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Market Efficiency When Machines Access Information

Abstract

As machines become more prevalent in financial markets, how is informational efficiency impacted?
Using 2003-2016 SEC EDGAR 8-K logs, we distinguish cloud-based automated viewership from both
human access and non-cloud machine facilities. We find that automation’s efficiency gains concentrate in
cloud-originated machine access, which significantly reduces the magnitude of delayed price adjustments
following informational events. We use unplanned cloud outages to estimate the effect of cloud avail-
ability on post-disclosure price efficiency. These outages are best interpreted as bundled disruptions to
cloud-based information infrastructure, encompassing direct EDGAR access as well as downstream dis-
semination, analytics, and trading-related channels. Complementary mechanism tests link cloud-based
access to informed trading and patterns consistent with sophisticated market participants. Finally, these
gains are most pronounced for quantitative and negative disclosures, but attenuate for narrative filings

that require more human interpretation.
Keywords: Market efficiency; Information acquisition; Informed trading.
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“Thirty years ago the best fund manager was the one with the best intuition...” Now those who take a

“scientific approach,” using machines, data and Al, can have an edge.

The Economist (October 5th, 2019) quoting David Siegel, co-chairman of Two Sigma

1. Introduction

As automated agents operating on scalable cloud infrastructure play a larger role in financial markets,
how is informational efficiency impacted? One possibility is that information is processed faster and in
greater volumes, leading to improved price discovery and increased informational efficiency. However,
machines are not infallible and can make errors in processing and interpreting information, especially
when dealing with qualitative or context-dependent disclosures. Such information often requires human
judgment for complete synthesis. Furthermore, in settings where human attention is already highly
effective at incorporating these details into prices, the marginal contribution of machine-driven processes
may be limited because little remains. Whether, and in which settings, automated processing improves
informational efficiency is ultimately an empirical question with significant implications for the functioning
of financial markets and the efficient allocation of resources and risk.!

We analyze how automated information acquisition affects price inefficiency (PI) using SEC EDGAR
server log data from 2003 to 2016. Our data allow us to distinguish whether Form 8-K disclosures are
accessed by machines or humans and whether that access originates from scalable public cloud infras-
tructure or other computing facilities. This sample period provides a valuable institutional context for
studying cloud-based information retrieval before the widespread migration of core market infrastructure
to the public cloud. We find that efficiency gains from automation are concentrated in cloud-based ma-
chine access. In particular, greater viewership by these automated agents is associated with significantly
lower post-filing price reversals and drift. To assess causal evidence, unplanned cloud outages are used as
exogenous shocks to cloud availability around disclosure events. These outages are interpreted as bundled
disruptions to cloud-based information infrastructure, potentially affecting direct EDGAR access, down-

stream dissemination, analytics, trading systems, and liquidity provision. Therefore, the instrumental

!This question has also attracted significant attention from the business press. For example, an article in The Economist
(October 5, 2019) highlights concerns arising from increased robotisation of financial markets: “The rise of financial roboti-
sation is not only changing the speed and makeup of the stock market. It also raises questions about the function of markets,
the impact of markets on the wider economy, how companies are governed and financial stability.”



variable evidence addresses the effect of cloud availability on post-disclosure price efficiency rather than
isolating a single information retrieval channel. Complementary mechanism tests highlight the importance
of direct cloud-based EDGAR access within this broader channel: cloud-originated machine access is as-
sociated with more informed trading and greater trading activity, consistent with sophisticated-investor
participation. These gains are most pronounced when disclosures contain quantitative and negative
information, but are weaker for disclosures with more narrative content or those requiring contextual
processing.

This study complements prior work on the expansion of automation in financial markets, which
has primarily focused on how advances in trading technology affect price discovery. A growing literature,
including Brogaard et al. (2014) and Chakrabarty et al. (2022), shows that high-frequency traders (HFTs)
can accelerate price adjustment at intraday horizons, while Baldauf and Mollner (2021) and von Beschwitz
et al. (2020) emphasize the role of speed in liquidity provision around information events. In contrast, our
study focuses on a complementary margin: information acquisition. Our approach builds on established
studies that use EDGAR server logs to measure investor attention (e.g., Iliev et al., 2021; Crane et al.,
2023), but departs from them by isolating the composition and infrastructure of disclosure viewership.
By comparing public cloud-based machine access with human access to Form 8-K disclosures, we show
that scalable computing power can improve informational efficiency not only through faster trading but
also through more effective acquisition and processing of corporate disclosures.

We document a sharp increase in public cloud-based machine viewership of Form 8-K filings over
our sample period.? Specifically, the share of total machine viewership originating from public cloud
platforms (e.g., Amazon Web Services) grew from just 1% before 2008 to 14% in 2008, 35% in 2012, and
62% by 2016. In absolute terms, the volume of total machine downloads surged from 0.57 million in 2008
to 8.78 million in 2016. In contrast, human viewership remained remarkably stable, averaging roughly
0.30 million views per year. This rapid growth is consistent with the expanding footprint of quantitative
investment strategies and the broader adoption of public cloud infrastructure, which provides a scalable,
stable, and low-maintenance environment for deploying automated information-acquisition pipelines.

To characterize these distinct acquisition channels, this study first analyzes their determinants. Ma-

2An article in The Economist on December 21, 2020, states that “For most of the past decade more trades have been
done at high frequency by complex algorithms than by humans.”



chine access is more uniform across stocks and exhibits minimal firm preference, which aligns with greater
processing capacity. In contrast, human access is concentrated in the 8-K filings of large and value firms,
consistent with attention rationing. This pattern is also evident for Friday filings: consistent with limited
investor attention on Fridays (Dellavigna and Pollet, 2009), human viewership declines markedly, whereas
public-cloud machine viewership remains stable.

To measure delays in price discovery, we define price inefficiency (PI) as the absolute price drift
or reversal over 2-10 and 2-20 windows following an 8-K disclosure released on the event date. We
find that higher public-cloud machine viewership is associated with lower post-filing PI, consistent with
the deployment of computation-intensive trading strategies often associated with sophisticated investors.
In contrast, direct machine access from institutional-investor networks is unrelated to PI, suggesting
that office-based institutional traffic is not a clean proxy for the most automation-intensive information-
acquisition strategies. Additionally, higher human viewership is associated with larger post-filing PI.
These outcomes are robust to extensive controls, fixed effects, alternative PI specifications, and a variance
decomposition isolating noise from information.

To provide evidence beyond cross-sectional associations, our analysis is formalized within an instru-
mental variable (IV) framework that leverages unplanned cloud outages. These outages are interpreted
as exogenous shocks to cloud availability around disclosure events, rather than as disruptions that solely
affect machines’ direct access to, or trading on, EDGAR filings. During the sample period, these outages
are plausibly exogenous to firms’ information environments and can temporarily disrupt multiple cloud-
mediated components of the information-processing ecosystem, including EDGAR retrieval, downstream
dissemination, analytics, trading infrastructure, and liquidity provision. Consistent with the relevance
of cloud availability for disclosure processing, outages are found to reduce cloud-based EDGAR viewer-
ship within the first trading day, and IV estimates indicate that reduced cloud availability weakens price
discovery.

The channels through which cloud-originated access and cloud availability may enhance price efficiency
are examined, with a focus on trading by sophisticated investors as a key component of the broader cloud-
enabled information-processing channel. Within this framework, automated systems can retrieve and

parse disclosures, feed the resulting signals into quantitative models, and generate trades that incorporate



this information into prices more rapidly. Additionally, cloud-based retrieval and processing infrastructure
may disseminate information to downstream users or influence liquidity provision. Consistent with this
broader interpretation, public cloud-based machine viewership is strongly associated with post-filing
measures of informed trading (e.g., PIN) and overall algorithmic trading activity (Weller, 2018). By
contrast, human viewership is associated with lower informed-trading intensity.

We also distinguish cloud-based disclosure processing from high-frequency trading (HFT), a subset of
algorithmic trading that primarily exploits short-horizon patterns and order-flow information. Although
our HFT proxy is independently associated with more efficient price reactions, the association between
cloud-based viewership and post-filing price efficiency remains statistically significant after controlling for
HFT activity. Thus, our findings are not subsumed by prior evidence on HFT’s role in intraday price
discovery (e.g., Carrién, 2013; Brogaard et al., 2014). Whereas HFT accelerates intraday adjustments
by inferring information from order flow, we document daily-horizon reductions in delayed post-filing
adjustments associated with cloud-based acquisition, processing, and dissemination of public corporate
disclosures.

To corroborate that the increase in public cloud-based access is consistent with sophisticated investors’
adoption of automation, we link filing-level automation intensity to institutional access patterns. We find
that higher automation intensity is associated with a greater proportion of public cloud-based access and
a significant reduction in manual (human) viewership among both broad institutional investors and hedge
funds. These findings are consistent with a substitution pattern: as sophisticated investors increasingly
migrate their quantitative infrastructure to the cloud, their reliance on manual data retrieval decreases.

Finally, we examine where machines or humans appear to have a comparative advantage, focusing on
heterogeneity in filing content. Consistent with the notion that scale and speed matter most for structured
signals, the efficiency gains associated with public cloud-based machine access are pronounced when
disclosures are more “hard” and numerically intensive. However, this advantage is not universal. When
disclosures are less standardized, the cloud-machine association with lower PI attenuates, consistent with
algorithms being less effective in the face of more idiosyncratic formats. Relatedly, algorithms display
heightened resilience to behavioral biases, remaining robust to disclosures laden with negative sentiment

that can impede human decision-making. To address concerns about soft” information more directly,



we use readability as a proxy for semantic complexity. In our sample period, the positive association
between human attention and price inefficiency is weaker for hard-to-read filings, whereas we do not see
a comparable readability-based advantage for cloud machines. We interpret this pattern as consistent
with some human readers extracting incremental value from semantically complex, narrative disclosures,
while the algorithmic tools prevalent during our 2003-2016 sample period were more limited in parsing
low-readability text.

We also examine the role of sequential or incremental information. We find that the positive re-
lation between human viewership and post-filing PI is attenuated when events are pre-scheduled and
expectation-based, and when information is heavily intermediated. For earnings-related Item 2.02 filings,
a pre-scheduled, expectation-based setting, greater human viewership is associated with a less pronounced
increase in post-filing PI. On the other hand, the scope for cloud-based access to improve efficiency is
smaller when the firm’s information environment is already rich (proxied by analyst coverage), whereas
the efficiency losses from human access become less pronounced. We interpret these results cautiously
because pre-scheduled earnings settings also involve pre-allocated attention and richer contextual infor-
mation. These results are consistent with the notion that sequential learning and pre-existing information
intermediation leave less room for gradual post-filing adjustment.

Our paper makes three key contributions. First, we add to the literature on information acquisition
and market efficiency. While an extensive body of work utilizes EDGAR data to measure investor atten-
tion and information acquisition (Iliev et al., 2021; Gibbons et al., 2020; Crane et al., 2023; Li and Sun,
2022; Cao et al., 2021; Ben-Rephael et al., 2022), and prior studies examine human heterogeneity in this
context (Drake et al., 2015; Dyer, 2019), less is known about how automated parsing and cloud-enabled
information infrastructure shape price discovery. Concurrently, while some research demonstrates the
predictive power of machine learning in asset pricing (Gu et al., 2020), the role of these computationally
intensive strategies in post-disclosure price discovery remains insufficiently explored. We fill this gap
by showing that automated access originating in the public cloud is associated with materially lower
delayed post-filing adjustments and by using cloud outages to estimate a broader cloud-availability effect
on post-disclosure price efficiency.

Second, our results inform policy efforts on regulatory mandates for machine-readable disclosures.



Prior work suggests that machine-friendly formatting disproportionately benefits sophisticated investors
(Blankespoor et al., 2014; Gao and Huang, 2020). Our findings deliver novel, venue-specific evidence
supporting this view. While institutions and related cloud-mediated information infrastructures can use
machine-readable disclosures in ways that improve overall price efficiency, this pattern may widen the
informational gap for less sophisticated investors who rely on traditional, manual acquisition channels.
Finally, we contribute to the literature on price informativeness by providing evidence on the mecha-
nisms of information acquisition. While it is well established that sophisticated investors (Akbas et al.,
2015; Kokkonen and Suominen, 2015; Cao et al., 2018) and HF Ts (Carrién, 2013; Brogaard et al., 2014)
can accelerate price discovery, a growing literature highlights the importance of investors’ data-processing
capacity and access to large-scale information (Begenau et al., 2018; Chen et al., 2020b). Building on
this foundation, we show that automated, cloud-based information acquisition and related processing are
associated with lower delayed post-filing adjustment. We demonstrate that automated strategies, distinct
from both HFT order-flow anticipation and traditional human analysis, are associated with lower delayed

post-announcement adjustment, thereby altering post-announcement price dynamics.

