: This paper’s entries are per percentage point of sector return, evaluated at the delivered- and

promised-capability profiles, (𝐶, 𝐹) = (0.891, 0.062) and (0.680, 0.209). GDP-equivalent revisions use

equation (8); inflation entries are revisions to annualised inflation expectations. The GDP conversion

combines point estimates from regressions with different available samples and supplies no separate

significance test. Other studies concern different outcomes, horizons, and economic experiments.

The implied revisions provide an economically meaningful scale for the infor-

mation released around conference keynotes. At the promised-capability profile, a

one-percentage-point sector return corresponds to an illustrative ten-year real GDP re-

vision of approximately 0.11 per cent. For context, Acemoglu (2025) estimates ten-year

GDP gains of 0.93–1.16 per cent, while Blumenfeld et al. (2026) estimate gains of 3.6–6.5

per cent. Our estimate concerns an incremental revision around a disclosure, whereas

these studies quantify broader adoption scenarios or expectations accumulated over

several years. A revision of around one-tenth of a per cent therefore need not be small

in the context of an individual disclosure, even though it is below estimates of AI’s

overall economic gains.

The conversion is illustrative. It assumes that dividend and inflation risk pre-

mia are approximately stable over the event window and that the dividend-to-GDP

relationship used by Hazell and Hobler (2024) applies to these disclosures. Using

the same factor at five and ten years also extends its short-horizon application. Ac-
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cordingly, the table reports GDP-equivalent magnitudes rather than directly estimated

GDP responses.

The Treasury results provide a complementary comparison. At the promised-

capability profile, five- and ten-year TIPS yields fall by approximately 0.70 and 0.75

basis points per percentage point of sector return (Appendix I). Andrews and Farboodi

(2025) also document declining real yields around major AI releases, although differ-

ences in events and normalisation prevent a direct magnitude comparison. Lower

safe real yields need not contradict higher growth expectations implied by dividend

futures, investment, and production: these outcomes differ from the household con-

sumption prospects relevant for safe-asset pricing, and long-term yields also reflect

term and liquidity premia. The present analysis does not distinguish these channels.

8 Heterogeneous identification

In this section, I examine how the results depend on the return window, market

adjustment, and joint issuer–peer repricing. These exercises change the information

captured by the return and, in some cases, the event sample. For the intraday analysis,

the timing and coverage requirements exclude 37 of the 112 baseline event days,

leaving 75 days under both the ninety- and 120-minute windows. I first examine event-

window variance under the alternative measures and then assess the corresponding

macroeconomic-expectation responses.

8.1 Intraday identification

The intraday sample requires an observed return window within 09:30–16:00

Eastern Time. Both window lengths retain 75 event days. Daily–intraday comparisons

therefore combine a change in the return window with a change in event composition.

The number of events entering each outcome regression also depends on contract-price

availability.

Keynotes vary substantially in duration, from approximately thirty minutes to

three hours. I use ninety- and 120-minute windows to capture the main presentation

and its immediate market reception while limiting exposure to other news during the

trading day. The ninety-minute window provides the narrower measure, while the

120-minute window allows more time for announcements and market adjustment.

Fixed windows facilitate comparison across events, although they may extend beyond

shorter keynotes or end before longer presentations conclude.

The intraday surprise replaces the close-to-close return of Section 4.1 with the

SOXX return over a window beginning at the keynote’s recorded start time:

𝑧𝑊𝑒 = 100

[︁
log𝑃SOXX, 𝑡𝑒+𝑊 − log𝑃SOXX, 𝑡𝑒

]︁
, 𝑊 ∈ {90, 120} minutes,
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where 𝑡𝑒 is expressed in Eastern Time. I retain raw sector returns to capture the

broader equity response to the disclosure. A market-adjusted daily measure is reported

separately, allowing us to examine market adjustment and window length as distinct

choices. Narrow windows reduce the opportunity for unrelated information to arrive.

8.1.1 Event-window variance

I first apply the variance diagnostic to market-adjusted daily returns and raw

ninety- and 120-minute returns. Non-event controls are matched by calendar position

and, for intraday returns, by clock time. Before pooling, each event return and its

controls are divided by the standard deviation of that event’s matched control returns.

This accounts for differences in normal volatility across events, so the comparison asks

whether event returns are unusually large relative to their local benchmark.

Figure 13: Event-window variance under alternative return measures
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Notes: Event and matched-control returns under market-adjusted daily, raw ninety-minute, and raw

120-minute measures. Controls match calendar position and, for intraday returns, clock time. Each event

and its controls are scaled by the standard deviation of that event’s matched control returns.

Event-window variance exceeds matched-control variance under all three alter-

natives. The variance ratio is 1.72 for market-adjusted daily returns, 1.77 for ninety-

minute returns, and 2.33 for 120-minute returns. Figure 13 presents the comparisons

and their inference. These results support elevated volatility within the respective

designs.

8.1.2 Macroeconomic-expectation responses

I next estimate equation (4) using each alternative return measure. The specifica-

tion retains the content shares, the full trading calendar with zero event regressors on

non-event days, four weekday indicators, one lag of the dependent variable, and HC1

standard errors.

For Figure 14, I standardize each return measure within its own event sample be-

fore constructing the interactions. Daily returns vary substantially more than ninety-
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and 120-minute returns, so coefficients expressed per percentage point can differ sim-

ply because the measures have different scales. Standardization puts the responses on

a common statistical scale: each is expressed per standard deviation of its own return

measure. Specifically, I subtract the event-sample mean and divide by the event-sample

standard deviation, leaving non-event values at zero. This normalization facilitates

comparison across measures.

The delivered- and promised-capability evaluation points are also selected within

each measure’s event sample. Consequently, daily–intraday comparisons reflect changes

in content evaluation points as well as return construction, coverage, and scaling. Con-

fidence intervals for fitted responses use the full covariance matrix of the return and

interaction coefficients.

Figure 14: Content-dependent responses under alternative surprise measures
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Notes: Fitted responses from equation (4) using raw and market-adjusted daily returns and raw ninety-

and 120-minute returns. Each measure is demeaned and scaled by its event-sample standard deviation;

non-event values remain zero. This measure-level standardization differs from the event-specific control-

volatility scaling in Figure 13. Responses are evaluated at the mean content of the top decile of delivered

and promised capability within each event sample. Daily measures cover 112 event days and intraday

measures 75, before outcome-specific availability restrictions. Confidence intervals use the full covariance

matrix of the return and interaction coefficients. Top row: inflation swaps. Bottom row: dividend futures.

The positive inflation-compensation response at the delivered-capability profile

appears under all four measures. Both daily measures produce positive and statisti-
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cally significant responses over the longer part of the curve. The ninety- and 120-minute

measures also produce positive responses, with confidence intervals excluding zero at

most maturities. The association therefore appears within narrower keynote windows

as well as after daily market adjustment.

At the promised-capability surprises, inflation-expectations point estimates re-

main negative at most maturities across the alternative measures, consistent with the

baseline pattern. The alternative specifications therefore preserve the broad direc-

tion of the baseline response, although statistical significance is weaker. Changes

in event coverage and content evaluation points also contribute to these comparisons.

Dividend-futures responses likewise remain broadly positive, consistent with the base-

line under both contents’ surprises, although their magnitudes and statistical signif-

icance vary across measures. The raw 120-minute measure produces larger positive

responses than the other specifications. Overall, the alternative measures broadly pre-

serve the baseline pattern of positive dividend responses alongside content-dependent

inflation responses, with some estimates becoming statistically insignificant.

8.2 Common versus relative equity repricing

A semiconductor-sector return can reflect information about the industry as a

whole or changes in the competitive positions of individual firms. An announcement

may improve the presenting firm’s outlook while reducing its competitors’ expected

profitability. I therefore examine whether the baseline content-dependent inflation re-

sponse remains present when the presenting firm and its semiconductor peers reprice

in the same direction.

For each keynote, I compare the presenting firm’s abnormal return with the equal-

weighted abnormal return of its semiconductor peers over the same pricing window.

The peer portfolio excludes the presenter. I classify an event as common repricing when

the two returns have the same sign, retaining both joint increases and joint declines.

Events with opposite signs are classified as relative repricing.

I adjust both returns for market exposure before taking their signs. For each firm

and event, I estimate

𝑟𝑖 ,𝑡 = 𝑎𝑖 + 𝑏𝑖𝑟𝑚,𝑡 + 𝑢𝑖 ,𝑡

using consecutive non-conference trading-day pairs within sixty calendar days of the

event, excluding the event day and requiring at least twenty usable pairs. The abnormal

return is the event-window return less its market-model prediction. I then average the

peer firms’ abnormal returns to construct the peer leg.

This adjustment allows market exposure to differ across firms. The estimated

market betas have a median of 1.52 and a tenth-to-ninetieth percentile range of 0.93 to

2.46. Simply subtracting the market return would impose a unit beta and could leave
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a common market component in both legs. The market-model adjustment reduces the

possibility that sign agreement reflects this shared exposure.

The classification covers 129 keynotes on 126 event days. Of these, 90 keynotes

on 88 days exhibit common repricing, while 39 keynotes on 38 days exhibit relative

repricing. A day containing multiple keynotes enters a group only if all its keynotes

receive the same classification. No day is mixed under the market-model classification.

I compare the full sample with the common-repricing subsample. Outcome availability

leaves 98–106 event days in the full-sample regressions and 68–71 in the common-

repricing regressions, depending on maturity.

I estimate equation (4) in both samples, retaining the return interactions, content-

level terms, and baseline controls. Figure 15 reports the fitted inflation-compensation

response

𝑅𝑚(𝐶, 𝐹) = 𝛽𝑚 + 𝛾𝑚𝐶 + 𝛿𝑚𝐹

at the delivered- and promised-capability profiles of Section 5.2. The evaluation points,

(𝐶, 𝐹) = (0.891, 0.062) and (0.680, 0.209), are held fixed across samples. Differences

across columns therefore reflect changes in the estimated response rather than changes

in the content profile at which it is evaluated.

The bottom row reports the delivered-minus-promised response difference, with

confidence intervals calculated from the full coefficient covariance matrix. This con-

trast removes 𝛽𝑚 and directly tests whether the two content profiles imply different

responses. Because the profiles differ in both total capability content and its horizon,

it is distinct from the conditional horizon contrast 𝛿𝑚 . Appendix H reports the un-

derlying delivered-capability gradient 𝛾𝑚 , promised-capability gradient 𝛾𝑚 + 𝛿𝑚 , and

horizon contrast 𝛿𝑚 .

40



Figure 15: Inflation-compensation responses in the full and common-repricing samples
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Notes: Equation (4) estimated on the full sample (left) and common-repricing subsample (right). Rows

show the delivered-profile response, promised-profile response, and their difference, evaluated at the

same content profiles across samples. Bars denote 90 per cent confidence intervals based on the full

coefficient covariance matrix; filled markers indicate significance at five per cent. Common repricing

requires issuer and peer abnormal returns to have the same sign. The regressions use raw daily sector

returns.

Restricting the sample to common-repricing events preserves the baseline pat-

tern. At the delivered-capability profile, inflation-compensation responses are posi-

tive across the maturity curve and statistically significant from three years onward.

The estimated increase is 1.15 basis points at five years and 1.01 at seven years per

percentage point of sector return. At the promised-capability profile, responses are

negative beyond one year and statistically significant from four years onward. The

decline reaches 1.14 basis points at five years and 0.98 at nine years.

The direct profile comparison confirms this separation. In the common-repricing

sample, the delivered-minus-promised difference is positive and statistically signifi-
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cant at the five per cent level at every maturity from two through ten years. It reaches

2.29 basis points at five years and 2.15 at seven years. The corresponding difference

is significant at seven maturities in the full sample. The content-dependent inflation

response therefore remains present when issuer and peer valuations move together.

This exercise shows that the baseline pattern does not depend on events with

opposing issuer and peer returns. It does not establish that responses are larger under

common repricing: pooled tests provide limited evidence of group differences in the

capability gradient and no statistically significant differences in the horizon contrast.

Nor does sign agreement alone identify an aggregate technology shock, since common

demand or financial news can also move firms together. The sign restriction never-

theless addresses the concern that the sector return primarily captures competitive

redistribution, complementing the timing and market-adjustment exercises above.

9 Robustness checks

9.1 Treasury break-even inflation

Figure 16: Treasury break-even inflation responses
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Notes: Fitted responses from equation (4) at the baseline delivered- and promised-capability profiles, in
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I assess whether the baseline inflation-compensation results extend beyond the

inflation-swap market by applying equation (4) to daily changes in Treasury break-even
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inflation. The content’s effects reproduce the main pattern. Replacing demand with

delivered capability, holding promised capability fixed, raises five-year break-even

inflation by 4.03 basis points per percentage point of sector return. Shifting capability

from delivered to promised, holding total capability fixed, lowers the response by

4.33 basis points at five years and 4.07 basis points at ten years. These estimates are

statistically significant.

Figure 16 shows that the fitted responses also preserve the baseline direction at

the same content profiles, (𝐶, 𝐹) = (0.891, 0.062) and (0.680, 0.209). At the delivered-

capability profile, five- and ten-year break-even inflation rise by 0.93 and 0.58 basis

points, respectively. At the promised-capability profile, they fall by 0.56 and 0.42 basis

points. All four responses are statistically significant at the five per cent level. Full

Treasury results appear in Appendix I. The agreement across markets supports the

robustness of the content-dependent inflation-compensation response.

9.2 Alternative samples

I examine how the results change when I relax the sample restrictions in Table 9.

The first alternative retains the study window and qualifying speech-record require-

ment but removes the event screens. The second includes all recorded keynote-days

and estimates the specification without content terms.

9.2.1 Removing the event screens

Removing the macroeconomic-release, non-trading-day, and issuer-earnings screens

yields 125 keynote-day records on 120 trading days. The screens exclude seven

keynote-days overlapping FOMC statements or CPI releases, three opening keynotes

held during US long weekends without a price on the recorded day, and one window

containing the speaking firm’s earnings announcement. I recompute returns from the

price data using the same previous-close-to-close rule.

Figure 17: Results without the event screens
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Notes: Estimates on the alternative event set of 125 keynote-day records on 120 trading days, before

outcome-specific availability restrictions. Left and centre: 𝛾𝑚 and 𝛿𝑚 from equation (4) for inflation

swaps. Right: the dividend-futures specification without content terms. Bars denote 90 per cent robust

confidence intervals; filled markers indicate significance at ten per cent.

Figure 17 shows the sensitivity of the estimates to removing these screens. The ex-

clusions are motivated by overlapping information rather than the resulting coefficient

signs. For example, Intel’s IDF on 18 September 2007 coincided with a fifty-basis-point

FOMC rate cut and gains of approximately 2.9 per cent in both the semiconductor

index and the S&P 500. The daily return therefore combines the keynote with a major

monetary policy announcement.

The twenty-seven keynote-days before 21 July 2004 do not provide additional

observations for the displayed regressions: they precede both the inflation-swap and

dividend-futures histories. They can, however, enter exercises that do not require these

outcomes, such as the return-variance diagnostic.

9.2.2 Including all recorded keynote-days

The broader collection contains 175 keynote-day records. Of these, twenty-three

lack a qualifying speech record: seventeen contain material other than a transcript

or equivalent speech record, and six contain a transcript of a different presentation.

Content shares cannot be constructed for these observations. Setting 𝐶 and 𝐹 to zero

would incorrectly treat missing content as an absence of capability news. I therefore

estimate only the specification without content terms on this broader event set.

Figure 18: Results using all recorded keynote-days
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Notes: The specification without content terms, estimated using the event set of 175 keynote-day records

on 161 trading days, before outcome-specific availability restrictions. Left: dividend futures. Right:

inflation swaps. Bars denote 90 per cent robust confidence intervals; filled markers indicate significance

at ten per cent.

This broader event set contains forty-nine more trading days than the baseline.

The dividend-futures coefficients move towards zero, and the number of significant
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maturities falls from nine to eight. The inflation-swap response remains significant at

only one maturity. The broader

9.3 Controlling for ordinary sector comovement

Equation (4) prices the keynote-day surprise only: 𝑧𝑡 is the semiconductor index

return on a conference day and zero on the remaining 98 per cent of the trading

calendar. inflation expectations and the semiconductor sector may comove on ordinary

days as well, through common exposure to growth or policy news. If conference days

fall in periods when that comovement is unusually strong, or when the content shares

happen to be unusually high or low, the interaction terms could reflect the comovement

rather than the disclosures.

To address this I add the semiconductor index return on every trading day as a

separate regressor,

Δ𝑦𝑚,𝑡 = 𝛼𝑚 + 𝜓𝑚𝑟𝑡 + 𝛽𝑚𝑧𝑡 + 𝛾𝑚𝑍
𝐶
𝑡 + 𝛿𝑚𝑍

𝐹
𝑡 + 𝜃𝑚𝐶𝑡 + 𝜙𝑚𝐹𝑡 + Γ′𝑚𝑋𝑡 + 𝜀𝑚,𝑡 , (9)

where 𝑟𝑡 is the index return over the same pair of closes as the outcome change.

Because 𝑟𝑡 is non-zero on all days while 𝑧𝑡 is non-zero only on conference days, 𝜓𝑚 is

identified almost entirely off non-conference days. The content effects 𝛾𝑚 and 𝛿𝑚 are

then measured net of whatever linear relationship the sector return bears to inflation

expectations in ordinary times.

The semiconductor index calendar and the swap quotation calendar do not coin-

cide: the swap curve is quoted on 191 dates between 2004 and 2026 on which the US

equity market is closed. I therefore define 𝑟𝑡 as the cumulative index return over the

interval the swap change spans, so that an interval in which the equity market never

opened contributes zero. This keeps the estimation sample identical across the two

specifications, at 5,557 observations and 107 conference days, so that equation (9) is

equation (4) with one column added rather than a different sample.

Figure 19: The content effects with and without the ordinary sector return
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Notes: Inflation-swap changes in basis points per percentage point of index return. Hollow markers are

equation (4); filled markers add the ordinary sector return 𝑟𝑡 of equation (9). The profile contrast is the

difference in fitted net response between (𝐶, 𝐹) = (0.89, 0.06) and (0.68, 0.21), computed from the full

coefficient covariance matrix. Bars denote 90 per cent robust confidence intervals. Appendix E reports

the coefficients, including the fitted levels, which the figure omits because adding 𝑟𝑡 shifts the intercept

and therefore the levels but not their difference.

Ordinary comovement is present and precisely estimated: 𝜓𝑚 is positive at every

maturity, +0.46 at five years and +0.37 at seven, with 𝑡 statistics near nine. It is

absorbed by the intercept of the event-day response, not by the content terms: 𝛽𝑚
falls from −1.93 to −2.43 at five years and from −2.74 to −3.14 at seven, and the fitted

net response at the delivered-heavy profile falls with it, from +0.87 to +0.44 at five

years. The profile contrast, from which 𝛽𝑚 cancels, is unaffected. The sector return

and inflation expectations do move together on ordinary days, and the specification

absorbs that movement. The content effects are nonetheless unchanged. At five years

𝛾𝑚 moves from +3.63 to +3.71 and 𝛿𝑚 from −6.90 to −7.03; at seven years, from +4.55

to +4.60 and from −5.74 to −5.84. The profile contrast moves from +1.78 to +1.81 at

five years and from +1.80 to +1.83 at seven. The counts of maturities significant at

ten per cent are identical in the two specifications: six of ten for 𝛾𝑚 , nine of ten for

𝛿𝑚 , and nine of ten for the contrast. Controlling for ordinary comovement leaves the

content-dependent responses where they were, and if anything slightly larger.

This check removes a common linear relationship between the sector return and

inflation compensation. It does not remove a loading that varies over the sample

period or across conference series, nor any non-linear relationship, and it is therefore

evidence against one specific alternative rather than a general exclusion restriction.
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9.4 Leaving out one keynote at a time

A hand-collected event sample of this size invites the question of whether one

conference is carrying the result. We therefore re-estimate equation (4) once for every

keynote in the sample, each time with that keynote removed, and ask how often the

full-sample reading survives.