2. Theoretical Framework

Our study relates to several strands of literature on the impact of automation on market efficiency, the
mechanisms underlying information processing, and the relative competencies of machines and humans.
Our framework specifically draws on rational expectations models of endogenous information acquisition,
the literature on competition among algorithmic investors, and research analyzing the relative efficacy of

machines in processing structured versus unstructured data.

2.1. How does automation impact informational efficiency?

A key insight from rational expectations models is that costly information acquisition causes stock prices
to only partially reflect available information (Grossman and Stiglitz, 1980; Kyle, 1985, 1989; Admati
and Pfleiderer, 1988).% Advances in computing and automation reduce these costs, increase information
acquisition, and improve informational efficiency. Thus, as machines become more prevalent in financial

markets, we expect greater information acquisition and, on average, more efficient price adjustment,

3Sims (2003, 2006) argue that investors’ limited processing capacity further constrains the incorporation of information
into prices.



especially when disclosures are structured and machine-readable. Empirically evaluating these predictions
requires granular, time-stamped data on who accesses Form 8-K disclosures and from where. EDGAR log
files provide such information and have been widely used to proxy for investor attention and information
demand (Iliev et al., 2021; Gibbons et al., 2020; Crane et al., 2023; Li and Sun, 2022; Cao et al., 2021;
Ben-Rephael et al., 2022), as well as to study heterogeneity in access across investors (Drake et al.,
2015; Dyer, 2019). Using these data, we test whether cloud-based access to and processing of 8-K filings
improves informational efficiency, focusing on settings where such technologies are expected to have an
advantage.

Studies on the role of machine learning in financial markets argue that the cost of analyzing infor-
mation has declined sharply as automated processes replace manual efforts. Machines possess significant
economies of scale in processing information (Chen et al., 2020a), allowing sophisticated investors to
outperform traditional models (Gu et al., 2020) and extract value from textual data (Bybee et al., 2020).
As such technologies advance, sophisticated investors increasingly shift toward algorithmic, cloud-based
channels, displacing manual data retrieval. In contrast, less sophisticated investors, such as retail traders,
commonly lack advanced technical resources and rely more on public or social media sources and manual
efforts, which can cause delayed price responses or noise-driven trading (Huberman and Regev, 2001;
Pedersen, 2022).

Differences in behavioral and information-processing capacities further distinguish machine from hu-
man market participation. Machine-based quantitative strategies execute rules derived from data, making
them less susceptible to the emotional and heuristic biases that frequently distort human decision-making.
Relative to human investors subject to cognitive and information-processing constraints (Sims, 2003, 2006;
Peng, 2005), machine-based strategies can process large volumes of structured information at scale and
implement rule-based decisions rapidly. Conversely, human investors exhibit heterogeneous information-
processing models, interpreting identical public signals differently (e.g., Xiong, 2013), and often trade
for non-informational reasons such as sensation seeking or entertainment.? These human constraints

contribute noise to stock prices, dampening market efficiency.

4For example, Barber and Odean (2002) argue that overconfident traders can cause markets to underreact. Other studies
identify behavioral rationales for trading, including entertainment (Dorn and Sengmueller, 2009), sensation seeking (Barber
and Odean, 2008; Grinblatt and Keloharju, 2009), and gambling (Kumar, 2009; Cookson, 2018).



In sum, because machines and machine-learning methods can reduce information acquisition and pro-
cessing costs (Chen et al., 2020a), while investors remain subject to attention and information-processing
constraints (Sims, 2003, 2006; Peng, 2005), as well as costly, selective information acquisition (Veldkamp,
2006), our main hypothesis predicts that greater cloud-machine viewership of company information is

associated with higher informational efficiency and lower price inefficiency following information releases.

2.2. Shortcomings of machines and negative effects

Machines, like humans, are not infallible. Practitioners and academics have expressed concerns that
computing-intensive black-box algorithms can identify spurious correlations or data biases, leading them
to underperform traditional methods in the long run (Hulbert, 2020). Prior studies also argue that
some machine-learning strategies appear profitable but load on difficult-to-arbitrage stocks and often fail
once trading costs and other frictions are accounted for (Avramov et al., 2022). Moreover, machines
can be limited in their ability to process “soft” information relative to humans (Bradshaw et al., 2020).
More broadly, automation performs best when disclosures are readily machine-readable, implying that
its benefits accrue disproportionately to large, growth firms that generate abundant, easily codified data
(Begenau et al., 2018; Farboodi et al., 2022).

Dugast and Foucault (2018) highlight a trade-off between quick, automated decisions and slower,
more deliberate ones. Quick and automated decisions (reflecting machine-driven investment) can act
on information faster and profit from trading ahead of slower investors (reflecting more human-driven
investment). However, this speed can lead to occasional but substantial errors that differ from those
of more deliberate decision-making. Conversely, human-driven processes, while slower, benefit from the
ability to synthesize “soft” information and integrate signals of varying precision over time, thereby
mitigating specific types of algorithmic bias. As a result, while machines can accelerate price discovery,
they can also introduce new forms of error into the process.

Another potential downside explored in the algorithmic trading literature is that automated models
can unintentionally harm price informativeness. Faster speeds enable high-frequency traders (HFTs) to
successfully anticipate order flow, reducing the time informed traders have to act and thereby disincen-
tivizing information production (Weller, 2018; Baldauf and Mollner, 2020; Lee and Watts, 2021). In

our setting, while automated agents may accelerate price discovery through disclosure-related trading,



they might also crowd out human information acquisition. Furthermore, because liquidity providers also
employ these speed advantages, machine access can indirectly affect efficiency by altering market-making
dynamics. Given these competing positive and negative channels, whether the efficiency gains from

machine processing dominate remains an empirical question.

2.3. Information processing: machines vs. humans

Although machines have many advantages over humans, such as their ability to quickly process large
volumes of information, they are unlikely to dominate in all settings. The key question is when machines
have an edge and, conversely, when humans have an advantage.

First, we distinguish between “hard” (quantitative, numerical) and “soft” (qualitative, textual) infor-
mation. Machines excel at processing quantitative information due to their ability to efficiently analyze
large datasets, perform complex numerical computations, and identify patterns that are difficult for
humans to detect. In contrast, humans are better suited to interpreting unstructured, narrative-heavy
disclosures that require nuanced semantic interpretation and judgment. We therefore conjecture that ma-
chines have a comparative advantage in processing hard information, whereas humans have an advantage
in interpreting soft information.

Second, machines are largely insulated from the behavioral biases that affect human processing. An
extensive literature demonstrates that human sentiment contributes to market inefficiency, with negative
or pessimistic news often triggering disproportionate downward price pressure or underreaction (Baker
and Wurgler, 2006; Tetlock, 2007; Garcia, 2013). Because rule-based quantitative strategies are not
susceptible to emotional heuristics, we anticipate that machines will be more effective than humans at
efficiently incorporating information from disclosures laden with negative sentiment.

Third, notwithstanding these advantages, automated models’ ability to process qualitative informa-
tion is bounded by text readability and semantic complexity. During our sample period, NLP technologies
were limited in their ability to parse nuanced, low-readability narratives. As a result, while machines can
extract signals from standardized or readable text, they may struggle to contextualize convoluted disclo-
sures. In such settings, human readers, especially sophisticated market participants, retain a comparative
advantage. We therefore expect human viewership to be most beneficial for price discovery when filings

are semantically complex, and that the machine advantage in reducing price inefficiency attenuates as



readability declines.

Finally, the relative advantage of humans and machines depends on the sequential nature of informa-
tion arrival. Dugast and Foucault (2018) show that while lower processing costs enable machines to act
quickly, human experts are better equipped to perform slower, deeper analyses of sequential information.
We therefore anticipate that human attention is particularly effective in pre-scheduled, expectation-based
settings, or when a firm’s information environment is already highly intermediated. In these scenarios,
baseline expectations are already better formed, reducing the incremental value of raw machine speed

and increasing the value of nuanced human interpretation.

3. Data and Summary Statistics

3.1. Data sources and identifying machines vs humans

Our sample covers all 8-K filings by firms in the CRSP/Compustat universe from January 2003 to
December 2016. For the baseline price-efficiency analyses, an event-day restriction is imposed: only filings
for which the 8-K filing date coincides with the underlying event date are retained. This restriction ensures
that the measured EDGAR viewership occurs around the initial public availability of the disclosure
and reduces the possibility that post-filing price adjustment reflects information released through other
channels between the event date and the filing date. The resulting same-day filing sample is used in
the main PI and price-efficiency tests. For analyses of viewership determinants, where the objective
is to characterize access patterns rather than post-filing price adjustment, this restriction is relaxed
and the gap between the event date and the filing date is controlled for. Using the SEC’s EDGAR
server logs, we observe nearly 4 billion 8-K visits. We link filings to CRSP/Compustat firms via the
WRDS SEC Analytics Suite CIK-GVKEY mapping. Each visit record reports a partially anonymized
IP address, access timestamp, HT'TP status code, and a crawler flag, and we merge these logs to filing-level
characteristics for the 1.2 million 8-Ks from the WRDS SEC Analytics Suite.

For each 8-K filing in our sample, we obtain the event date, the filing date, the SEC release date, the

item type, and the full text of the 8-K filing, including any attached exhibits (e.g., Item 9.01).> Nearly

®On August 23, 2004, the SEC expanded the set of reportable 8-K events and accelerated filing deadlines (SEC Releases
Nos. 33-8400 and 34-49424). To maintain consistency across the sample, we map pre-2004 item definitions to their post-2004
counterparts.
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all 8-K filings must be reported within four business days of the event date, with only a small number of
exceptions (Ben-Rephael et al., 2022). Following Chen et al. (2020a), we identify the entities requesting
disclosures by matching IP addresses to organization names through the MaxMind database.

Next, we classify the organizations of 8-K viewers into seven groups using identification data from
LSEG Global Ownership and S&P Capital 1Q. The former covers approximately 1.6 million global in-
stitutional investors and investment vehicles (e.g., mutual funds and hedge funds), and the latter covers
approximately 14.2 million public and private companies and their subsidiaries. Using the industry-type
classifications in these two databases, we label institutional investors and funds as Institutional Investors
and group the remaining organizations into Auditing & Law Firms, Cloud Computing, Media & Data Ven-
dors, Education & Regulators, Internet Service Providers, and Others.5 While our primary focus is auto-
mated viewership via Cloud Computing, tracking visits from traditional information intermediaries such
as Media & Data Vendors is also informative, as these organizations influence price discovery and capture
non-cloud sources of machine traffic.

We separate machine from human viewership using two established filters. Our baseline follows
Dechow et al. (2016), classifying a visit as machine-driven if an IP address records (i) more than 25
downloads per minute, (ii) more than 3 distinct CIKs per minute, or (iii) more than 500 downloads in a
day. As an alternative, we apply Drake et al. (2015), which flags visits exceeding 5 downloads per minute
or 1,000 per day, and, as a robustness check, we repeat our analyses under this definition and find the
results are qualitatively similar (tabulated selectively).

To establish causal relationships, this study utilizes unplanned public-cloud outages as plausibly
exogenous shocks to cloud-based EDGAR access and initial disclosure processing. Our analysis begins
with Gunawi et al. (2016), which compiles major cloud service disruptions from 2009 to 2015 based on
provider post-mortems and contemporaneous reports. We extend the sample to 2003-2016 with a few

additional events using RavenPack, following the same collection methodology. The focus is restricted

5To link MaxMind organization names to entities in LSEG and Capital I1Q, we apply a WRDS fuzzy name-matching
algorithm with human validation (Amazon Mechanical Turk), restricting attention to organizations with at least 100 EDGAR
8-K visits in our sample period. For technology-related matches, we use publicly available descriptions (e.g., Google search
result snippets, Wikipedia, and official websites) to distinguish Cloud Computing and Internet Service Providers. Residual
unmatched entities and industries outside the other six categories are classified as Others, which account for less than 3.86%
of total 8-K visits in the final sample. Online Appendix Table OA.1 lists the top ten organizations in Cloud Computing,
Institutional Investors, Internet Service Providers, and Others.
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to infrastructure-as-a-service (IaaS) incidents involving compute, storage, or network disruptions, while
outages related to application-layer services such as gaming (e.g., PlayStation), business software or
storage (e.g., Salesforce), and social media (e.g., Facebook) are excluded, resulting in a final sample of 60
events. Reported durations are typically several hours, and most incidents are resolved within 24 hours.
Brief, minute-scale interruptions are typically not captured in the underlying sources. The outage sample
excludes Internet-wide disruptions (e.g., the Dyn DNS DDoS attack on October 21, 2016), massive power
outages, and vendor-internal terminal /network incidents (e.g., the Bloomberg Terminal outage on April
17, 2015), so the final set captures documented public-cloud service outages rather than shocks that
affect all market participants. We further find that these outages are not associated with systematic
dislocations in market-wide volume, liquidity, or volatility, and instead constitute short-lived yet material
access frictions during the critical period when filings are initially processed (see Section 6).

Lastly, we utilize several additional data sources: CRSP for stock prices, Compustat for firm fun-
damentals and earnings announcement dates, I/B/E/S for analyst coverage, and FactSet for 13F insti-
tutional ownership. We quantify informed, algorithmic, and high-frequency trading using NYSE TAQ
and SEC MIDAS data accessed through WRDS. Appendix Table A provides a summary of all variables,

including their definitions and data sources.

3.2. Construction of efficiency measures

Following Ball and Brown (1968) and Fama et al. (1969), we measure post-event price adjustment using
absolute cumulative abnormal returns (ACAR). We first compute cumulative abnormal returns (CAR)

from a Fama and French 3-factor model,

T

K T
CAR?’T = Z (Ti,t — Oy — Z Bi,kfk,t) = Z €i,ts (1)
k=1 t=0

t=0 =

where 7; ; is the raw return of stock ¢ on day ¢, and a; and f; ;, are estimated from a time-series regression
on K factor-mimicking portfolios. ACAR(0,T) = |C’AR?’T’ captures the absolute post-announcement
price adjustment from day 0 through day T

To isolate price inefficiency (PI), we follow Meulbroek (1992) and measure the absolute difference
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between the total post-event variation over (0,7") and the immediate adjustment over (0, 1):

PI(2,T) = ‘CAR?’T — CARY|, T>1. 2)

We also study a scaled version (Scaled PI)7 that normalizes by total event-related price variation:
Scaled PI(2,T) = ‘CAR}T - CAR?’l‘ / ( CAR?’T‘. (3)

To capture the magnitude of the residual price adjustment, we prioritize an absolute measure of price
inefficiency, PI, in this study.® Scaled PI normalizes this measure by the total price reaction over the
full event window, CAR(0,T), and is more related to post-event price informativeness. However, a sub-
stantial component of this denominator, CAR(0, 1), is likely jointly determined with investor viewership
and information processing, particularly related to human attention. The scaled measure, therefore,
inherits a strong contemporaneous correlation, complicating the interpretation of the main coefficients.
Furthermore, when the total price reaction is small, the Scaled PI measure can be artificially inflated
by a near-zero denominator, introducing significant noise into the estimation. Accordingly, we use PI
as our primary multivariate measure and separately control for event magnitude using |[CAR(0,1)| and
abnormal trading volume (AbnVolume(0, 1)) in related regressions. We report Scaled PI as a robustness
check to verify that the inferences are not driven by event-specific volatility.

Also, for robustness, we adopt the noise return variance measure of Brogaard et al. (2022). The
underlying variance-decomposition model separates return variance into information (market-wide and
stock-specific public/private) and “noise,” reflecting transitory mispricing and temporary departures from

efficient prices induced by under- or overreaction.

"As in Weller (2018), this measure is closer to price informativeness than to the informational-efficiency concept in
Brunnermeier (2005): it summarizes the absolute informativeness of the pricing process rather than the extent to which
dispersed information can be inferred from prices, conditional on other public signals.

80ur [0, 1] event window is designed to capture the majority of viewership responding directly to the 8-K filing. As
shown in Figure OA.2, download activity is heavily front-loaded: the first two days capture 68% of all machine views (71%
for cloud machines) and 43% of all human views relative to the 20-day post-event period.
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3.3. Summary statistics

Table 1 reports the number of observations, mean, standard deviation, and the 25th /50th/75th percentiles
for our key variables. To capture immediate attention, we focus on views on the 8-K filing day and the
following day (t € [0,1]). Consistent with the event-day restriction described in Section 3.1, the baseline
price-efficiency sample retains filings posted on the same day as the underlying event. This yields 295,562
8-K filings with all main controls available.”

Panel A summarizes the main dependent variables: PI, Scaled PI, Noise, and PIN (average daily
probability of information-based trading). Panel B shows that machines generate substantially more
8-K views than humans on average: mean log viewership is 3.46 (machines) versus 1.46 (humans) under
Dechow et al. (2016), and 3.52 versus 1.14 under Drake et al. (2015). The medians and standard deviations
further indicate that machine activity is far more intensive than human activity. Panel C reports firm
characteristics: the mean book-to-market ratio is 0.72, average institutional ownership is 63%, and the
mean values of log firm size and log analyst coverage are 6.63 and 1.72, respectively.

Panel D breaks viewership into the seven viewer categories defined in Section 3.1. Cloud Computing
and Internet Service Providers account for the largest volumes of views. The machine share is highest
for Cloud Computing (98.33%) and lowest for Others (46.02%). Views per organization are also highly
skewed: for Cloud Computing, the mean number of 8-K views per organization is 13,780, while the median
is 10, with a standard deviation of 204,000, implying strong concentration in activity across a small set
of providers. In contrast, high viewership from Internet Service Providers (e.g., Comcast and Verizon) is
consistent with lower monitoring costs, drawing interest from entities (such as retail investors) that may

not routinely trade on the disclosed information.

4. What Information is Accessed by Machines?

This section characterizes the evolution and determinants of machine-driven information acquisition. We
first trace the time-series evolution of 8-K viewership, highlighting the surge in cloud-based infrastructure
and its associated labor demand. We then estimate cross-sectional determinants of viewership to identify

the unique sensitivities of machines to disclosure complexity and execution costs.

9When analyzing the determinants of 8-K viewership, we drop the event-day restriction and control for the lag between
the event date and filing date, yielding 514,644 8-K filings in the Table 2 specification.
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4.1. Financial institutions and cloud computing

Figure 1 reveals exponential growth in machine viewership of 8-K filings since 2007, heavily outpacing
relatively stagnant human viewership. Within this automated traffic, cloud-based access has become
overwhelmingly dominant (Figure 2). Cloud computing platforms (e.g., Amazon Web Services) offer
institutional investors and other market participants scalable, on-demand infrastructure for big data
analytics and machine learning, while also masking user identities and lowering latency. However, the
technical complexity and hardware requirements to operate these systems cost-effectively create significant
barriers to entry for retail and less sophisticated investors.!?

Consequently, a broad spectrum of financial entities, ranging from start-up hedge funds minimizing
capital expenditures to major asset managers (e.g., Vanguard, Wellington), have aggressively migrated
their infrastructure to the cloud.!! Following this initial wave of institutional adoption, and primarily
subsequent to our sample period, stock exchanges (e.g., Nasdaq) and data vendors have also begun
migrating portions of their services to the public cloud. While the precise deployment of algorithmic
trading strategies within these environments remains proprietary, this shift is evident in the aggregate
data.

This infrastructural shift is reflected directly in EDGAR traffic and broader industry labor trends.
As shown in Figure 2, the cloud-originated share of machine viewership surged from 1% prior to 2008 to
14% in 2008 and reached 62% by 2016. Furthermore, labor demand corroborates this transition: LinkUp
job posting data indicates that the financial sector surpasses other non-IT industries in cloud computing
job growth. Job ads for US-listed financial firms that mention cloud computing as a required skill rose
from nearly 0% in 2008 to 4.65% by 2022. The actual cloud computing workforce in the financial sector
is likely significantly larger due to overlap between required skills and general computing roles, especially
in earlier years when cloud proficiency was not explicitly listed as a required job skill. Finally, Abis and

Veldkamp (2022) document a complementary trend during the later part of our sample period, showing

10The cost-efficiency of cloud computing relies heavily on economies of scale. For instance, in December 2022, the monthly
cost for a baseline AWS instance capable of deep learning (8 vCPU, 1 GPU, 61 GB RAM, 2TB SSD) at 60% utilization
was nearly $2,000, rising to over $7,000 for the next hardware tier, rendering it cost-prohibitive for most retail participants
(https://calculator.aws).

"Examples of institutional cloud adoption include the “Mirae Asset Global Investments” case study, as well as AWS
re:Invent presentations by Vanguard (2019) and Wellington (2018). Further industry use cases are documented by AWS and
Google Cloud.
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that the stock of Al-related financial labor increased approximately thirteen-fold between 2015 and 2018.

4.2. Machine information access over time

Figure 3 maps 8-K readers’ locations inferred from IP addresses. About 76% of visits originate from
the United States, followed by the United Kingdom (9%), India (3%), China (3%), and Canada (3%),
with the remaining 6% from other countries. Although we observe substantial activity near HFT hubs
such as New York and Chicago, most views come from geographically distant locations, suggesting that
proximity to exchange matching engines is not the primary driver of automated 8-K monitoring.

Next, we examine disclosure processing timelines. Because SEC publication timestamps are unavail-
able, we align visits to the filing acceptance time, dropping pre-acceptance visits (approximately 0.5% of
the sample) to mitigate data errors.!? Figure 4 plots hourly visits by viewer type relative to acceptance.
As expected, machine and cloud viewership surge immediately upon acceptance, consistent with active
algorithmic monitoring, while human viewership averages less than one visit in the first hour. All three
viewer categories peak four to five hours post-release before declining sharply, with the vast majority
of access occurring within 24 hours. Additionally, Online Appendix Figure OA.1 shows that most 8-Ks
are released in the aftermarket (4:00 to 5:00 PM), with only 3.6% arriving after 6:00 PM. Together,
these patterns confirm that a two-day event window adequately captures the initial viewership surge and
provides further evidence that machine traffic extends well beyond ultra-fast HF'T algorithms.

Finally, we explore day-of-the-week effects on attention. It is well-documented that human investors
exhibit significant inattention to financial news released on Fridays (e.g., Dellavigna and Pollet, 2009).
Figure 5 plots the daily distribution of new 8-K filings alongside the proportion of total and human visits.
Consistent with the literature, the figure reveals a stark divergence: human readers pay markedly less

attention to Friday filings, whereas automated machine access remains persistent.

12EDGAR acceptance time and public availability on sec.gov do not coincide exactly. SEC guidance indicates that filings
typically appear on sec.gov within roughly 1-3 minutes of the EDGAR acceptance timestamp, although delays can increase
substantially under heavy server load, and the SEC does not provide a public timestamp for the first website availability.
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4.3. Human and machine information access in the cross-section

To characterize the cross-sectional determinants of 8-K viewership, we estimate

k

a0+ > olie+ fi+ 3y + 1 + i, (4)
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where ViM’H represents the logarithm of 8-K visits by cloud machines, all machines, humans, or all viewers
over days 7 € [0,1]. The covariates I'; y are motivated by models of endogenous information acquisition
and attention (e.g., Van Nieuwerburgh and Veldkamp, 2010; Barber and Odean, 2008) and include: (i)
disclosure attributes (FinNeg, # Words, #Items, and the event-to-filing lag Gap); (ii) attention and
market environments (Abnormal News, pre-filing effective Spread, and a Friday indicator Friday); (iii)
recent performance and uncertainty (CumReturng—1, RetVolatility,—1, and AbnVolume(0,1)); (iv) firm
characteristics (BM, SIZE, InstOwn, and Analysts); and (v) an indicator for major cloud-provider dis-
ruptions (Cloud Outage). Appendix Table A provides definitions for all variables. f , ¥, and ¢ represent
firm, year, and item fixed effects, respectively.

Table 2 presents the results. Column (1) reports total visits, while Columns (2) through (4) report
cloud-machine, machine, and human visits, respectively, with viewership defined according to Dechow
et al. (2016). Columns (5) through (7) replicate the machine and human specifications using the ap-
proach of Drake et al. (2015). The findings align with attention-based theories: human viewership in-
creases for firms with greater prior uncertainty (RetVolatility,—1), following weaker recent performance
(CumReturng—1), and is sensitive to the information environment, as indicated by a negative associa-
tion with Abnormal News. In contrast, cloud-machine viewership is considerably less responsive to these
attention proxies.

Human readers focus disproportionately on large (Size), high book-to-market (BM), and low in-
stitutional ownership (InstOwn) firms, reflecting established attention-based constraints. In contrast,
machines do not exhibit these systematic preferences, suggesting a processing capacity that is orthogo-
nal to traditional firm-visibility biases (Abis, 2022). Among machine-based access channels, cloud-based
viewership is more sensitive to execution costs. We document a significant decline in cloud-machine view-

ership as bid-ask spreads widen (Spread), whereas aggregate machine viewership shows no comparable
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sensitivity, consistent with cloud infrastructure supporting more execution-sensitive algorithmic strate-
gies. Finally, our identification is bolstered by the fact that cloud outages drive substantial reductions
in machine and cloud-specific viewership, while the corresponding relationship with human viewership
is weak and not robust across specifications. Moreover, the limited evidence of a human viewership
relationship disappears when we focus on filings released on the event date.