The exercise is at the level of the keynote rather than the trading day. Two days in

the window carry two keynotes each, and a day’s content shares are the unweighted

mean over the keynotes on it, so dropping one keynote from such a day does not delete

an observation: it recomputes that day’s shares from the keynote that remains. A day

leaves the sample only when the keynote dropped was the only one on it. Removing

whole days instead would confound the influence of a keynote with the influence of its

date and would discard the other firm that spoke. This gives 114 re-estimations on 112

trading days. The evaluation points are held at their full-sample values throughout;

recomputing them inside each subsample would make the contrast a different quantity

in every re-estimation and the 114 numbers would not be comparable with one another.

Figure 20: Equation (4) re-estimated with each keynote removed in turn
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Notes: Each dot reports the 𝑡 statistic from one of the 114 leave-one-keynote-out re-estimations, hor-

izontally jittered within each maturity. Solid horizontal bars indicate the corresponding full-sample

statistics. Dotted and dashed reference lines mark ±1.645 and ±1.96, respectively. The top row reports

the fitted net responses, 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹, evaluated at the delivered-heavy profile (𝐶, 𝐹) = (0.89, 0.06)
and the promised-heavy profile (0.68, 0.21), together with their difference. The bottom row reports the

two interaction coefficients, 𝛾𝑃𝑚 and 𝛿𝑚 . Evaluation profiles are held fixed at their full-sample values

throughout.

The interaction coefficients are similarly robust. The sign of 𝛾𝑃
𝑚 is preserved in
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every re-estimation at all maturities except two years, where the full-sample coefficient

is close to zero (0.079) and statistically insignificant. From five years onward, 𝛾𝑃
𝑚

remains significant at ten per cent in all 114 re-estimations and at five per cent in at

least 113. The sign of 𝛿𝑚 is preserved across all maturities and all re-estimations.

From two to nine years, 𝛿𝑚 remains significant at ten per cent in every case. At ten

years, the full-sample 𝑡 statistic is −1.89, and only five re-estimations reach five per

cent significance, consistent with the full-sample result being significant at ten per cent

rather than five per cent.

The influence of individual keynotes also differs across the two profiles. The

largest changes in the delivered-capability response arise from excluding Computex on

5 June 2024 at longer maturities and Qualcomm’s Uplinq on 1 June 2011 at intermediate

maturities. For the promised-capability response, Hot Chips on 22 August 2022 is

the most influential event across maturities. The latter keynote also produces the

largest changes in the estimated interaction coefficient 𝛿𝑚 and the profile contrast.

Nevertheless, its exclusion does not overturn the main finding: at seven years, the 𝑡

statistic for the profile contrast falls from 4.40 to 3.56 but remains significant at one per

cent.

10 Conclusions and remarks

Scheduled semiconductor conferences provide observable occasions on which

firms disclose technological capability and commercial demand. Combining keynote

transcripts with market returns allows us to study both the magnitude of repricing and

the information associated with it. The central finding is that favourable technology

news can have different inflation implications depending on when the disclosed capa-

bility becomes available. At five years, the delivered- and promised-capability profiles

imply inflation-compensation responses that differ by 1.78 basis points per percentage

point of sector return. Dividend-futures responses are positive under both profiles,

with no statistically significant difference between them.

These patterns suggest a distinction between anticipated adoption demand and

anticipated supply expansion. News about capability already available to firms may

bring forward spending on adoption, complementary equipment, and infrastructure

before the resulting productivity gains diffuse through the economy. Positive divi-

dend responses, higher inflation expectations, and increased capital-goods orders at

the delivered-capability profile are consistent with this anticipated-demand channel.

News about promised capability may instead place greater weight on future produc-

tive capacity and lower production costs. At that profile, positive dividend responses

accompany lower inflation expectations, followed by lower core prices and higher pro-

duction, a pattern consistent with anticipated supply expansion. Capital-goods orders
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increase under both profiles, suggesting that investment can respond to technological

opportunities whether the capability is available or forthcoming.

The inflation contrast also remains present when the issuer and its peers reprice

together. Market adjustment and intraday windows broadly preserve the baseline

directions. The evidence therefore supports a content-dependent balance between

expenditure and productive capacity, without identifying the two profiles as pure

structural demand and supply shocks.

More broadly, the findings suggest that information composition can help explain

why technology-news measures have different inflation implications. Technological

progress can improve growth expectations while generating either upward or down-

ward price pressure, depending on the spending and cost expectations associated with

the disclosure. Applying comparable content measures to other settings would help

establish how broadly these mechanisms extend beyond semiconductor conferences.
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A Construction and Validation of the Technology-Event Sam-
ple

A.1 Text sources and measurement

Qualifying speech records come from three sources: an official verbatim tran-

script or prepared remarks, a human-provided caption track, and an automatic caption

track. These sources record the keynote in the speaker’s own words and provide a full

speech-equivalent text. They are three archival representations of one economic object

— the keynote as delivered — rather than three kinds of document, and the measures

treat them as such. Prepared remarks are included on that basis and not on a claim of

word-for-word identity with delivery: they are the speaker’s own text of the speech,

at full length, which is what the content measures need.

Presentation decks and speech records. The difference is visible in the archived

records. Measured inside Hot Chips, where every keynote occupies the same sixty-

minute slot and the same firms recur, caption tracks have a median of 4,300 words and
a presentation PDF of one runs 674. A speaker covers roughly four thousand words

in half an hour, so the captions are the speech and the deck is a sixth of it. Punctuation

does not detect the difference — a deck scores 4.6 sentence terminators per hundred

words against a stenographic transcript’s 6.8, because bullet points end in full stops —

which is why the test here is length against speaking rate and not punctuation. What

the deck omits is also not random: it carries the conclusions and not the argument,

and the demand- and supply-side reasoning that the content measure is built to detect

is spoken rather than printed on the slide. Admitting decks would additionally make

any word-denominated rate incomparable across years within a series, since the same

thirty-minute keynote would contribute 4,300 words in one year and 674 in another.

An observation enters the content analysis only if EVERY keynote it carries has a
speech record, not merely one of them. The reason is an identification one. The price

response being explained is the whole day’s disclosure, so the text has to account for

all of it; a day whose AMD keynote is captioned and whose Intel keynote survives

only as a deck would let the text explain part of the shock while the return reflects

all of it, and the measured content would be a biased sample of the day’s news. Of

the 207 observations, 168 meet the condition and enter the content analysis, with

1,904,810 words; 39 do not and are excluded from the text measures while remaining

in the population and coverage counts, since they still establish that a keynote occurred

and who gave it. As it happens the strict rule costs nothing relative to a weaker one

requiring a single speech record: no observation is partially covered. That is a fact

about this collection rather than a property of the design, and the condition is enforced

rather than assumed. The exclusions are concentrated rather than scattered: all five

Qualcomm BREW editions, documented only by the official show daily, which the
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files themselves label “NOT a keynote transcript”; five early NVIDIA GTC editions

documented by trade-press recaps; and the 2014 OCP summit, whose five constituent

keynotes survive only as presentation PDFs.

Source differences and sentence segmentation. As delivered, stenographic tran-

scripts and human-provided captions carry 6.8 and 6.5 sentence terminators per hun-

dred words; automatic captions carry 0.2, because machine transcription emits almost

no punctuation. This matters because the content measures are applied to statement-

level units, so text with no sentence boundaries has nothing for a unit to attach to

— the distinctions being measured are clause-level, capability against demand and

forward-looking against realised. The gap is therefore closed before any classification

runs, by the restoration procedure documented and validated in Appendix B: after it,

the three sources carry 6.8, 6.5 and 6.7 terminators per hundred words, and the words

themselves are provably unaltered. What remains is that one of the three had its

boundaries placed by a model rather than a person, which is a measurement question

and is treated as one there in the punctuation-validation exercise.

A.2 Predetermination and keynote timing

The event calendar consists of recurring conference programmes with scheduled

keynote slots. Table 7 gives recurrence statements for fourteen of fifteen series; the

remaining series have observed calendar histories but no located statement of this

kind. Recurrence supports treating these events as regular disclosure opportunities,

rather than occasions created for a particular announcement.

This evidence does not establish that the exact date of every edition was fixed

a common number of months ahead, or that schedules were unaffected by product

readiness. A dated advance announcement shows that dates were public by that time.

The earliest document located is a lower bound on advance notice, not an estimate of

the first public announcement. Table 8 reports selected documented examples on that

basis.

Table 7: Recurrence evidence, series by series

Series Statement that the series recurs Source

Intel IDF “Intel today announced the kick off

of a semi-annual conference, the In-

tel Developer Forum ... being held

in San Francisco from September 29

to October 1, 1997.”

https : / / www . intel . com /

pressroom/archive/releases/19

97/CN91597B.HTM

Intel pressroom archive, inaugural

IDF announcement
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Series Statement that the series recurs Source

CES “Held in Las Vegas every year, it

is the world’s gathering place for

all who thrive on the business of

consumer technologies and where

next-generation innovations are in-

troduced to the marketplace.”

https://www.cesweb.org/About-

CES.aspx

CTA/CEA, archived 2016

Computex no such statement located —
NVIDIA

GTC

“NVIDIA had initially planned to

host its 11th annual GTC on March

22-26 at the San Jose Convention

Center, with an anticipated audi-

ence of 10,000.”

https : / / nvidianews . nvidia .

com / news / nvidia - gtc - news -

to - be - shared - on - march - 2 4

-followed-by-investor-call

Hot Chips “Since it started in 1989, HOT

CHIPS has been known as one

of the semiconductor industry’s

leading conferences on high-

performance microprocessors and

related integrated circuits. The

conference is held once a year in

August in the center of the world’s

capital of electronics activity,

Silicon Valley.”

https : / / www . hotchips . org /

about/

OCP

Global

Summit

“The in-person event is held twice

each year - in the Spring the OCP

Regional Summit is held in Europe

...; while the OCP Global Summit

is our largest, held in the Fall each

year in San Jose, California.”

https://www.opencompute.org/

summit/global-summit

archived 2023

Qualcomm

Snap-

dragon

Summit

“Qualcomm Technologies, Inc., a

subsidiary of Qualcomm Incor-

porated (NASDAQ:QCOM), an-

nounced that the third annual

Snapdragon Technology Summit

keynotes will be broadcast live from

Hawaii on December 4, 5 and 6 at

9:00 a.m. HST.”

https://s204.q4cdn.com/645488

518/files/doc_news/2018/11/20

18-11-28_Qualcomm_Announces_

Livestream_of_Keynotes_at_12

23.pdf

57

https://www.cesweb.org/About-CES.aspx
https://www.cesweb.org/About-CES.aspx
https://nvidianews.nvidia.com/news/nvidia-gtc-news-to-be-shared-on-march-24-followed-by-investor-call
https://nvidianews.nvidia.com/news/nvidia-gtc-news-to-be-shared-on-march-24-followed-by-investor-call
https://nvidianews.nvidia.com/news/nvidia-gtc-news-to-be-shared-on-march-24-followed-by-investor-call
https://nvidianews.nvidia.com/news/nvidia-gtc-news-to-be-shared-on-march-24-followed-by-investor-call
https://www.hotchips.org/about/
https://www.hotchips.org/about/
https://www.opencompute.org/summit/global-summit
https://www.opencompute.org/summit/global-summit
https://s204.q4cdn.com/645488518/files/doc_news/2018/11/2018-11-28_Qualcomm_Announces_Livestream_of_Keynotes_at_1223.pdf
https://s204.q4cdn.com/645488518/files/doc_news/2018/11/2018-11-28_Qualcomm_Announces_Livestream_of_Keynotes_at_1223.pdf
https://s204.q4cdn.com/645488518/files/doc_news/2018/11/2018-11-28_Qualcomm_Announces_Livestream_of_Keynotes_at_1223.pdf
https://s204.q4cdn.com/645488518/files/doc_news/2018/11/2018-11-28_Qualcomm_Announces_Livestream_of_Keynotes_at_1223.pdf
https://s204.q4cdn.com/645488518/files/doc_news/2018/11/2018-11-28_Qualcomm_Announces_Livestream_of_Keynotes_at_1223.pdf


Series Statement that the series recurs Source

Qualcomm

BREW

“The third annual BREW 2003 De-

velopers Conference is a leading

educational and networking forum

for developers of wireless software

applications.”

http : / / brew . qualcomm . com /

brew / en / press _ room / events /

brew_2003/brew_2003.html

Qualcomm BREW press room,

archived

Arm Tech-

Con / Dev-

Summit

“Arm is announcing program

changes and a new name for its an-

nual flagship conference formerly

known as Arm TechCon.”

https : / / newsroom . arm . com /

news / arm - hardware - and -

software - ecosystems - will -

converge - at - virtual - arm -

devsummit-formerly-known-as-

arm-techcon

Intel Inno-

vation

“At its third annual Intel Innova-

tion event, Intel unveiled an array

of technologies to bring artificial

intelligence everywhere and make

it more accessible across all work-

loads, from client and edge to net-

work and cloud.”

https://www.intc.com/news-

events/press-releases/detail/

1648/intel- innovation- 2023

-empowering - developers - to -

bring-ai

Intel Vision “The annual event explores the

latest in AI PC innovation with

industry-leading security and man-

ageability, and it introduces ad-

vanced data center, edge and net-

working solutions tailored to meet

unique customer needs.”

https://newsroom.intel.com/

press-kit/intel-vision-2025

Intel newsroom press kit, via Inter-

net Archive

AMD Fu-

sion Dev.

Summit

“The second annual AFDS will

bring together top minds from

the developer and computing com-

munities as I focus on making

heterogeneous computing accessi-

ble to mainstream developers and

improving new end user experi-

ences,” said Manju Hegde, corpo-

rate vice president, Content, Appli-

cations and Solutions, AMD.”

https : / / www . globenewswire .

com/en/news-release/2012/04/

12/1011747/0/en/AFDS-Returns-

to - Pacific - Northwest - With -

Focus - on - Heterogeneous -

Computing - Gaming - Cloud -

Computing-and-More.html
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Series Statement that the series recurs Source

Mobile

World

Congress

“Each year, MWC Barcelona

strengthens links between tens of

thousands of senior leaders across

the connectivity ecosystem, global

business and government.”

https://www.mwcbarcelona.com/

about

GSMA

Qualcomm

Uplinq

“Qualcomm Life Unveils its 2net

App SDK and Challenge During

Annual Uplinq Conference”

https : / / www . qualcomm . com /

news / releases / 2 0 1 2 / 0 6 / 2 7

/qualcomm- life- unveils- its-

2net-app-sdk-and-challenge-

during-annual-uplinq

Qualcomm newsroom, press-

release headline

CeBIT no such statement located —

Notes: Each quotation is the organiser’s or the host’s own description of the series as a recurring event;

sources are the organiser’s press room, the organiser’s site, or an Internet Archive capture of one, and

the publisher is named rather than the archive. Where no such statement was located the row says so

rather than substituting a weaker form of evidence. Full URLs and the capture dates are in the replication

ledger transcripts/_c1_declarations.csv. Three rows carry a qualification. The Intel Developer

Forum statement is the inaugural 1997 announcement, which calls the series semi-annual; that is the

wording the data support, since IDF ran a spring and a fall edition in 2001, 2002, 2003 and 2006, and

a later Intel release describing it as “annual” was not used for that reason. For Intel Vision the quoted

sentence says “the annual event” without naming it, and is identified as Intel Vision only by the press kit

it comes from. The Mobile World Congress statement describes MWC Barcelona and so does not cover

the series’ earlier 3GSM World Congress editions, for which no separate statement was located.

Advance notice. Table 8 uses the most recent edition in each series for which a dated

advance-notice document was located. Fifteen series have such a record. Documented

leads range from 44 to 357 days, with a median of 180. These examples establish

advance scheduling for the series, rather than a common notice horizon for every

estimation-sample keynote. A missing record does not establish short notice. The

table distinguishes organizer publications, archived pages, secondary reports, and

leads measured to the show’s opening rather than a keynote.

Table 8: Advance notice: the most recent edition for which an announcement was

located
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Series Edition Days

ahead

Announcement Source

Intel IDF 2016 87 “IDF16 will be tak-

ing place in San Fran-

cisco, California, Au-

gust 16-18.”

http://web.archive.org/

web / 2 0 1 6 0 5 2 1 1 7 2 1 5 8

/http://www.intel.com/

content/www/us/en/intel-

developer-forum-idf/san-

francisco/2016/idf-2016

-san-francisco.html

website snapshot, published

by the organiser

CES 2026 284 “CES will return to

Las Vegas from Jan-

uary 6-9, 2026.”

https : / / www . ces . tech /

press - releases / ces -

2 0 2 5 -audit - reveals -

growing-attendance-from-

executives - investors -

and-media

press release, published by

the organiser

Computex 2026 355 “COMPUTEX to 06

05 – Taipei Nan-

gang Exhibition Cen-

ter, Hall 1 (TaiNEX

1), Hall 2 (TaiNEX 2),

TWTC, TICC.”

http : / / web . archive .

org / web / 2 0 2 5 0 6

1 1 0 5 5 1 3 9 /https :

/ / www . computextaipei .

com.tw/en/index.html

website snapshot, published

by the organiser

NVIDIA

GTC

2026 162 “The GTC AI confer-

ence returns to San

Jose, CA on March

16-19, 2026. Get no-

tified when registra-

tion opens.”

https://web.archive.org/

web / 2 0 2 5 1 0 0 5 1 5 4 0 1 9

/https://www.nvidia.com/

gtc/

website snapshot, published

by the organiser

Hot Chips 2024 152 “Important Dates ...

Conference Dates:

August 25-27, 2024.”

http://web.archive.org/

web / 2 0 2 4 0 3 2 8 1 1 5 2 4 9

/https://hotchips.org/

website snapshot, published

by the organiser
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Series Edition Days

ahead

Announcement Source

OCP

Global

Summit

2025 220 “2025 OCP Global

Summit – San Jose,

California – October

13-16, 2025.”

http : / / web . archive .

org / web / 2 0 2 5 0 3

0 7 2 0 1 6 2 6 /https :

/ / www . opencompute .

org/summit/global-summit

website snapshot, published

by the organiser

the January captures of this

page read October 14–16; the

keynote day was added between

26 January and 7 March, and

the lead is measured from the

first document that covers it

Qualcomm

Snap-

dragon

Summit

2026

(11th)

84 “Snapdragon Sum-

mit is September 22

- 24, 2026 in Maui,

Hawaii.”

http : / / web . archive .

org/web/20260630032434

/https : / / www . qualcomm .

com / company / events /

snapdragon-summit

website snapshot, published

by the organiser

the page still showed the 2025

dates on 10 June, so the dates

went up between then and 30

June and the lead is between 84

and 104 days

Qualcomm

BREW

2007

(7th)

198 “Winners will be re-

vealed at an awards

ceremony held at the

BREW 2007 Develop-

ers Conference in San

Diego June 20 - 22,

2007.”

http://web.archive.org/

web/20061205093236/http:

//brew.qualcomm.com:80

/brew/brew_2007/awards/

awards.html

website snapshot, published

by the organiser
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Series Edition Days

ahead

Announcement Source

Arm Tech-

Con / De-

vSummit

2020 110 “Arm DevSummit

2020, October 6-8,

Virtual Conference”

https://web.archive.org/

web / 2 0 2 0 0 6 1 8 1 4 0 5 0 7

/https://devsummit.arm.

com/

website snapshot, published

by the organiser

Intel Inno-

vation

2023 106 “Intel Innovation

is scheduled for

September 19-20th.”

https : / / www . kitguru .

net/channel/generaltech/

joao - silva / intel -

schedules- innovation- 20

23-event-for-september-

19-20/

third-party report

medium confidence; organiser-

issued record for this series:

2023, 11 days

Intel

Vision

2025 80 “Intel Vision 2025

event which is now

slated to start on

March 31.”

https : / / wccftech . com /

intel - vision - 2 0 2 5

-event - scheduled - for -

march-31/

third-party report

medium confidence; attributes

the dates to Intel’s own events

page, which is not archived

before this date

AMD Fu-

sion Dev.