With respect to filing characteristics, humans are significantly more likely to access filings with nega-
tive sentiment (FinNeg). General machine access does not demonstrate this preference, and cloud access
is negatively associated with pessimistic language. Both human and automated users, however, frequently

access lengthy (# Words) and multi-item (# Items) filings, as well as those submitted promptly (Gap).'3

5. Impact of Machines on Market Efficiency

In this section, we investigate the relation between machine and human viewership of 8-K filings and the
underlying firm’s stock price inefficiency (PI). First, we examine the baseline association for aggregate
machine and human access. Then, we partition machine viewership by access facilities to isolate the
role of algorithmic sophistication. Finally, we explore the robustness of our findings using alternative
measures of price inefficiency, including scaled specifications that account for event magnitude. We
address identification challenges in the subsequent section using exogenous cloud outages.

We hypothesize that machine access accelerates the incorporation of new information into stock prices.
Specifically, we expect post-announcement price inefficiency to be greater when human viewership is high
relative to machine access. Among machines, however, we do not expect all machine traffic to contribute
equally to this process. Because cloud computing services are predominantly utilized by sophisticated,
algorithmic investors, we hypothesize that cloud-based machine viewership will exhibit the strongest

association with improved informational efficiency.

130ur results do not imply that complexity directly triggers initial human access. Because humans face strict attention
constraints, they are unlikely to constantly check the massive number of SEC filings released daily. As a result, human
involvement is often catalyzed by external triggers like news or social media. Conversely, while machines can continuously
monitor EDGAR for new releases, parsing highly complex, voluminous filings still requires a significantly greater allocation
of computational resources.
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5.1. Machine in aggregate

We proceed by estimating the following regression:

k
PI2,T); = ag + 1V, + BV + Z ol + fif + 9y + im + & (5)

=1
where, PI(2,T); measures the magnitude of delayed post-filing price adjustment over days (2,T") relative
to the initial reaction around the filing date, as defined in Equation (2). We interpret PI(2,T); as denoting
the absolute size of post-filing drift or reversal, rather than a welfare-based inefficiency metric. V;M and
VZ-H measure aggregate machine and human EDGAR viewership over event days 0 and 1. The controls
I'; ¢ include firm fundamentals (book-to-market, size, ROA, leverage), uncertainty and the information
environment (return volatility, institutional ownership, analyst coverage), liquidity provision (effective
spreads), visibility and timing (recent news coverage and Friday filings), event magnitude (|CAR(0, 1)],
AbnVolume(0,1)), and filing content/complexity (negative tone along with the number of items). All
variables are defined in Appendix Table A. f , v, and ¢ represent firm, year, and item fixed effects,

respectively.

Table 3 presents the results. Column (1) jointly considers 8-K viewership by aggregate machines and
humans. The coefficient for machine viewership is not statistically significant, indicating that aggregate
machine viewership of an 8K does not have a significant relationship with PI(2,10). In contrast, hu-
man viewership manifests a significant association. Column (3) provides direct evidence that post-filing
PI(2,10) is positively and significantly related to human viewership. Columns (4-6) extend the analy-
sis to the PI(2,20) window, revealing consistent, economically meaningful relationships. For instance,
moving from the 25th to the 75th percentile of human viewership results in a 5.57% aggregate increase
in PI(2,20) over the post-publication month.'* These results indicate that the well-documented ineffi-
ciencies arising from overreaction and underreaction to information are largely associated with human,
rather than machine, viewership.

The regressions control for several firm characteristics, yielding signs consistent with the prior lit-

“4The 25th and 75th percentiles of Human 8K viewership in Table 1 are 0.693 and 2.197, respectively, implying an
interquartile-range increase of 1.504 in the logged regressor used in the specification. Given that the average post-event
price inefficiency, PI(2,20), is 0.081, the estimated coefficient of 0.003 implies a 5.57% (= 0.003 x 1.504 / 0.081) increase
in post-event price inefficiency.
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erature. For instance, firm size, ROA, and institutional ownership exhibit negative, highly significant
relationships with post-filing price inefficiency, consistent with more efficient price discovery in highly
visible and intermediated firms.

These results suggest that a sizable volume of human viewership may slow down information inte-
gration and contribute to heterogeneous beliefs, consistent with noise-trading channels. According to
heterogeneous belief models (e.g., Kandel and Pearson, 1995), a larger body of human viewers increases
the variation in the interpretation of the same disclosure, subsequently reducing the proportion of effective
information in the price. Furthermore, sophisticated investors may account for only a small portion of the
human viewership in our sample, as professional traders generally rely on curated terminal services (e.g.,
Bloomberg or RavenPack). In contrast, human EDGAR access more closely proxies for retail attention.
Panel B of our Online Appendix Table OA.6 substantiates this by showing that human viewership is

positively and significantly associated with the retail trading intensity measure of Boehmer et al. (2021).

5.2. Heterogeneity among machines

Machines are not a monolithic group. A substantial proportion of automated viewership, originating from
universities, regulators, and auditors, is unrelated to active investment strategies. To isolate the effect
of automated disclosure processing on price formation, machine viewership is categorized by IP-based
facility types: (i) cloud computing services, (ii) institutional investors (office-based), and (iii) data and
media publishers. The price inefficiency measure, PI(2,T);, is regressed on these distinct viewership
categories, using a theory-consistent set of controls (such as SIZE, AbnVolume(0,1), and Analysts) to
proxy for firm visibility, baseline uncertainty, and event salience.

The results, reported in Columns (2) and (5) of Table 3, reveal that cloud-based machine viewership
is the primary driver of lower delayed post-filing adjustment. Economically, moving from the 25th to the
75th percentile of cloud machine visits is associated with a 12.72% decrease in PI1(2,20) over the post-filing
month.!5 In contrast, office-based institutional machine viewership (InstInvMachine) and vendor-based
traffic (DataVendMachine) do not exhibit a statistically significant impact on price inefficiency.

The absence of a significant effect for office-based institutional traffic aligns with a broader shift

15The 25th and 75th percentiles of Cloud Machine in Table 1 are 0.000 and 3.434, respectively, implying an interquartile-
range increase of 3.434 in the logged regressor used in the specification. Given a mean PI(2,20) of 0.081, this increase
implies a 12.72% (= 0.003 x 3.434 / 0.081) reduction in inefficiency.
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toward cloud-based automation. As advanced firms increasingly migrate computational processes to the
cloud to achieve scalability and operational flexibility, office-originated retrieval may no longer serve as
an effective proxy for the most automation-intensive investment activities (e.g., Crane et al., 2023). More
broadly, these findings highlight the importance of the strategy underlying automation rather than the
physical location of facilities. Supporting this interpretation, there is minimal variation in the relationship
between price inefficiency and human viewership across facility types (Online Appendix Table OA.2):
human access via cloud services shows a significant positive association with price inefficiency, providing
a placebo-style validation of the cloud-machine results.

Lastly, in the following section, we consider alternative measures of price inefficiency, including the
Scaled PI and the noise discussed earlier, yielding predictably attenuated but qualitatively consistent

results.

5.3. Evidence from alternative measures of informational efficiency

To assess robustness, the baseline specifications are re-estimated using alternative proxies for informa-
tional inefficiency. First, the analysis uses Scaled PI, defined as the ratio of absolute post-event drift
(reversal) to the total event return: |CAR(2,T)|/|CAR(0,T)|. While PI captures the absolute magni-
tude of delayed price adjustment, Scaled PI normalizes for event importance and represents the fraction
of total price discovery occurring after the initial announcement window. To stabilize this metric against
near-zero denominators, we follow the literature (e.g., Weller, 2018) and exclude observations with small
total-window returns. To maintain a constant sample across the Scaled PI specifications, we apply this
filter jointly across horizons.

Second, the Noise measure developed by Brogaard et al. (2022) is utilized, which isolates pricing
errors from fundamental values using a variance decomposition model. This metric is notably useful
because it captures both underreaction and overreaction as distinct forms of transitory noise. These
alternative tests, presented in Table 4, strongly support the baseline results. As shown in Column (6),
cloud-machine viewership is negatively associated with pricing noise, whereas human viewership exhibits a
positive association. The results for Scaled PI are similarly consistent. The coefficient for Cloud Machine
remains negative and statistically significant across both the 10-day and 20-day horizons. Notably, the

association with human viewership is less robust in the scaled specifications, appearing significant only at
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the 20-day horizon (Columns 3 and 4). This difference indicates that algorithmic cloud access facilitates
the systematic incorporation of information, whereas the marginal impact of human attention is more
sensitive to event salience and normalization. Reassuringly, our primary results regarding cloud-machine
viewership remain robust when using Scaled PI through various tests, even as the results of the human
viewership coefficients tend to be weaker.

Finally, to address the concern that cloud-machine viewership results may be influenced by low-signal
events, a Weighted Least Squares (WLS) approach is employed. Following the method of Ben-Rephael
et al. (2022), each firm-event is assigned a weight proportional to its absolute total return, |CAR(0,T)|.
The WLS results (Online Appendix Table OA.3) confirm that cloud-machine viewership remains nega-
tively and significantly associated with Scaled PI. In these weighted specifications, the human-viewership
coefficient turns statistically insignificant. Because the WLS specification assigns greater weight to larger-
return events, this attenuation suggests that the positive association between human viewership and
Scaled PI becomes weaker under this particular weighting scheme. These outcomes are robust to using

DGTW risk-adjusted returns, as in Ben-Rephael et al. (2022).

5.4. Directional news and significant events

Our PI metrics also enable a granular investigation of how different viewership types are associated with
market efficiency during positive versus negative news and across instances of under- or overreaction
(Ben-Rephael et al., 2022). To analyze these dynamics, we segment our sample based on the initial two-
day market reaction (CAR(0,1)) and classify events as experiencing price continuation (drift) or price
reversal based on the direction of subsequent returns (Drake et al., 2015). We first classify an event as
negative (positive) if the announcement-period return CAR(0,1) < 0 (CAR(0,1) > 0). Within each
group, we label the post-filing window (2,7T) as drift if the cumulative return over (2,20) has the same
sign as CAR(0,1), and reversal otherwise.

Panels A and B of Table 5 report negative and positive events, respectively. In each panel, Columns
(1-4) and (5-8) present the drift and reversal quadrants, respectively. Human viewership is associated
with larger price inefficiency, with a slightly stronger association in negative events, especially in the
drift (underreaction) quadrant. In contrast, cloud-based viewership is significantly and negatively corre-

lated with PI(2,10) across the four quadrants, suggesting that the algorithms or investors behind cloud
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machines reduce delayed post-filing adjustment over a short period of time. Interestingly, this effect is
somewhat stronger for negative events, consistent with greater scope for algorithmic processing when
adverse news triggers slower human adjustment. The results also show that cloud computing viewership
is most effective at reducing price inefficiency caused by negative news. In contrast, for positive news,
the informational role of cloud viewership remains evident at the two-week horizon but dissipates by
the four-week horizon, suggesting that quantitative strategies for cloud investors are less persistent in
response to positive events.

To further identify significant reversals and drifts, we employ a methodology similar to that of Weller
(2018) and then perform sub-sample tests to assess the robustness of our findings. The criteria for
retaining an 8-K event are determined by the return volatility of the preceding two weeks or a month,

calculated as the square root of the daily return variance. Retained events meet this threshold:
|CAR; (142,4410)| = V9 x i (t—10,.—1) OF |[CAR; (1194490 = V19 X 5 (1-20,1—1) (6)

where &; represents the standard deviation of daily returns of stock 4 for roughly two weeks to a
month before the 8-K announcement. Events that exceed the specified value exhibit relatively large
post-announcement reversals or drifts, suggesting a stronger information signal. Under this filter, only
31.1% and 27.8% of the observations remain, respectively. We report the results using a 9-day filter in
Columns (1-4) and a 19-day filter in Columns (5-8) in Panel C of Table 5. The regression results are con-
sistent with our tests for the whole sample, displaying more statistically significant coefficient estimates.
The evidence shows a pronounced disparity in the effects of cloud machine and human viewership on
price inefficiency over significant reversals and drifts. In untabulated tests, the corresponding Scaled PI
specifications produce same-signed and statistically significant estimates as in the baseline, even for hu-
man viewership. Because scaling normalizes delayed adjustment by total event magnitude, it changes
the interpretation when human attention is more closely tied to salient events, while the ratio can also

become more volatile when |CAR(0,T)| is small.
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6. Cloud Outages and Cloud Availability

To provide evidence beyond baseline associations, we leverage unplanned cloud outages to examine how
cloud availability during disclosure events influences post-disclosure price efficiency (Gunawi et al., 2016).
These outages are interpreted as bundled shocks to cloud-based information infrastructure, rather than as
isolated disruptions affecting only cloud machines’ direct EDGAR retrieval and trading. Our approach
uses transient disruptions in cloud availability that are plausibly unrelated to firm-specific fundamen-
tals. Furthermore, as core order-matching engines and traditional market-data dissemination networks
operated independently of public cloud platforms during our sample period, these outages are unlikely
to have directly affected core stock-exchange execution infrastructure. At the same time, outages may
influence other cloud-mediated components of information processing and dissemination, such as data
aggregation, analytics, trading-related infrastructure, and liquidity provision. The instrumental variable
estimates are therefore interpreted as capturing the effect of cloud availability on post-disclosure price
efficiency, with direct cloud-based EDGAR access constituting one important component of this broader
channel. For completeness, we briefly discuss identification strategies for human viewership and present

the corresponding empirical results in the Online Appendix.

6.1. Cloud-machine viewership and cloud availability shocks

Identification in this study relies on unplanned service disruptions at major public-cloud providers (e.g.,
Amazon Web Services) that diminish the capacity of cloud-based systems to retrieve and process newly
released EDGAR filings. For interpreting this design, the key empirical concern is whether the timing of
these outages is systematically related to firm-specific information events or to broad disruptions of core
price-formation infrastructure. The institutional context of the 2003-2016 sample period helps mitigate
this concern. During this period, core price-formation infrastructure, including exchange matching engines
and traditional real-time market-data systems, generally operated in private, co-located data centers
rather than on public cloud platforms (Shkilko and Sokolov, 2020). This context supports interpreting
the outages as short-lived shocks to cloud availability rather than general market-infrastructure failures.

These localized cloud disruptions are unlikely to represent a general shutdown of core exchange trading

or traditional proprietary financial terminals that use dedicated private network architectures. This
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distinction helps separate cloud-availability shocks from broad market-wide execution failures. Restricting
the analysis to outages that overlap U.S. trading days yields 55 events, distributed throughout the sample
period without meaningful clustering. Consistent with the outages being short-lived cloud-availability
shocks rather than broad market-wide disruptions, daily market-quality diagnostics reveal no systematic
dislocations in market-wide volume, liquidity, or volatility on outage days (Cheng et al., 2025, see Online
Appendix Table OA.4). Crucially, the effects on cloud access are most precisely estimated within the first
12 hours following EDGAR acceptance (see Online Appendix Table OA.5). Cloud outages may also affect
other cloud-mediated components of the information-processing ecosystem, including news aggregators,
sentiment vendors, quant-fund infrastructure, retail brokerage platforms, and liquidity provision. Rather
than attempting to rule out each of these channels separately, we interpret the IV as identifying the effect
of cloud availability on post-disclosure price efficiency.

A two-stage least squares (2SLS) model is estimated, with cloud-machine viewership instrumented by
the Cloud Outage indicator. Table 6 reports these results. The first-stage estimates in Column (1) confirm
that outages significantly reduce cloud-machine access, with an estimated coefficient of -0.064, significant
at the 1% level. The Kleibergen—Paap F-statistic of 14.0 indicates that the instrument is relevant and does
not suffer from weak identification (Stock and Yogo, 2002). Notably, the low F-statistics for aggregate
machine (Column 2) and human (Column 3) viewership suggest that cloud outages lack meaningful first-
stage power for these measures, consistent with the disruption operating primarily through cloud-based,
rather than aggregate machine or human, access channels.

In the second stage, PI(2,T); is regressed on the instrumented values of cloud-machine viewership.
The results in Column (4) demonstrate a significant negative relationship between fitted cloud-machine
viewership and post-announcement price inefficiency. Consistent with the short-lived nature of these
outages, the estimated effect is most pronounced over the 10-day window, PI(2,10). By the 20-day
horizon, PI also reflects additional post-filing price movements unrelated to the initial cloud-availability
disruption, thereby reducing the estimated effect and its precision. These findings support a causal
interpretation in which outage-induced variation in cloud availability around disclosure events affects the
speed of price discovery.

It is possible that cloud outages could also affect certain market participants and, in turn, downstream
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algorithmic trading. One example is the data-vendor channel illustrated by von Beschwitz et al. (2020).
These possibilities are part of the broader cloud-availability channel discussed above. Online Appendix
Table OA .4 is intended to distinguish the outage events from broad market-wide disruptions, rather than
to separately identify each disclosure-day downstream pathway. Several factors suggest that the outage
events do not simply capture broad market-wide disruptions: (i) the 2003-2016 institutional setting,
during which core market infrastructure remained on private, co-located servers; (ii) our strict outage
definition, which excludes Internet-wide and vendor-internal incidents; and (iii) the absence of systematic,
market-wide effects on daily trading activity, liquidity, or information proxies during these events (e.g.,
Online Appendix Table OA.4). At the same time, the lack of precise outage timestamps and trader-level
identification prevents us from separately quantifying each downstream pathway. We therefore interpret
the IV estimates as capturing the effect of cloud availability on post-disclosure price efficiency, with direct

cloud-based EDGAR access representing an important component of this broader channel.

6.2. Identifying the impact of human viewership

To investigate how changes in the investor environment affect the relationship between viewership and
market efficiency, we use the inclusion of Russell 1,000 firms in the S&P 500 index as a complemen-
tary setting. Index inclusion represents a substantial increase in investor visibility, disproportionately
attracting human analysts and fund managers who are frequently required to follow index constituents.
In contrast to scalable cloud-based machines, human investors possess limited cognitive capacity. There-
fore, the shift in the composition and sophistication of attention following inclusion provides a distinct
context for examining the relative role of human attention in information processing. We implement a
stacked difference-in-differences (DiD) framework with Russell 1,000 constituents that were never added
to the S&P 500 serving as a control group. We view this analysis as a complementary diagnostic exercise,
as index inclusion may coincide with concurrent changes in liquidity, passive ownership, and investor
composition.

The parallel trend analysis in Online Appendix Figure OA.3 shows no statistically significant pre-
event differences in the effect of human viewership on price inefficiency between the treatment and control
groups. However, the results indicate a temporary attenuation in the positive association between human

viewership and price inefficiency during the inclusion quarter and the following quarter. This short-term
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pattern is consistent with an initial increase in attentive human investors facilitating price discovery for
newly included stocks. Importantly, this effect is temporary. The improvement in informational efficiency
declines by the second quarter after inclusion as the initial “attention shock” from active managers is
increasingly dominated by the mechanical trading of passive investors who emphasize index tracking over
fundamental analysis. Over the same period, we do not observe comparable changes associated with

machine or cloud-machine viewership.

7. Mechanisms

Through which channels might cloud-originated EDGAR access and broader cloud availability affect the
incorporation of filing-specific information into prices? We view trading by sophisticated investors using
cloud-based disclosure-processing systems as one important component of the broader cloud-enabled
information-processing channel. In this component, sophisticated investors may use cloud infrastructure
to automate disclosure retrieval, feed the information into quantitative models, and trade in ways that
accelerate the incorporation of new disclosures into prices. At the same time, cloud infrastructure may
also disseminate information to downstream users, support analytics pipelines, or affect trading conditions
through related liquidity channels. To investigate these mechanisms, we proceed in three steps. First, we
examine whether cloud-machine viewership is associated with proxies for informed trading and investor
sophistication. Second, we test whether cloud-based information acquisition is associated with greater
algorithmic trading activity and whether its relation to price efficiency is distinct from that of high-
frequency trading more broadly. Third, we examine whether the rise in cloud-based access reflects a

substitution of automated retrieval for manual access by sophisticated institutional users.

7.1. Is cloud-based access associated with informed trading?

First, we examine the relationship between viewership and the Probability of Informed Trading (PIN),
a standard microstructure metric for information asymmetry (Bharath et al., 2009). The PIN metric
assesses time-varying information asymmetry by capturing the information advantage held by better-
informed investors, as inferred from order flow properties. We use this measure to test whether filings
with greater cloud-originated access are accompanied by more informed trading, consistent with direct

or downstream trading on disclosure information.
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As shown in Table 7, cloud-machine viewership on days ¢ € [0, 1] is positively and significantly related
to PIN(0,1) and PIN(0,5). Conversely, human viewership exhibits a significant negative correlation
with PIN over the same windows. These findings are consistent with the interpretation that cloud-
machine viewership captures disclosure processing and informed trading by sophisticated agents, whereas
human viewership is more closely aligned with trading patterns commonly associated with less-informed
or retail participants.

To further characterize the investor sophistication associated with each viewership channel, we ex-
amine short-selling activity and retail trading intensity. We interpret viewership as a proxy for the
composition of market participants paying attention to a given disclosure. In this setting, short-selling
provides a useful indicator of sophisticated participation because it typically requires institutional in-
frastructure (e.g., borrowing arrangements, margin capacity, and risk controls), whereas retail trading
measures are more informative about retail investors’ attention and trading.

Following Christophe et al. (2004) and Engelberg et al. (2012), we find that cloud-machine viewership
is associated with a relative increase in abnormal short-selling around negative-news events, particularly
over a five-day window, consistent with cloud-based access reflecting the presence of short-capable insti-
tutional or algorithmic traders. In contrast, human viewership is strongly associated with retail trading
intensity, measured using the classification approach in Boehmer et al. (2021), and is negatively related
to short-selling activity around negative disclosures (see Panel A of Online Appendix Table OA.6). Taken
together, these patterns suggest that cloud-machine and human viewership capture distinct segments of

market participants with different links to post-filing price discovery.

7.2.  The relationship with algorithmic and high-frequency trading

Second, we examine how cloud (and aggregate) machine viewership of 8-Ks relates to two key forms of
automated trading: (i) algorithmic trading and (ii) HFT. Algorithmic trading is broader, with HFT as
a subset. Whereas HFT emphasizes ultra-fast execution, algorithmic trading also encompasses order-
execution algorithms that optimally slice large orders into smaller trades and manage their subsequent
execution (Hendershott et al., 2011). Machine viewership is, therefore, naturally intertwined with al-
gorithmic trading. Although our setting allows us to study automated disclosure processing among

sophisticated investors, it cannot fully determine how viewership maps onto algorithmic trading activity.
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We thus proxy for algorithmic trading using two measures from Weller (2018): OddLotRatio(0,1) and
TradeSize(0,1), which capture order-slicing intensity. Using these SEC MIDAS measures, we estimate
the regressions over 2012-2016.

Panel A of Table 8 shows that cloud-machine and aggregate-machine 8-K viewership are positively
related to OddLotRatio(0,1) (Columns 1-2), whereas human viewership is negatively related (Column 3).
Columns (4)—(6) examine TradeSize(0,1): cloud-machine viewership is negatively related to trade size,
while human viewership is positively related. Taken together, these patterns are consistent with cloud-
machine viewership being associated with greater order slicing and, thus, higher algorithmic-trading
intensity around 8-K releases, whereas human viewership is associated with the opposite. In turn, these
results align with evidence that algorithmic trading can facilitate more efficient pricing of public disclo-
sures (e.g., Chordia and Miao, 2020; Bhattacharya et al., 2020).

In contrast, HF T is conceptually distinct from disclosure-driven algorithmic trading, although the two
may be linked indirectly. In standard market microstructure models, HFT liquidity suppliers primarily
earn rents by providing immediacy to largely uninformed order flow and competing for queue priority
while limiting exposure when adverse-selection risk rises. This suggests that liquidity provision is unlikely
to be the driving economic motive for cloud-based access to EDGAR filings. More broadly, HF T strategies
appear to depend more on order flow and market-state signals than on the direct algorithmic processing
of newly released disclosures (Cochrane, 2013; O’Hara, 2015). Furthermore, processing complex filings,
which can take seconds to minutes, also introduces unacceptable latency for HFT. As shown in Section 4,
public cloud infrastructure is generally not co-located with exchanges, and much automated viewership
occurs well after a filing becomes available, indicating that a substantial portion of automated access is
not latency-sensitive.