Summit

2013 201 “’APU13’ will be held

Nov. 11-14, 2013 in

San Jose, California

at the McEnery Con-

vention Center.”

https : / / ir . amd . com /

news - events / press -

releases / detail / 1 4 6 /

amd - announces - 2 0 1 3

-developer - summit - apu 1

3 - set - for - san - jose -

california

press release, published by

the organiser
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Series Edition Days

ahead

Announcement Source

Mobile

World

Congress

2026 357 “See you next year, 2

- 5 March 2026, Fira

Gran Via, Barcelona.”

http : / / web . archive .

org / web / 2 0 2 5 0 3

1 0 0 6 5 7 4 1 /https :

//www.mwcbarcelona.com/

website snapshot, published

by the organiser

measured to the first day of

the show: this project holds no

keynote date for this edition,

whose keynotes are not in the

sample

Qualcomm

Uplinq

2012 245 “the Uplinq 2012 mo-

bile developers con-

ference will be held

June 27-28, 2012 at

the Hilton San Diego

Bayfront hotel.”

https : / / www . qualcomm .

com/news/releases/2011

/10/uplinq-2012-mobile-

developers - conference -

dates-location-set

press release, published by

the organiser

CeBIT
∗ — — no dated announce-

ment located
—

Notes: Days ahead is the interval between the dated announcement and the keynote. Source names the

document and the kind of document it is. Where an edition is documented by more than one such record

the table reports the earliest of them, because a lead is a lower bound and the earlier document is the

better bound. Intel Innovation is the case that settles the rule: two documents state the same dates, one

of them three months ahead of the event and one eleven days out, and reporting the later would have

credited the series with eleven days’ notice for an edition already documented as public in June.
∗ A

dash never means short notice. It means no dated document could be located. The one starred series is

CeBIT, which ceased in 2018 and whose organiser’s site is archived too sparsely in the relevant years for

a document carrying the dates to be recovered. The Mobile World Congress row is the one place where

the lead is measured to the show’s opening day rather than to a keynote: this project holds keynote dates

for that series only for its 3GSM World Congress editions of 2001–2004, so the row documents advance

scheduling for the series without being a lead for an observation in the estimation sample, and it says

so. One row gives a window rather than a point, because the organiser’s page is captured on both sides

of the change: the Snapdragon Summit page brackets to between 84 and 104 days. One row carries a

further qualification of its own: the dates of the 2025 OCP Global Summit were given as 14–16 October

in January and as 13–16 October from March, and because the keynote in this sample falls on 13 October

the lead is measured from the first document that covers that day rather than from the earlier one, which

would credit the organiser with notice of a day it had not yet scheduled.

The table also flags records whose dating rests on a secondary report rather than on an archived
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organiser publication. Two rows do: Intel Innovation 2023, which the report documents 106 days ahead,

and Intel Vision 2025 at 80 days. In both cases the report cites the organiser’s own event page, which is

not archived early enough to be cited directly. A distinction is worth naming because the ledger turns

on it: a release that announces the keynote lineup dates the speakers, not the event, and only a document

stating the dates themselves is counted as advance notice of the occasion. For the one starred series the

only timing evidence is the recurrence statement above and the observed calendar history.

The keynote hour, counted on sessions and not on days. An intraday design works

on the keynote session, so that is the unit in which timing coverage has to be reported.

Of at least 214 reconstructed keynote sessions, 190 have an identified start, implying

timing coverage of no more than 89%; 110 have an identified end, implying coverage

of no more than 51%. The corresponding venue-day figure — 150 of 161 observations,

93% — is not the same statistic and should not be read as one: a venue-day counts as

timed if one of the keynotes it pools has an hour, so a day running four firms’ keynotes

with one known slot contributes a timed observation and three untimed sessions.

Reported properly the coverage is four points lower, and the two measures move in
opposite directions across the sample: on days, the later period looks better (99%

against 89%); on sessions, it looks worse (88% against 90%), because the later period

is where the multi-firm formats sit — the OCP summit runs four or five constituent

firms through one afternoon, and the organiser’s programme names the keynote slots

it timed, not every firm that spoke. Eleven venue-days carry no hour at all, each

recorded with the route that failed. Session coverage is complete for six of the fourteen

series that supply an observation, and 48 of Intel’s 50 Developer Forum observations

are timed.

A.3 Sample funnel, missingness and limitations

Table 9 is the whole funnel in one place, from the population frame to the days the

regressions are estimated on. Three features of it decide how it should be read, and

each is taken up below: documented zeros differ from missing programmes, the unit

changes from editions to keynote-days, and the final restrictions define the estimation

sample.
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Table 9: From the population frame to the estimation sample

223 editions Fifteen series, 2001–2026. The frame, not the sample.

−31 no index constituent on a full keynote programme (documented zeros)

−21 undetermined, almost all before 2008 (missing data)

171 editions at which a constituent firm keynoted

The unit changes: an edition runs several days and a firm may keynote on more than one.

175 keynote-days produced by those 171 editions

−17 the material is not a verbatim record of a keynote: five conference

show dailies, four journalists’ write-ups, a slide deck, seven fragments

−6 a verbatim record, but not of that keynote: a watch party, a later

year’s keynote, two other occasions, an academic talk, one duplicate

152 keynote-days with an independent qualifying verbatim record

−27 before 21 July 2004, when the swap curve is first quoted at all ten

maturities; these have a price and a transcript and are used by nothing

125 keynote-days inside the study window

−7 an FOMC statement day or a CPI release day

−3 an opening keynote on a United States long weekend: no price that day

−1 the speaking firm reported earnings inside the pricing window

114 keynotes
112 trading days twelve series, eighty-five series-years — the estimation sample

Notes: Counts above the first midrule are editions, defined as one occurrence of a series in one

calendar year; below it they are keynote-days and then trading days, and the three must never

be added together. Every edition in the first two deductions carries a recorded search path and

outcome in population_and_evidence/keynote_registry.csv, and every entry in the −6 row

carries its evidence in population_and_evidence/transcript_defects_2026_10_26.md.
The registry covers 223 editions: 171 with constituent-firm keynotes, 31 with no

qualifying speaker on the recovered keynote programme, and 21 with unrecovered

programmes. The latter are missing observations, whereas the documented zeros

establish that the conference occurred without a qualifying speaker. Inclusion in

the registry is determined independently of transcript availability. Text coverage is

strongest for company-hosted developer conferences and Hot Chips, and weaker for

large third-party shows in the 2000s, so the content analysis draws disproportionately

on company-hosted and more recent events. A final audit applying the keynote cri-

terion removed 15 observations and corrected 21 dates. Nine removals involved firm

press conferences or product briefings mistaken for organiser-scheduled keynotes; the

date corrections replaced conference opening dates with the actual keynote dates.

The replication files document these corrections and the search routes used for each

edition. Although no external historical database establishes complete coverage, the

registry provides a documented sample of scheduled public technology disclosures

by US-listed semiconductor firms at recurring conferences. Its concentration in com-

puting and communications firms limits generalisation to equipment, materials, and

EDA firms, as well as to other disclosure formats such as earnings calls, standalone

launches, regulatory filings, and academic conference presentations.
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B Punctuation Restoration for Automatic Captions

Table 10: Punctuation restoration against human-punctuated text

Official Human-provided Pooled

transcripts captions

Documents 69 23 92

Words 401,754 128,593 530,347

Period
Precision 0.749 0.789 0.764

Recall 0.729 0.732 0.732

F1 0.743 0.738 0.740

Question-mark F1 0.583 0.720 0.609

End-of-statement
Precision 0.758 0.797 0.759

Recall 0.724 0.729 0.728

F1 0.742 0.740 0.741
Random baseline 0.061 0.056 0.060

Periodic baseline 0.061 0.060 0.061

Mean sentence length, original 16.1 16.1 16.1

Mean sentence length, restored 16.9 16.6 16.9

Notes: Each cell is the median across documents. A document enters if it has at least 800

words and if removing punctuation leaves its word count unchanged; it is truncated at 6,000

words so that documents are comparable. End-of-statement pools periods, question marks and

exclamation marks — the positions that define the unit of classification. Random baseline inserts

the correct number of sentence ends at random positions, and periodic baseline inserts them at the

correct average frequency; both are shown as reference levels for boundary prediction without

syntax.

Automatic captions require punctuation restoration before sentence segmentation:

they contain only 0.2 sentence terminators per hundred words, compared with 6.8 in

official transcripts and 6.5 in human captions. I use a Transformer-based token classifier

built on XLM-RoBERTa-large, starting fromoliverguhr/fullstop-punctuation-multilang-large

(revision 345e80ad). It predicts six labels after each word: no mark, period, comma,

question mark, dash, and colon. Processing uses overlapping 230-word windows ad-

vancing by 150 words, discarding outer predictions to reduce boundary effects, with

sentence-initial capitalization. Official transcripts and human captions retain their

existing punctuation.

To validate boundary detection, I remove punctuation from human-punctuated

records, restore it, and compare the predicted boundaries with the originals. Table 10

reports results for the unadapted checkpoint on 69 official transcripts and 23 human-

captioned records. The primary metric pools sentence-ending punctuation, which

defines the downstream classification units. Median boundary F1 is 0.741, compared

with approximately 0.06 for random and periodic baselines. These results evaluate the

unadapted model only, since some records subsequently enter adaptation.
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I then evaluate domain adaptation using the twenty-three human-captioned keynotes,

split by whole keynote into fifteen for training, four for stopping-epoch selection, and

four for evaluation. Fine-tuning uses a learning rate of 10
−5

and freezes the lower half

of the encoder; validation F1 selects the third epoch. On the four held-out keynotes,

adaptation raises median boundary F1 from 0.781 to 0.844, mainly through higher

recall (Table 11). The adapted checkpoint is used throughout the paper.

Table 11: Sentence-boundary accuracy before and after domain adaptation

Held-out keynotes (4)

Model Precision Recall F1

Published punctuation checkpoint 0.840 0.752 0.781

+ semiconductor-keynote adaptation 0.838 0.847 0.844

Gain −0.002 +0.095 +0.063

Model used in the paper the adapted checkpoint

Notes: End-of-statement precision, recall and F1, median across the four held-out keynotes —

the ones used for neither adaptation nor the choice of stopping epoch. Published punctuation
checkpoint is the model of Section B.1 applied without any adaptation; adapted is the same

checkpoint after light fine-tuning on the fifteen adaptation keynotes. Both rows are scored on

identical documents.