Motivated by evidence that HFT can improve intraday price discovery (Carrién, 2013; Brogaard
et al., 2014), we test whether our machine-access effects merely proxy for HF'T activity or instead reflect
a distinct channel-and whether HF'T attenuates the efficiency gains associated with cloud-based disclosure
processing. To do so, we augment the baseline efficiency regressions with two standard HFT proxies from
Weller (2018): the Cancel-to-Trade ratio and the Trade-to-Order ratio (inverse HFT intensity). These

measures exploit the fact that HF T strategies submit and cancel large numbers of orders per executed
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trade as they dynamically manage positions in the limit order book. Using SEC MIDAS data from 2012
to 2016, Panel B of Table 8 shows that greater HF'T activity is associated with higher price efficiency. In
particular, the Trade-to-Order ratio is positively related to PI, implying that when HFT is more active
(lower Trade-to-Order), post-filing drifts are smaller.

Importantly, the positive impact of cloud-machine access to 8-K filings on informational efficiency is
not diminished when controlling for HFT activity. Across all Panel B specifications that include cloud-
machine viewership, the coefficient on Cloud Machine remains negative and statistically significant, with
economic magnitudes similar to those in the baseline tests. These results further confirm that the effects
observed in this paper differ from those previously found in HFT studies. Collectively, the literature
on HFT and this paper suggest that machines can benefit informational efficiency in multiple ways and
at different horizons. Specifically, our results suggest that machines also play a role in accessing new
corporate information and more efficiently incorporating it into prices on a daily basis.

However, these tests cannot fully rule out that fast traders use algorithmic processing to directionally
adjust limit orders before information is fully priced, thereby accelerating price discovery. Furthermore,
fast liquidity providers may respond to the trading activity of other automated agents by selectively
canceling orders and adjusting quotes. Together, these dynamics suggest that complementary, liquidity-

based channels operate alongside the informed-trading mechanism supported by our primary evidence.

7.3. Imstitutional infrastructure and substitution

Third, to provide further evidence that the rise in cloud access is consistent with the adoption of automa-
tion by sophisticated investors, we conduct a filing-level test linking automation intensity to institutional
access patterns. We define Automation Intensity based on the frequency of machine-driven requests for a
specific filing, reflecting the degree to which a disclosure is targeted by algorithmic models. This allows us
to observe whether the growth in cloud-machine traffic represents a fundamental shift in how institutional
and hedge-fund users consume information. Because this analysis uses the same-day filing sample as the
PI tests, the control set is adapted to the restrictions of this sample.

The results in Table 9 show that greater automation intensity is associated with a higher share of
cloud-based access and a lower hedge-fund share within institutional access (Columns (1)—(2)), indicating

a shift in the composition of access toward cloud-based channels. Columns (3)—(6) further show that
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automation intensity is negatively associated with human viewership originating from institutional and
hedge fund corporate networks. These estimates provide complementary evidence on substitution patterns
and should be interpreted in light of the normalization of the automation measures by overall viewership.
Collectively, these findings are broadly consistent with the view that as sophisticated users migrate
their quantitative infrastructure to the cloud, their reliance on manual data retrieval decreases. This
institutional transition from “manual browsing” to “automated scraping” provides the structural link

between information acquisition and the trading outcomes discussed above.

8. Comparative Advantage Analysis

Machine advantages are unlikely to be universal. We therefore examine where public-cloud machine or
human 8-K viewership demonstrates comparative advantages, with particular attention to the hetero-
geneity in filing content and the surrounding information environment. We analyze several channels:
negative sentiment, numerical intensity, unstructured items, readability, scheduled earnings disclosures,
and analyst coverage, which serves as a proxy for the extent to which the firm’s disclosures are already

intermediated.

8.1. Negative sentiment and the role of emotions

We first examine whether machines are better equipped to process disclosures with a more negative tone.
Negative sentiment is measured using the Loughran and McDonald (2011) finance dictionary, and this
measure (FinNeg) is interacted with viewership variables in regressions of post-filing price inefficiency.
Columns (1)—(2) of Panel A of Table 10 present the results. Consistent with the hypothesis that algorithms
are less susceptible to emotion-driven distortions, the negative association between machine viewership
and post-filing PI is stronger when 8-Ks contain more negative language. Specifically, the interaction
between cloud-machine viewership and FinNeg is negative and statistically significant in Column (1) of
Panel A (coefficient = —0.037), indicating that cloud-based machine access improves price efficiency when
disclosures are more negative in tone. In contrast, the corresponding interaction for human viewership
in Column (2) of Panel A is not statistically significant, suggesting that increased human attention to
negatively worded 8-Ks (Table 2) is not associated with statistical differences in price discovery on average.

These findings support the view that machines are better able to process negatively framed disclosures
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without the behavioral biases that can impede human decision-making.

8.2. Hard, numeric information

We next examine whether machines have an advantage in processing “hard” information. Prior research
shows that machine-based algorithms can extract economically meaningful information from financial
text. For example, Hope et al. (2016) uses this approach to measure the specificity of 10-K risk-factor
disclosures and shows that more machine-identifiable detail is associated with stronger market reactions.
Motivated by this approach, we leverage Named Entity Recognition (NER), a well-established textual
analysis method, to measure the proportion of machine-readable numerical content in each 8-K filing
and interact this measure with our viewership variables in regressions of post-filing price inefficiency.
Columns (3)—(4) of Panel A of Table 10 show that the negative association between cloud-machine view-
ership and PI is stronger when 8-Ks contain more numerical information. The interaction between cloud-
machine viewership and NER is negative and significant in Column (3) (coefficient = —0.009), whereas
the corresponding interaction for human viewership is not statistically significant in Column (4). These
results are consistent with public-cloud users deploying scalable, computation-intensive strategies that
are particularly effective when disclosures contain structured signals that feed naturally into quantitative

models.

8.3. Unstructured items and readability

The advantage of machines weakens when disclosures are less standardized. Following Ben-Rephael et al.
(2022), we examine single-item 8-Ks and define an Unstructured items flag for the 8-Ks containing only
Items 1.01, 5.02, or 7.01, treating Item 9.01 exhibits as ancillary. Item 8.01 is excluded from this indicator
because it represents a residual “Other Events” category that may contain a wide range of disclosures,
making it less suitable as a proxy for unstructured, narrative-intensive information. Limiting the indicator
to Items 1.01, 5.02, and 7.01 yields a more targeted measure of filings that are less standardized but
economically substantive. Columns (5)—(6) of Panel A of Table 10 report the results. In Column (5),
the interaction between cloud-machine viewership and Unstructured items is positive and statistically
significant. This indicates that the negative association between cloud-machine access and PI becomes

weaker when disclosures are more idiosyncratic and narrative-intensive. In contrast, we do not find a
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statistically significant interaction for human viewership in Column (6). We interpret this as evidence
that algorithms are less effective at extracting value from less standardized filings in our sample period.
To address “soft” information more directly, we also use readability as a proxy for semantic complexity.
For hard-to-read filings (filings with a Fog index above the sample median), the positive baseline relation
between human viewership and PI weakens (Column (2) of Panel B). This is consistent with some human
readers extracting interpretive value from semantically complex narrative disclosures. We do not observe
a comparable readability-based advantage for cloud machines (Column (1) of Panel B). However, these
patterns should be interpreted cautiously, as they suggest only a relative human advantage in hard-to-read
filings, while the overall relation between human viewership and PI remains positive. This interpretation
is also inherently specific to the sample period. The 2003 to 2016 sample predates the widespread
deployment of modern large language models, which are substantially better suited to parsing long-form,
low-readability narrative disclosures than the natural language processing tools available at the time.
Consequently, the documented relative human advantage in semantically complex filings may diminish in
more recent periods as language models become increasingly capable of extracting contextual information

from narrative disclosures.

8.4. Incremental and sequential information

We next examine whether the relative effects of human and machine viewership on PI vary when an 8-
K’s information is released into an already intermediated information environment. Item 2.02 filings are
well-suited to this question because they are closely tied to scheduled earnings disclosures and typically
arrive in an information environment already shaped by analyst forecasts, media coverage, and related
releases. In this setting, the interaction between human viewership and Item 2.02 is associated with
lower post-filing PI (Column (4) of Panel B). Because PI captures the absolute magnitude of post-
filing adjustment, this pattern reflects a reduction in overall adjustment rather than directional drift
per se, which we examine separately in directional specifications (Table 5). We interpret this pattern
cautiously as being consistent with humans performing relatively better when the filing’s information is
more sequential and easier to place in an existing context. We do not interpret these results as evidence
that humans generally dominate machines in processing earnings disclosures. This interpretation is also

consistent with untabulated splits between earnings and non-earnings 8-Ks: the baseline results persist,
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but they are more pronounced in the non-earnings subsample.

In contrast, we do not find evidence that the cloud-machine association differs for Item 2.02 filings, as
the interaction between Item 2.02 and cloud-machine viewership is not statistically significant (Column (3)
of Panel B). This suggests that cloud-machine viewership continues to show a similar association with
lower price inefficiency for Item 2.02 as it does in other filings, rather than exhibiting a distinct incremental
advantage in this setting. By comparison, tests using lagged analyst coverage provide clearer evidence
that the cloud-machine advantage attenuates when the firm’s information environment is already richer
(Column (5) of Panel B). We use the number of analysts following the firm as a predetermined proxy for
the extent of information intermediation. In the same setting, the positive association between human
viewership and price inefficiency also attenuates (Column (6) of Panel B).

At the same time, we acknowledge that we cannot cleanly disentangle this sequential-information
channel from pre-allocated attention in scheduled earnings settings. Because earnings events are typically
anticipated, some of the weaker association between human viewership and subsequent inefficiency may
also reflect attention being allocated in advance. Similarly, higher analyst coverage may capture not only
richer intermediation and contextualization, but also greater ex ante investor attention. Accordingly,
although our evidence is consistent with a sequential-information mechanism, we cannot rule out the

possibility that pre-allocated attention and contextual information jointly drive the results.

9. Conclusion

Advances in computing and machine learning have transformed how investors acquire and use company-
specific information. Using SEC EDGAR server logs for Form 8-K filings, we document a sharp rise in
machine viewership from 2003 to 2016, especially driven by scalable public cloud infrastructure, which
has become an important channel for automated disclosure acquisition and processing among financial
institutions.

We show that differences in information access are meaningfully related to stock price dynamics.
Greater public-cloud machine viewership is associated with lower post-filing price inefficiency and lower
return noise, whereas greater human viewership is associated with larger subsequent price adjustments.
In contrast, other machine types do not improve efficiency as consistently. Overall, the evidence supports

the conclusion that cloud-enabled information infrastructure accelerates post-disclosure price discovery.
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Direct cloud-based EDGAR acquisition and processing by sophisticated investors constitutes a significant
aspect of this effect. However, the evidence regarding cloud availability should also be interpreted as
including downstream dissemination, analytics, trading infrastructure, and liquidity provision.

Along these lines, the benefits of automation are not universal. Public-cloud machines appear to
perform better when disclosures are more negative, numerical, and standardized, whereas their advantage
weakens for less standardized, more narrative filings. Humans, in turn, appear to perform relatively better
when disclosures are easier to absorb within an existing informational context, although this does not
overturn the overall positive relation between human viewership and post-filing inefficiency. Because
our sample predates the widespread use of modern large language models, these comparative advantages
should be interpreted as historically grounded and may evolve as language-model technologies improve.

Overall, our findings highlight the role of cloud-enabled information infrastructure, including quanti-
tative investment strategies, in incorporating corporate disclosures into stock prices. More broadly, they
contribute to ongoing debates on the role of machines in financial markets, the design of machine-readable
disclosure regimes, and the evolving interaction between automation, human attention, and informational
efficiency. They also suggest that the market-efficiency effects of automation depend not only on whether
machines access information, but also on the technological architecture through which information is

acquired, processed, disseminated, and traded.
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Figure 1: 8-K viewership activity by machines and humans

This figure displays total, machine, and human viewership activity for 8K filings on days ¢t € [0, 1], relative to the 8-K
publication date. “Total visits”, “Machine visits” and “Human visits” denote the total numbers of visits by all users,
machines, and humans, respectively, aggregated by year and expressed in millions.
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Figure 2: 8-K viewership activity through automated systems (machines)

This figure displays machine viewership activity for 8-K filings by Cloud Computing, Institutional Investors, and Internet
Service Providers on days t € [0, 1], relative to the 8-K publication date.
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Figure 4: Average hourly visits to 8-K since SEC acceptance

This figure displays the average hourly visit frequency from machines, cloud facilities, and humans since EDGAR ac-
ceptance of an 8-K. The vertical axis plots the number of visits of each type, and the horizontal axis shows hours since
EDGAR acceptance.
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Figure 5: Publications and visits of 8-Ks by weekday

This figure displays the percentages of total and human visits to the most recent 8-K filings (released within the same
business day) by weekday, along with the percentage of newly published 8-K filings for each weekday in our sample.
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Table 1: Summary statistics

This table presents summary statistics (N, mean, standard deviation, 25th percentile, median, and 75th percentile) for
price inefficiency dependent variables (Panel A), main independent (8-K Viewership) variables (Panel B), control vari-
ables (Panel C), and visiting organizations (Panel D). In Panel D, #Visits Per Organization is reported in thousands.
All variables are detailed in Appendix Table A.