The adoption rule required a held-out F1 improvement of at least 0.02, a threshold

set after baseline scoring but before adapted-model scores were obtained. The four

held-out keynotes therefore inform model adoption and constitute a small evaluation

sample rather than an independent final test of the selected pipeline. Human punc-

tuation also permits alternative valid boundaries, so disagreement need not imply a

linguistic error.

The adapted model produces 6.7 sentence terminators per hundred words, com-

pared with 5.4 for the unadapted model and 6.5–6.8 for human-punctuated sources.

This density comparison is descriptive rather than boundary-level validation. A sep-

arate check strips punctuation and case and verifies that restoration preserves the

normalized word sequence, aborting on any token difference. All 77 stored files,

combining 116 automatic-caption source documents, pass this check across 737,084

normalized words. The difference from the 737,141 source-word count consists of

57 punctuation-only tokens. This establishes word preservation, not transcription or

boundary accuracy; the effect of segmentation errors on event-level content measures

remains unquantified.
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C Text Analysis and the Content Classifier

C.1 What the text produces on its own, before any classifier

Before asking a language model to label anything, I ask what structure the corpus

has with no labels at all. I apply principal component analysis to the news-sentence

corpus used in Figure 1. The news screen uses the classifier; component extraction is

unsupervised conditional on that screen. Unlike supervised approaches that depend

on predefined labels, PCA recovers the main axes of variation directly from the text.

Three of the four components shown in Figure 1 are readily named: data-centre

computing (for example, data center, cloud, storage, training), performance and efficiency

(per second, efficiency, high performance, bandwidth), and artificial intelligence (models,
generative, nvidia). They are dimensions of subject matter: what a keynote is talking

about. The fourth is a weaker contrast between component-level vocabulary (processor,
core) and system-level vocabulary (network, devices), overlapping the first three, and I

do not rest anything on it.

The technology/demand distinction does not appear among the main compo-

nents. This is not a failure of the method but a property of the object. Two sentences

about the same accelerator, one announcing how fast it is and one announcing that

a customer has bought it, use nearly the same words and are economically opposite;

the reported leading word-frequency components do not directly separate those eco-

nomic roles. That axis is therefore theory-driven and rests on annotation, which is

what the rest of this appendix documents. The AI dimension, by contrast, the text

does volunteer.

C.2 The classifier

Economic classification. The leading textual components describe subject matter,

while the regressions require economic role and horizon. A performance announce-

ment and a customer deployment can concern the same accelerator but convey different

information. I use explicit annotation to distinguish these statements and evaluate the

resulting labels against human annotation below.

What the classifier is asked. Each sentence is labelled on six fields. Three are screen-

ing questions about the text itself — whether it identifies something specific, whether

it states a fact or evaluates, and whether it is a consumer-product feature or a passing

remark about someone else’s product. Three are about content: layer, where in the

technology stack the statement sits (manufacturing, chip, platform, application, cross-

cut); sublayer, which of eighteen kinds within that layer (process node, architecture,

performance, model, software tooling, market size, and so on, each permitted under

exactly one layer); and role, whether the statement is about capability, about demand,
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or about neither. A fourth content field, horizon, records whether what is claimed has

already happened. A second pass asks, lexically, whether the sentence ties its subject

to artificial intelligence.

Three of these fields are not used by the main results, which need only role and

horizon. The layer and sublayer are collected for two reasons: they let the content

variable be cut by what kind of technology a keynote is about, and a sublayer that

cannot occur under the layer the model chose is a detectable error, which a scheme

with only broad categories does not provide. The AI flag is collected because whether

AI content specifically moves expectations is the obvious question to ask of these

events; it is in the replication package for anyone who wants to ask it. No result in this

paper uses it.

Derived news indicator. The informational screen is computed from the model’s

factual and exclusion labels:

is_news = ⊮{claim_type = fact}⊮{excluded = none}.

The rule identifies qualifying statements without asking the model whether investors

found them surprising. The separate AI pass likewise uses explicit lexical cues rather

than a judgment about whether a product is associated with AI.

Two passes, and why. The content fields and the AI field are asked in separate calls.

The AI question is about the words in the sentence and nothing else, so it separates

cleanly, and asking it on its own costs a tenth as much as asking it alongside the full

taxonomy. The two passes are joined on the sentence identifier and the join is complete:

all 98,440 sentences carry both.

The prompt. The following excerpt reproduces the content prompt, with elisions

marked. The omitted material includes technology-stack categories, worked examples,

and the output schema. The complete prompt is stored as1_prompt_v2tax_c89b69551fb2.txt;

its hash is recorded with the labels. The separate AI-cue prompt is1_prompt_aicue_072aa92db773.txt.

The role and horizon definitions used in the paper appear in the excerpt below.

System message, abridged:

You are a senior semiconductor-industry analyst. You will be given statements taken

verbatim from AI/semiconductor conference keynotes. Label each one on the dimensions below.

Judge every statement on its own; do not let neighbouring statements influence it.

[...]

1) SCREENING -- three questions about the TEXT ITSELF. Answer each one literally.
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DO NOT judge whether the statement is important, interesting, newsworthy or substantive

enough.↩→
That judgement is not yours to make here: a one-line spec off a slide counts exactly as much

as a↩→
product launch. Answer only what is asked.

has_specific : yes/no -- does the text contain AT LEAST ONE of: a number or quantity, a

product or↩→
platform name, a company or customer name, a process node, a date or year?

Count it even if that is the whole text.

[...]

claim_type : fact | commentary | none -- WHAT KIND of statement is it? This is the field

that↩→
decides everything, so read the three definitions carefully.

`fact` : it states an attribute, capability, state, event, quantity or date OF A

CONCRETE THING -- a chip, a node, a package, a piece of software, a

model, a↩→
customer, a fab, a market, a transaction. Something a reader could in

principle check. Being brief, unquantified or fragmentary does not stop

it↩→
from being a fact.

"x86 performance with Arm-competitive energy efficiency" -> fact

"Abnormal traffic detection" -> fact (a

capability)↩→
"Uses Integrated Fan-Out technology" -> fact

"Extension of N4P technology" -> fact

"From any cloud or on-prem you can monitor your fleet" -> fact (a

capability)↩→
"The amazing amount of high speed memory lets the GPU work on

very large data sets" -> fact (an

attribute)↩→
"New dedicated fab announced for 3DFabric assembly and test" -> fact (an event)

"I expect Eos to be the fastest AI computer in the world" -> fact (an

expectation↩→
about a named

system)↩→
"Only foundry capable of massive 7nm volume production" -> fact (a

checkable↩→
claim about

capability)↩→

`commentary` : it evaluates, interprets or frames rather than states -- how important,
aggressive, transformative or well-positioned something is; where the

industry↩→
is heading in general terms; what the speaker intends or believes; an

explanation of a concept. Nothing here is checkable against a fact.

"Neoverse represented Arm's most aggressive move into Intel's

traditional territory" -> commentary

"Agents agents is a new workload." -> commentary

[...]

excluded : none | consumer_feature | third_party

Two categories are excluded BY RESEARCH DESIGN, regardless of how specific they are.
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consumer_feature : an on-device capability offered to the end user, EVEN IF performed

by AI↩→
-- camera, photo/video editing, display, audio, gaming, connectivity features.

What a↩→
phone does for its owner updates no belief about how strong or cheap compute is.

BUT a number describing the silicon or the model is NOT excluded:

"using AI to remove unwanted objects from full resolution videos" ->

consumer_feature↩→
"industry first to stream lossless CD bluetooth audio" ->

consumer_feature↩→
"45 TOPS of AI performance" -> none

"the NPU is 4.5x faster than the previous generation" -> none

third_party : a third party's own situation with no transaction with the speaker

"GlobalFoundries still pursuing 7nm" ->

third_party↩→

is_news is then DERIVED, not asked: news iff claim_type = fact and excluded = none.

Do not output is_news. has_specific is recorded for diagnostics only and does not enter the

rule,↩→
so answer it honestly rather than to steer the outcome. If the derived value is not_news,

layer/sublayer/role/horizon are ignored, so you may still fill them; they will be discarded.

GRAMMAR IS NOT A CRITERION. These statements come from slides, spec tables and bullet lists

as↩→
well as from speech, so many are fragments with no subject or verb. Fragments are usually

facts:↩→

[...]

3) role -- WHAT DOES IT LET A LISTENER UPDATE? (economics; this is the dimension that matters)

Ask: after hearing this, do I revise my belief about HOW STRONG/CHEAP COMPUTE CAN GET, or

about↩→
HOW MUCH OF IT PEOPLE WILL BUY?

tech : capability itself -- a new architecture, a faster node, a benchmark, a new

library,↩→
a roadmap to a future generation. The speaker is saying "this is what I can now

do".↩→
demand : who wants it and how much -- a named customer deploying or running it, orders,

shipments, revenue, customers' capital expenditure, market-size or growth

forecasts,↩→
AND capacity expansion (building fabs and adding wafer capacity is a response to

demand, so it updates beliefs about demand, not about capability).

context : neither -- government policy and export controls, the speaker's strategy or

positioning, industry background, competitive commentary.

[...]

Rules that decide most hard cases:

* A named customer DOING something with the technology is `demand`, whatever the layer --
even when the sentence is phrased as a partnership.

* Ecosystem and partner counts are `demand` only when they measure uptake (developer
counts,↩→

customers shipped to). A partnership announced with no deployment behind it is

`context`.↩→
* A NODE OR PRODUCT REACHING PRODUCTION IS `tech`, NOT `demand`. "N3 enters high-volume
manufacturing in H2 2022", "5nm high-volume production: 2020", "risk production Q1 2020"

say↩→
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that the technology is ready and usable -- they update capability, so they are tech.

Only a↩→
CAPACITY quantity is demand: wafers per month, a fab being built, a capex figure, a

stated↩→
expansion ("CoWoS capacity doubles to 70k wafers/month"). Reaching production = tech;

how much of it there is = demand.

* Making a technology AVAILABLE to customers or partners is `tech` (it is the capability
being↩→

released): "Holoscan is generally available in May", "I will make NVLink available to

partners to build companion chips". It becomes demand only once someone is named as

taking it.↩→

[...]