N Mean Std Dev 25th Pctl Median 75th Pctl

Panel A: Price Inefficiency Dependent Variables

PI(2,10) 295,533 0.055 0.070 0.015 0.035 0.069
PI(2,20) 295,533 0.081 0.095 0.023 0.052 0.103
Scaled PI(2,10) 287,241 1.402 3.336 0.423 0.792 1.243
Scaled PI(2,20) 287,241 1.416 3.279 0.548 0.880 1.233
Noise 259,850 2.408 1.674 1.235 1.896 3.020
PIN(0,1) 271,454 0.310 0.146 0.203 0.274 0.385
PIN(0,5) 277,890 0.315 0.143 0.206 0.280 0.392
Panel B: Main Independent (8-K Viewership) Variables
TotalVisits 295,562 3.628 1.292 2.485 3.892 4.615
Machine 295,562 3.464 1.351 2.197 3.807 4.511
Machineprr 295,562 3.521 1.346 2.303 3.850 4.554
Human 295,562 1.455 1.061 0.693 1.386 2.197
Humanprr 295,562 1.139 0.984 0.000 1.099 1.792
CloudMachine 295,562 2.080 1.621 0.000 2.079 3.434
CloudMachine prr 295,562 2.092 1.628 0.000 2.079 3.434
InstInvMachine 295,562 1.510 1.131 0.693 1.609 2.398
DataVendMachine 295,562 1.172 0.896 0.000 1.386 1.792
Panel C: Control Variables
BM 295,562 0.717 0.733 0.292 0.543 0.898
SIZE 295,562 6.626 2.023 5.184 6.590 7.988
ROA 295,562 -0.025 0.191 -0.012 0.020 0.061
LEV 295,562 0.234 0.215 0.043 0.188 0.368
STDrer 295,562 0.122 0.094 0.064 0.098 0.151
InstOwn 295,562 0.625 0.305 0.380 0.687 0.876
Analysts 295,562 1.716 0.970 1.099 1.792 2.485
Spread 295,547 0.006 0.012 0.001 0.001 0.005
Friday 295,562 0.134 0.340 0.000 0.000 0.000
# News 295,562 2.102 2.027 0.000 2.079 4.025
|CAR(0,1)| 295,533 0.045 0.069 0.010 0.024 0.056
FinNeg 295,562 0.005 0.007 0.000 0.000 0.007
#Items 295,518 1.982 0.595 2.000 2.000 2.000
AbnVolume(0, 1) 295,521 0.008 0.043 -0.001 0.001 0.007
RetVolatilityq— 1 295,544 0.029 0.023 0.015 0.022 0.034
CumReturng— 295,544 0.037 0.294 -0.085 0.023 0.129
Cancel to Trade 105,499 37.988 180.626 13.466 19.637 31.391
Trade to Order 106,030 3.980 3.093 2.003 3.296 5.153

Panel D: Visiting Organizations

#Org. #Visits Per Organization (thousands)
Auditing & Law Firms 130 3.49 19.49 0.03 0.45 2.29
Cloud Computing 938 13.78 204.00 0.00 0.01 0.07
Media € Data Vendors 381 4.92 39.22 0.00 0.01 0.08
Education € Regulators 3,172 0.10 1.50 0.00 0.00 0.01
Institutional Investors 992 3.98 34.14 0.01 0.04 0.32
Internet Service Providers 1,153 10.14 77.68 0.01 0.03 0.48
Other Undefined Facilities 18,930 0.07 0.79 0.00 0.00 0.02
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Table 2: Determinants of machine and human viewership of 8-Ks

This table reports OLS regressions of viewership of firm i’s 8-K over days t € [0, 1] (with ¢ = 0 the filing date). Total Visits
is the log of total machine and human visits plus one; Cloud Machine, Machine, and Human are defined analogously.
Columns labeled “DLR” follow Dechow et al. (2016), and columns labeled “DRT” follow Drake et al. (2015). Con-
trols are FinNeg, # Words, Gap, #Items, Spread, Friday, BM, SIZE, InstOwn, Analysts, Cloud Outage, AbnNews,
RetVolatility, ,, CumReturng—1, and AbnVolume(0,1) (Appendix Table A). The specification includes firm, year, and
item fixed effects. t-statistics (in parentheses) use standard errors clustered by firm and year. *, ** and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

DLR DRT
Total Cloud Cloud
Visits Machine Machine Human Machine Machine Human
(1) (2) (3) (4) (5) (6) (7)
FinNeg 0.913* -1.312%* -0.193 5.781*** -1.296** 0.024 6.311%**
(1.88) (-2.75) (-0.47) (18.10) (-2.69) (0.06) (14.25)
#Words 0.051%** 0.054** 0.051%* 0.049*** 0.055%* 0.053*** 0.040***
(3.06) (2.82) (2.77) (6.75) (2.92) (3.07) (6.00)
Gap -0.005%* -0.007** -0.003 -0.011%%* -0.006** -0.003 -0.009%**
(-1.82) (-2.38) (-1.29) (-4.37) (-2.25) (-1.40) (-3.84)
#Items 0.095%** 0.055%** 0.084*%** 0.095%** 0.058%** 0.093%** 0.041%**
(9.89) (4.30) (7.12) (8.89) (4.33) (8.23) (3.36)
Spread -0.097 -0.728%** 0.457 -2.216%** -0.769** 0.236 -1.917%**
(-0.15) (-2.31) (0.63) (-3.64) (-2.36) (0.33) (-4.03)
Friday -0.073%** -0.010 -0.056%** -0.134%** -0.013 -0.064*** -0.095%**
(-6.13) (-1.23) (-4.59) (-17.58) (-1.50) (-5.19) (-13.95)
BM 0.015%* -0.005 0.001 0.053%** -0.005 0.005 0.054***
(2.30) (-0.78) (0.20) (6.81) (-0.68) (0.87) (7.28)
SIZE 0.020* -0.013* 0.010 0.051%** -0.012* 0.013 0.052%**
(1.83) (-2.08) (0.95) (4.62) (-1.89) (1.17) (5.02)
InstOwn -0.010 -0.040 -0.016 -0.156%** -0.039 -0.014 -0.184%**
(-0.33) (-1.14) (-0.56) (-4.07) (-1.07) (-0.46) (-4.43)
Analysts 0.003 0.012 0.002 0.005 0.012 0.002 0.003
(0.31) (1.74) (0.20) (0.40) (1.71) (0.18) (0.30)
Cloud Outage -0.031 -0.063%** -0.036* 0.025%* -0.064*** -0.035%* 0.008
(-1.71) (-4.37) (-1.82) (1.96) (-4.63) (-1.86) (0.48)
AbnNews -0.006* -0.004 -0.004 -0.017%%* -0.005 -0.004 -0.022%**
(-2.15) (-1.33) (-1.44) (-4.06) (-1.31) (-1.47) (-4.96)
RetVolatility,—1 1.286 -0.669* 0.742 3.152%** -0.648* 0.979 2.944%**
(1.05) (-2.11) (0.59) (4.30) (-1.90) (0.76) (4.93)
CumReturng—1 -0.037 0.016 -0.031 -0.074*** 0.017 -0.034 -0.075%**
(-0.85) (0.64) (-0.68) (-3.40) (0.63) (-0.74) (-4.84)
AbnVolume(0, 1) 0.555%** 0.117%** 0.250%** 1.466*** 0.151%** 0.395%** 1.365***
(4.37) (4.59) (3.87) (5.13) (4.71) (4.11) (5.80)
Firm FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.856 0.913 0.881 0.423 0.908 0.869 0.367
NObs 514,644 514,644 514,644 514,644 514,644 514,644 514,644
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Table 3: Impact of machine and human viewership on price inefficiency

This table reports OLS regressions of post-announcement price inefficiency on 8-K viewership. The dependent vari-
ables are PI(2,10) and PI(2,20), as defined in Equation (2). The main regressors are Machine (and its subcategories
Cloud Machine, Inst Inv Machine, and Data Vend Machine) and Human, measured over days ¢t € [0,1] (with ¢t = 0 the
event date) following Dechow et al. (2016). Controls are BM, SIZE, ROA, LEV, STDgrgr, InstOwn, Analysts, Spread,
Friday, # News, | CAR(0, 1)|, FinNeg, #Items, and AbnVolume(0, 1) (Appendix Table A). The specification includes firm,
year, and item fixed effects. t¢-statistics (in parentheses) use standard errors clustered by firm and year. *, ** and ***
indicate significance at the 10%, 5%, and 1% levels, respectively.

PI(2,10) PI(2,20)
(1) (2) 3) (4) (5) (6)
Machine 0.002 0.003
(0.60) (0.70)
Cloud Machine -0.003*** -0.003**
(-3.37) (-2.94)
Inst Inv Machine 0.001 0.001
(1.13) (1.04)
Data Vend Machine -0.002 -0.002
(-0.73) (-0.75)
Human 0.002%** 0.003*%** 0.002%** 0.003%** 0.004%** 0.004%**
(6.13) (4.26) (4.08) (6.11) (4.31) (4.27)
BM 0.004*** 0.004*** 0.004%** 0.005%** 0.005%** 0.005%**
(6.73) (6.91) (6.93) (5.74) (5.71) (5.75)
SIZE -0.005*** -0.005%** -0.005%** -0.009%*%** -0.009%** -0.009%**
(-5.30) (-5.47) (-5.31) (-9.16) (-9.41) (-9.19)
ROA -0.026*** -0.026%** -0.026*** -0.036*** -0.036%** -0.036***
(-6.47) (-6.50) (-6.46) (-7.10) (-7.07) (-7.05)
LEV 0.013%** 0.013%** 0.013*** 0.022%** 0.022%** 0.022%**
(3.24) (3.12) (3.15) (5.06) (4.88) (4.95)
STDgeT 0.027%** 0.027%** 0.027*** 0.045%** 0.045%** 0.045%**
(3.08) (3.07) (3.07) (3.24) (3.22) (3.23)
InstOwn -0.007** -0.007** -0.007** -0.014%** -0.014%** -0.014%**
(-2.20) (-2.26) (-2.19) (-3.57) (-3.57) (-3.55)
Analysts 0.000 0.001 0.001 -0.000 -0.000 -0.000
(0.61) (0.69) (0.62) (-0.12) (-0.05) (-0.10)
Spread 0.627*** 0.623%** 0.628%** 0.679%** 0.675%** 0.682%**
(4.71) (4.74) (4.65) (5.23) (5.47) (5.23)
Friday 0.001%** 0.001*** 0.001%** 0.002%** 0.002%** 0.002%**
(3.48) (3.51) (3.54) (3.94) (4.08) (3.87)
# News -0.000%* -0.000* -0.000* -0.001%%* -0.001%** -0.001%**
(-1.98) (-2.06) (-1.96) (-3.82) (-3.81) (-3.78)
|CAR(0,1)] 0.101%** 0.101%** 0.101%** 0.109%** 0.107%** 0.108%**
(7.34) (7.43) (7.30) (8.18) (8.23) (8.09)
FinNeg -0.019 -0.020 -0.018 -0.006 -0.008 -0.004
(-0.52) (-0.54) (-0.47) (-0.12) (-0.14) (-0.06)
#Items 0.000 0.001* 0.001 -0.001 -0.000 -0.000
(0.96) (1.83) (1.52) (-1.30) (-0.46) (-0.95)
AbnVolume(0, 1) 0.025* 0.025* 0.025* 0.011 0.010 0.011
(1.99) (1.97) (1.97) (0.76) (0.73) (0.74)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.222 0.223 0.222 0.245 0.245 0.244
NObs 295,114 295,114 295,114 295,114 295,114 295,114
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Table 4: Evidence from alternative measures of price inefficiency