4) horizon -- present | future | na

The question is whether the fact is ALREADY REALISED or NOT YET, because only the latter

revises expectations about the future.

future : explicitly not yet realised -- "will be", previewed, planned, a dated roadmap, a

node or product scheduled for a later year ("N2 enters production in 2026";

"in 2028 I will introduce Florence").

present : everything else that has already happened or already exists. This includes facts

with no explicit time marker: prices, cumulative shipments, revenue shares, the

specifications of an existing product ("Price: $69,000"; "150+ billion Arm-based

chips shipped to date"; "North America = 71% of TSMC revenue"; "TIV pitch:

300um").↩→
Absence of a time word is NOT a reason to choose na.

na : reserve for the rare case where the statement is neither realised nor tied to any

future point.

User message: a JSON array of the sentences to label, each as {"id": <id>, "text":

<the sentence>}, with the preceding and following sentence given as context in the

same object. Temperature is zero.

Validity of the sublayer field. The taxonomy permits each sublayer under exactly

one layer, so a response pairing a sublayer with the wrong layer is detectably wrong

without any reference to a human label. Across the corpus, 355 sentences of 98,440

— 0.36 per cent — come back that way. I keep the layer, which is the coarser and

better-identified of the two, and void the sublayer rather than discard the sentence.

This is a lower bound on the error rate in the sublayer field and says nothing about

sentences where the pairing is internally consistent but wrong.

Models compared. I need the model whose labels track a human reading of the

same sentences. I compare five OpenAI models on the 400 hand-annotated sentences

under an identical prompt: gpt-4.1-mini, gpt-4o, gpt-5-mini, gpt-4o-mini and

gpt-4.1-nano. Table 12 reports accuracy and F1 against the human labels for each of

the four annotated dimensions. The quantity I select on is neither of those but the bias

in the corpus share — the model’s share of each category minus the annotator’s, both
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reweighted by label-cell population — and it is given in the text below, because every

regression in the paper uses the shares rather than the sentence labels.

Table 12: Agreement with the human annotation

is news capability horizon summary

Model Acc. F1 Acc. F1 Acc. F1 F1

∑︁ |bias|
gpt-4.1-mini 0.75 0.793 0.83 0.893 0.87 0.924 0.870 0.182
gpt-4o 0.77 0.804 0.86 0.907 0.86 0.914 0.875 0.339

gpt-5-mini 0.76 0.808 0.86 0.915 0.88 0.929 0.884 0.204

gpt-4o-mini 0.74 0.782 0.82 0.881 0.77 0.853 0.839 0.279

gpt-4.1-nano 0.61 0.672 0.73 0.820 0.60 0.710 0.734 0.487

Notes: The author annotated 400 sentences sampled equally from five label cells and scored with

population reweighting. Accuracy and F1 use the reported majority category in each dimension;

F1 averages the three F1 scores.

∑︁ |bias| is the sum of absolute discrepancies between model

and human category shares. Role and horizon scores condition on both model and annotator

assigning news, leaving 194, 193, 200, 190, and 159 observations by row. Prompt development

used the annotated sentences, so these are in-sample agreement measures, not held-out accuracy.

Layer and sublayer are not validated against human labels in this table.

Model selection. I use gpt-4.1-mini, which has the smallest total absolute share

discrepancy in Table 12: 0.182, compared with 0.204 for gpt-5-mini. Its mean F1 is

0.870, below 0.884 for gpt-5-mini and 0.875 for gpt-4o. I emphasize share discrep-

ancies because the regressions use content shares. However, low discrepancy at the

pooled-corpus level need not imply low error in each event’s share: offsetting errors

across keynotes can still bias the estimated content interactions. The comparison does

not quantify that error.

Human annotation. The author annotated 400 sentences sampled in equal numbers

from five label cells and scored with population reweighting. The annotation sheet

provided adjacent sentences but omitted event names, dates, and model labels. Twenty

unmarked duplicates were included to assess within-annotator consistency. Agree-

ment was 90 per cent for the news screen and 83.3 per cent for economic role; agreement

on horizon was complete among the twelve duplicated news observations. These are

small-sample repeatability measures, not ceilings on model accuracy or evidence of

inter-annotator agreement.
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D Post-2015 Subsample

Figure 21: Dividend-futures responses: post-2015 and full samples
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Notes: As Figure 7, for dividend-futures responses in per cent per percentage point of sector return.

Dividend-futures data begin in November 2015, so the calendar restriction does not remove observations

from their baseline estimation sample.
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Table 13: Equation (4) on the full sample and from 2015

Maturity (years)

1 2 3 5 7 10

Panel A. Full sample (112 keynote-days, basis points per percentage point)

Surprise 𝑧𝑑 2.103 0.921 -0.164 -1.934* -2.744*** -2.409***

(1.723) (1.554) (1.165) (1.095) (0.696) (0.728)

×𝑍𝐶
𝑑

(realised, against demand: 𝛾𝑃
𝑚) -1.688 0.079 1.004 3.628** 4.546*** 3.893***

(2.291) (2.096) (1.694) (1.627) (1.042) (1.086)

×𝑍𝐹
𝑑

(promised less realised: 𝛿𝑚) -3.341 -7.409** -5.591** -6.898*** -5.739*** -4.040*

(2.505) (3.114) (2.582) (2.344) (1.883) (2.133)

Capability share 𝐶𝑑 -0.516 -1.982* -1.905** -1.487* -0.970 -0.893

(1.275) (1.080) (0.945) (0.847) (0.716) (0.692)

Forward share 𝐹𝑑 1.713 13.259** 14.357*** 9.172** 5.667 5.936

(7.229) (6.100) (5.334) (4.649) (4.460) (4.116)

Derived: the net response 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹 at each evaluation point, and their difference.
At a realised-heavy keynote (𝐶 = 0.89, 𝐹 = 0.06) 0.392 0.532 0.383 0.870** 0.950*** 0.809***

(0.456) (0.436) (0.420) (0.409) (0.267) (0.269)

After a forward-heavy keynote (𝐶 = 0.68, 𝐹 = 0.21) 0.259 -0.571 -0.648 -0.907** -0.852*** -0.606*

(0.366) (0.472) (0.427) (0.360) (0.308) (0.337)

Difference (realised less forward) 0.133 1.103* 1.032* 1.778*** 1.802*** 1.415***

(0.640) (0.627) (0.528) (0.522) (0.410) (0.442)

Observations 5,523 5,439 5,589 5,557 5,603 5,657

Keynote days 104 101 105 107 106 106

Panel B. From 2015 (73 keynote-days, basis points per percentage point)

Surprise 𝑧𝑑 -1.452 -1.994 -1.130 -2.063 -1.685 -1.741

(2.550) (2.204) (1.636) (1.336) (1.192) (1.188)

×𝑍𝐶
𝑑

(realised, against demand: 𝛾𝑃
𝑚) 3.336 3.789 2.558 3.742** 3.166** 3.043*

(3.345) (2.946) (2.220) (1.830) (1.595) (1.597)

×𝑍𝐹
𝑑

(promised less realised: 𝛿𝑚) -3.141 -4.094 -3.909* -4.463** -4.759*** -2.967*

(2.225) (2.542) (2.288) (1.992) (1.829) (1.775)

Capability share 𝐶𝑑 -1.778 -2.514* -2.103* -1.502 -1.204 -0.977

(1.377) (1.331) (1.116) (0.942) (0.845) (0.819)

Forward share 𝐹𝑑 8.107 14.449** 15.222*** 9.983** 7.622 7.314

(6.597) (6.407) (5.887) (4.953) (4.964) (4.552)

Derived: the net response 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹 at each evaluation point, and their difference.
At a realised-heavy keynote (𝐶 = 0.89, 𝐹 = 0.06) 1.325** 1.128** 0.906** 0.994** 0.840*** 0.786**

(0.558) (0.539) (0.445) (0.397) (0.324) (0.321)

After a forward-heavy keynote (𝐶 = 0.68, 𝐹 = 0.21) 0.160 -0.273 -0.207 -0.451 -0.526* -0.292

(0.373) (0.425) (0.386) (0.301) (0.299) (0.281)

Difference (realised less forward) 1.165 1.401* 1.114* 1.445*** 1.367*** 1.078**

(0.786) (0.732) (0.570) (0.468) (0.416) (0.421)

Observations 2,849 2,817 2,943 2,910 2,961 2,969

Keynote days 66 63 67 68 68 68
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E Ordinary-Return Check

Section 9.3 reports the content interaction coefficients; this appendix reports every

coefficient behind them, including the fitted net responses.

Table 14: Equation (4) with and without the ordinary sector return

Maturity (years)

1 2 3 5 7 10

Panel A. Equation (4) (basis points per percentage point)

Surprise 𝑧𝑑 2.103 0.921 -0.164 -1.934* -2.744*** -2.409***

(1.723) (1.554) (1.165) (1.095) (0.696) (0.728)

×𝑍𝐶
𝑑

(realised, against demand: 𝛾𝑃
𝑚) -1.688 0.079 1.004 3.628** 4.546*** 3.893***

(2.291) (2.096) (1.694) (1.627) (1.042) (1.086)

×𝑍𝐹
𝑑

(promised less realised: 𝛿𝑚) -3.341 -7.409** -5.591** -6.898*** -5.739*** -4.040*

(2.505) (3.114) (2.582) (2.344) (1.883) (2.133)

Capability share 𝐶𝑑 -0.516 -1.982* -1.905** -1.487* -0.970 -0.893

(1.275) (1.080) (0.945) (0.847) (0.716) (0.692)

Forward share 𝐹𝑑 1.713 13.259** 14.357*** 9.172** 5.667 5.936

(7.229) (6.100) (5.334) (4.649) (4.460) (4.116)

Derived: the net response 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹 at each evaluation point, and their difference.
At a realised-heavy keynote (𝐶 = 0.89, 𝐹 = 0.06) 0.392 0.532 0.383 0.870** 0.950*** 0.809***

(0.456) (0.436) (0.420) (0.409) (0.267) (0.269)

After a forward-heavy keynote (𝐶 = 0.68, 𝐹 = 0.21) 0.259 -0.571 -0.648 -0.907** -0.852*** -0.606*

(0.366) (0.472) (0.427) (0.360) (0.308) (0.337)

Difference (realised less forward) 0.133 1.103* 1.032* 1.778*** 1.802*** 1.415***

(0.640) (0.627) (0.528) (0.522) (0.410) (0.442)

Observations 5,523 5,439 5,589 5,557 5,603 5,657

Keynote days 104 101 105 107 106 106

Panel B. Adding the ordinary sector return 𝑟𝑡 (basis points per percentage point)

Ordinary sector return 𝑟𝑡 (𝜓𝑚) 0.224* 0.411*** 0.499*** 0.457*** 0.375*** 0.414***

(0.126) (0.080) (0.065) (0.053) (0.042) (0.044)

Surprise 𝑧𝑑 1.866 0.486 -0.692 -2.425** -3.140*** -2.846***

(1.729) (1.556) (1.173) (1.098) (0.704) (0.732)

×𝑍𝐶
𝑑

(realised, against demand: 𝛾𝑃
𝑚) -1.655 0.142 1.078 3.707** 4.602*** 3.955***

(2.296) (2.103) (1.712) (1.636) (1.059) (1.099)

×𝑍𝐹
𝑑

(promised less realised: 𝛿𝑚) -3.410 -7.524** -5.730** -7.026*** -5.843*** -4.146*

(2.528) (3.163) (2.654) (2.402) (1.930) (2.199)

Capability share 𝐶𝑑 -0.511 -1.973* -1.893** -1.471* -0.962 -0.875

(1.276) (1.082) (0.949) (0.849) (0.719) (0.695)

Forward share 𝐹𝑑 1.820 13.469** 14.607*** 9.385** 5.845 6.080

(7.241) (6.114) (5.355) (4.665) (4.472) (4.132)

Derived: the net response 𝛽𝑚 + 𝛾𝑃𝑚𝐶 + 𝛿𝑚𝐹 at each evaluation point, and their difference.
At a realised-heavy keynote (𝐶 = 0.89, 𝐹 = 0.06) 0.181 0.146 -0.086 0.442 0.597** 0.420

(0.474) (0.448) (0.432) (0.417) (0.277) (0.280)

After a forward-heavy keynote (𝐶 = 0.68, 𝐹 = 0.21) 0.031 -0.987** -1.154*** -1.371*** -1.232*** -1.023***

(0.392) (0.486) (0.439) (0.371) (0.315) (0.348)

Difference (realised less forward) 0.150 1.133* 1.068** 1.813*** 1.829*** 1.443***

(0.646) (0.638) (0.544) (0.532) (0.420) (0.455)

Observations 5,523 5,439 5,589 5,557 5,603 5,657

Keynote days 104 101 105 107 106 106

Notes: Inflation-swap changes in basis points per percentage point of index return. Baseline columns

reproduce equation (4); the + 𝑟𝑡 columns add the ordinary sector return of equation (9). The profile

contrast is the difference in the fitted response between the delivered-heavy and promised-heavy profiles,

(𝐶, 𝐹) = (0.89, 0.06) and (0.68, 0.21), computed from the full coefficient covariance matrix; the intercept

𝛽𝑚 cancels from it. The last line reports 𝜓𝑚 at selected maturities. HC1 standard errors.
∗
,
∗∗

and
∗∗∗

denote significance at ten, five and one per cent.
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F Responses across the Content Distribution

Figure 22 adds the bottom decile of each content ranking to the top-decile profiles

in Figure 6. All responses are evaluations of equation (4); the regression sample and

coefficients are unchanged. The additional profiles show how fitted responses vary

over the observed content distribution.

Figure 22: The net response at both ends of both cuts.
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Notes: As Figure 6, with the lowest eleven conference days on each ranking added. Top row, cut on

the realised share: the low end carries 𝐶 = 0.494 against 0.891 at the high end. Bottom row, cut on the

forward share: 𝐶 = 0.694 against 0.680, so the two ends differ almost only in the horizon.

The two rankings vary different aspects of content. Ranking on delivered capa-

bility changes the total capability share substantially, from 0.494 at the bottom to 0.891

at the top. At the demand-heavy bottom profile, seven-year inflation expectations

falls by 1.19 basis points. Ranking on the forward share instead holds total capability

approximately fixed, at 0.694 and 0.680. Its low-forward-share profile gives a positive

response of 0.84 basis points at two years. The figures thus illustrate both the role and

horizon margins. Dividend-futures estimates remain positive across the displayed

profiles, without comparably clear content differentiation.
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G Randomized Horizon-Label Diagnostic

Delivered and promised capability shares satisfy 𝑃𝑒 + 𝐹𝑒 = 𝐶𝑒 . Holding total

capability content fixed, increasing one share necessarily reduces the other. This raises

the concern that the opposing inflation responses reflect the mechanical construction

of the shares rather than economically meaningful differences in disclosure content.

The adding-up identity does not itself require opposite regression coefficients, but

it motivates checking whether a content-free division of capability news produces a

similar pattern.

I therefore compare the observed horizon split with random assignments of capa-

bility sentences to delivered and promised categories. The randomization preserves

total capability content and the overall expected forward-looking fraction while remov-

ing the observed relationship between sentence content and horizon. This provides

a benchmark for assessing whether the observed opposition is typical of an arbitrary

split. Because the exercise uses separate single-share regressions, it is a diagnostic

of the horizon partition rather than a direct test of the joint horizon interaction in

equation (4).

This appendix thus compares the observed horizon-label pattern with random

assignments of capability sentences to horizons. The random split preserves 𝑃𝑒 + 𝐹𝑒 =

𝐶𝑒 while removing the observed sentence-level horizon assignment. It evaluates a

specific random-label benchmark rather than a general algebraic restriction on jointly

estimated coefficients.

The classifier assigns each of the 12,598 capability sentences in the sample to one

of two horizons; 1,466 of them, or 11.64 per cent, are forward-looking. The placebo

discards that assignment. For each keynote with 𝑛 capability sentences it draws

𝑘∗ ∼ Binomial(𝑛, 0.1164) and sets

𝐹∗
𝑒 = 𝑘∗/den𝑒 , 𝑃∗

𝑒 = (𝑛 − 𝑘∗)/den𝑒 ,

so that 𝑃∗
𝑒 + 𝐹∗

𝑒 = 𝐶𝑒 exactly, the expected sentence-weighted forward fraction matches

the observed fraction, and which sentences count as forward-looking is unrelated to

what they say. Everything else is held fixed: the same keynotes, the same surprises, the

same calendar, and the same single-share interaction regression, estimated separately

for each share on the ten inflation-swap maturities. Each run yields a vector of ten

𝑡 statistics on 𝛾𝑚 , and the two vectors are summarised by their correlation and by

the share of maturities at which they disagree in sign. Two thousand draws give the

distribution of those two statistics under a split that carries no information.

The observed horizon split gives a correlation of +0.233 between the coefficient-𝑡

vectors and opposite signs at eight maturities. Random splits give a mean correlation

of +0.757 and opposite signs at 27 per cent of maturities. The observed pattern is less
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positively correlated and more often opposite-signed than the typical random split.

This comparison does not establish that the adding-up identity itself forces jointly

estimated coefficients toward either sign pattern.

Figure 23: Two thousand random splits of capability news.
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Splitting capability news at random reproduces the opposition --- or does it?

Notes: Each placebo draw reassigns every capability sentence to the forward-looking horizon with

probability 0.1164, recomputes the two shares, re-estimates the separate single-share regressions on

the ten inflation-swap maturities, and records the correlation between the two vectors of 𝛾 𝑡 statistics

and the share of maturities at which they disagree in sign. The vertical line is the value the horizon split

produces.

Of 2,000 draws, 36 produce at least as much sign disagreement (𝑝 = 0.018), and

156 produce a correlation as low as observed (𝑝 = 0.078). The random-split correlation

has a standard deviation of 0.323 and a minimum of −0.893. The probabilities describe

the specified random-label comparison.

H Issuer–Peer Return Patterns and Disclosure Content

Section 8.2 divides the events by the joint sign of the presenting firm’s return and

the return of its semiconductor peers. This appendix displays the issuer–peer return

distribution and its relationship with keynote content.

Figure 24: The issuer–peer sign split and the content of the keynotes it separates
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Notes: Both panels use the 129 keynotes of the event set for which the presenting firm and at least five

of the other semiconductor names in the universe of Section 6.1 can be priced over the keynote’s pair of

closes; the peer portfolio is equal-weighted and excludes the presenter. Panel A plots the two returns

against each other, coloured by quadrant. Panel B plots the capability share of each keynote by quadrant,

with horizontal bars at the group means. Returns in this descriptive figure are raw. The regression

classification in Section 8.2 instead uses firm-specific market-model residuals; the raw-return quadrant

counts are therefore distinct from the common- and relative-repricing regression groups.

Two things are visible. The first is that the split has real variation: the two returns

are positively related but far from collinear, and 36 of the 129 keynotes fall in the off-

diagonal quadrants, 14 with the presenter up and its peers down and 22 the other way

round. The second is that average capability content differs little across the raw-return

quadrants. The capability share averages 0.740 where both legs rise, 0.722 where both

fall, 0.756 where the presenter alone rises and 0.730 where the presenter alone falls;

the common-minus-relative difference is −0.009. The return-sign grouping and the

text shares describe distinct features of the same events. Similar group means do not

establish statistical independence.

I Additional Treasury-Yield Results

This appendix reports the Treasury-yield estimates discussed in Sections 9.1 and 7.

Daily changes in nominal yields, TIPS yields, and break-even inflation are estimated

using equation (4).

Figure 25: Treasury yields responses by contents
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Notes: The net response 𝛽 + 𝛾𝐶 + 𝛿𝐹 from equation (4), in basis points per percentage point of index

return, with standard errors from the full 3×3 covariance of the three coefficients. The two content points

are the ends of the forward-share ranking: a low-forward-share keynote at 𝐶 = 0.694, 𝐹 = 0.019 and a

forward-heavy one at 𝐶 = 0.680, 𝐹 = 0.209, the mean content of the eleven conference days at each end

of the forward share. Whiskers are 90 per cent intervals and the number above each bar is the 𝑡 statistic.
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