This table reports OLS regression estimates of the impact of firm i’s 8-K viewership on alternative post-announcement
measures of informational inefficiency. The dependent variables include (i) Scaled PI(2,10), (ii) Scaled PI(2,20), and (iii)
Noise. Scaled PI(2,10) and Scaled PI(2,20) represent post-announcement PI over different time horizons scaled by the
cumulative abnormal return during and after the 8-K filing, as described in Equation (3). Noise quantifies the proportion
of stock return variance attributable to noise following Brogaard et al. (2022). The variables Machine, Cloud Machine,
and Human denote machine, cloud machine, and human viewership of firm i’s 8-K filings on days ¢t € [0,1] (with t =0
the event date), respectively. The control variables in all regressions include BM, SIZE, ROA, LEV, STD rgr, InstOwn,
Analysts, Spread, Friday, # News, | CAR(0,1)|, FinNeg, #Items, and AbnVolume(0,1) (Appendix Table A). The specifi-
cation includes firm, year, and item fixed effects. t-statistics (in parentheses) use standard errors clustered by firm and
year. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Scaled PI(2,10) Scaled PI(2,20) Noise
(1) (2) (3) (4) (5) (6)
Machine -0.026 -0.008 0.087
(-1.37) (-0.59) (0.67)
Cloud Machine -0.037** -0.033*** -0.115**
(-2.55) (-3.74) (-2.99)
Human 0.005 0.004 0.025** 0.027*** 0.046*** 0.076**
(0.64) (0.63) (2.66) (3.14) (3.99) (2.77)
BM -0.008 -0.009 0.006 0.005 0.171%%* 0.168%**
(-0.39) (-0.39) (0.31) (0.29) (6.06) (5.93)
SIZE -0.026 -0.027 -0.002 -0.003 -0.141%** -0.143%**
(-1.38) (-1.44) (-0.08) (-0.11) (-4.15) (-4.21)
ROA -0.093 -0.093 0.106 0.106 -0.613*** -0.608***
(-1.12) (-1.13) (1.19) (1.19) (-7.26) (-7.39)
LEV -0.042 -0.041 -0.097 -0.097 0.496*** 0.489***
(-0.51) (-0.51) (-1.05) (-1.06) (4.38) (4.21)
STDrEeT 0.430** 0.432%** -0.056 -0.055 0.697** 0.698**
(3.01) (3.04) (-0.51) (-0.50) (2.34) (2.34)
InstOwn 0.010 0.008 -0.035 -0.036 -0.072 -0.073
(0.11) (0.10) (-0.62) (-0.65) (-1.02) (-1.05)
Analysts 0.001 0.001 0.054** 0.054** 0.017 0.019
(0.04) (0.05) (2.85) (2.86) (0.91) (1.03)
Spread 4.573*** 4.501*** 1.681%* 1.634* 25.419%** 25.396***
(5.16) (5.05) (1.91) (1.85) (4.77) (4.75)
Friday -0.005 -0.004 0.007 0.007 0.031%** 0.029%**
(-0.28) (-0.23) (0.53) (0.55) (3.73) (3.62)
# News 0.002 0.001 0.018*** 0.018*** -0.033*** -0.034%**
(0.19) (0.17) (4.09) (3.99) (-5.88) (-5.84)
|CAR(0,1)] 0.056 0.050 1.313%** 1.307*** 4.903*** 4.881%**
(0.16) (0.15) (4.05) (4.03) (13.15) (13.13)
FinNeg 1.391 1.399 -0.958 -0.934 0.312 0.554
(0.91) (0.92) (-1.65) (-1.56) (0.24) (0.42)
#1Items 0.007 0.008 -0.002 -0.000 -0.041%** -0.025**
(0.38) (0.43) (-0.13) (-0.02) (-2.41) (-2.93)
AbnVolume(0, 1) -0.086 -0.086 0.133 0.132 0.516 0.505
(-0.27) (-0.27) (0.25) (0.25) (1.71) (1.67)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.033 0.033 0.037 0.037 0.538 0.538
NObs 286,824 286,824 286,824 286,824 259,472 259,472
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Table 5: Evidence from directional events and market reactions

This table reports OLS regression estimates relating 8-K viewership to post-announcement price inefficiency for subsam-
ples that isolate directional events. The dependent variables are PI(2,10) and PI(2,20), as defined in Equation (2). The
key explanatory variables are Cloud Machine and Human viewership of firm ’s 8-K filings over ¢ € [0,1] (with ¢ = 0
the filing date). Panels A and B partition events into drift versus reversal based on the sign and evolution of post-filing
cumulative abnormal returns, and Panel C restricts the sample to statistically significant price reactions as in Equation
(6) and Weller (2018). Controls include BM, SIZE, ROA, LEV, STD ggr, InstOwn, Analysts, Spread, Friday, # News,
|CAR(0,1)|, FinNeg, #Items, and AbnVolume(0,1) (Appendix Table A). The specification includes firm, year, and item
fixed effects. t-statistics (in parentheses) use standard errors clustered by firm and year. *, ** and *** indicate signifi-
cance at the 10%, 5%, and 1% levels, respectively.

PI(2,10) PI(2,20) PI(2,10) PI(2,20)
1) (2) 3) (4) (5) (6) (7) (8)
Panel A: Negative News
Drift Reversal
Cloud Machine -0.002%** -0.002%** -0.003*** -0.004%**
(-3.44) (-3.18) (-3.39) (-3.32)
Human 0.002%** 0.004*** 0.002** 0.004***
(5.69) (4.70) (2.94) (4.63)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.238 0.238 0.274 0.275 0.247 0.247 0.264 0.265
NObs 77,295 77,295 77,295 77,295 70,543 70,543 70,543 70,543

Panel B: Positive News

Drift Reversal

Cloud Machine -0.003** -0.002 -0.001** -0.001

(-2.19) (-1.50) (-2.52) (-0.83)
Human 0.002%** 0.004*** 0.002*** 0.003***

(3.15) (3.09) (3.07) (3.50)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.249 0.250 0.272 0.273 0.243 0.244 0.256 0.257
NObs 72,352 72,352 72,352 72,352 70,985 70,985 70,985 70,985
Panel C: Significant News
|CAR; (t42,t+10)| > V9 x 04, (t—10,t—1) |CAR; (142,t4+20)| > V19 x 04, (t—20,t—1)

Cloud Machine -0.004%** -0.004*** -0.003*** -0.005***

(-4.25) (-4.00) (-4.18) (-4.86)

0.004*** 0.005*** 0.003*** 0.006***

Human (3.88) (4.30) (4.08) (4.73)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.412 0.412 0.317 0.318 0.277 0.277 0.490 0.491
NObs 91,572 91,572 91,572 91,572 81,996 81,996 81,996 81,996
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Table 6: IV test — Exogenous cloud outages

This table reports 2-Stage Least Squares (2SLS) estimates using exogenous cloud outages as an instrument for
Cloud Machine. Columns (1)—(3) report first-stage regressions in which the dependent variables are Cloud Machine,
Machine, and Human, respectively. Columns (4)—(5) report second-stage regressions of post-announcement price
inefficiency, measured by PI(2,10) and PI(2,20), on the instrumented Cloud Machine and the control variables.
Cloud Machine, Machine, and Human measure cloud machine, machine, and human viewership of firm ¢’s 8-K filings over
days t € [0,1] (with ¢ = O the event date), respectively. Cloud Outage equals one on days with a service disruption at one or
more major cloud service providers. Controls are BM, SIZE, ROA, LEV, STD rgr, InstOwn, Analysts, Spread, Friday,
#News, |CAR(0,1)|, FinNeg, #Items, and AbnVolume(0,1) (Appendix Table A). The specification includes firm, year,
and item fixed effects. t-statistics (in parentheses) use standard errors clustered by firm and year. Weak ID reports the
Stock—Yogo weak identification F-statistic. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

First Stage Second Stage — Cloud Machine
Cloud Machine Machine Human PI(2,10) PI(2,20)
(1) (2) (3) (4) (5)
Cloud Machine -0.052%* -0.004
(-2.96) (-0.15)
Cloud Outage -0.064*** -0.046%* 0.018
(-3.74) (-1.93) (1.59)
BM -0.006 0.000 0.071+** 0.004*** 0.005%**
(-0.80) (0.02) (7.63) (6.11) (5.51)
SIZE -0.009 0.014 0.078%** -0.005*** -0.008***
(-1.15) (1.50) (6.83) (-5.63) (-7.52)
ROA 0.009 0.012 -0.119%** -0.026%** -0.037%**
(0.42) (0.57) (-3.22) (-7.05) (-6.99)
LEV 0.016 0.003 0.320%*** 0.014** 0.023***
(0.54) (0.09) (6.12) (3.01) (5.19)
ST DRet 0.076** 0.034 0.310%*** 0.032*** 0.046***
(2.27) (1.18) (5.45) (3.26) (3.36)
InstOwn -0.041 -0.024 -0.143%** -0.009** -0.014%**
(-0.99) (-0.81) (-2.98) (-2.84) (-3.80)
Analysts 0.015* 0.004 -0.008 0.001 -0.000
(1.94) (0.43) (-0.74) (1.69) (-0.10)
Spread -1.424%** 0.732 -1.697** 0.553*** 0.675%***
(-2.77) (0.54) (-2.04) (4.33) (4.65)
Friday -0.008 -0.043*** -0.120%** 0.001 0.002%**
(-0.69) (-3.90) (-12.24) (1.63) (4.41)
#News -0.010%* -0.001 0.056*** -0.002%** -0.002%**
(-1.87) (-0.26) (9.27) (-3.25) (-5.15)
|CAR(0,1)| -0.074%* 0.182* 1.288%** 0.098*** 0.108***
(-2.19) (1.86) (13.07) (7.11) (7.30)
FinNeg 1.280 2.063* 5.842%** 0.103 0.093
(0.92) (1.72) (5.26) (1.46) (1.27)
#1tems 0.062*** 0.088*** 0.152%** 0.003*** -0.001
(5.95) (10.50) (18.71) (3.40) (-0.40)
AbnVolume(0,1) 0.121%%* 0.207%** 1.269%** 0.035%** 0.017
(3.10) (2.83) (4.38) (3.02) (1.16)
Firm FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes
Weak ID 13.995 3.738 2.513 - -
NObs 295,109 295,109 295,109 295,109 295,109
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Table 7: Viewership of information and informed trading

This table reports OLS regression estimates of the impact of Cloud Machine, Machine, and Human viewership on the
probability of informed trading (PIN) over the windows (0,1) (Columns 1-3) and (0,5) (Columns 4-6), relative to the
8-K publication date. PIN(0,1) and PIN(0,5) denote the average daily probability of information-based trading during
the respective windows. Cloud Machine, Machine, and Human denote cloud machine, machine, and human viewership
of 8-K filings on days t € [0, 1], respectively. Controls are BM, SIZE, ROA, LEV , STDrer, InstOwn, Analysts, Spread,
Friday, # News, | CAR(0,1)|, FinNeg, #Items, and AbnVolume(0,1). All variables are defined in Appendix Table A. The
specification includes firm, year, and item fixed effects. t-statistics (in parentheses) use standard errors clustered by firm
and year. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

PIN(0,1) PIN(0,5)
1) (2) 3) (4) (5) (6)
Cloud Machine 0.002%* 0.002**
(2.65) (2.51)
Machine 0.002*** 0.003%**
(3.89) (3.54)
Human -0.001** -0.001*
(-2.75) (-2.02)
BM -0.003** -0.003** -0.003** -0.004** -0.004** -0.004**
(-2.28) (-2.29) (-2.20) (-2.96) (-2.97) (-2.89)
SIZE -0.028%** -0.028%** -0.028%** -0.028%** -0.028%** -0.028%**
(-23.29) (-23.31) (-23.06) (-25.51) (-25.55) (-25.33)
ROA -0.006 -0.006 -0.006 -0.007* -0.007* -0.007*
(-1.67) (-1.68) (-1.71) (-1.89) (-1.89) (-1.92)
LEV -0.012%** -0.012%** -0.012%** -0.010%** -0.010%** -0.010%**
(-3.47) (-3.46) (-3.31) (-3.29) (-3.28) (-3.14)
STDger -0.046*** -0.046%** -0.045%** -0.043%** -0.043*** -0.043***
(-6.40) (-6.39) (-6.32) (-6.50) (-6.48) (-6.40)
InstOwn -0.098%** -0.098%** -0.099%** -0.097%** -0.097*** -0.097%**
(-22.25) (-22.25) (-22.21) (-23.28) (-23.24) (-23.24)
Analysts -0.015%** -0.015%** -0.015%** -0.014%** -0.014%** -0.014%**
(-10.88) (-10.89) (-10.84) (-9.55) (-9.57) (-9.55)
Spread 1.093*** 1.087*** 1.087*** 0.838%** 0.832%** 0.832%**
(9.47) (9.40) (9.47) (6.48) (6.53) (6.41)
Friday -0.001 -0.001 -0.001* 0.000 0.000 -0.000
(-1.68) (-1.54) (-1.94) (0.12) (0.32) (-0.07)
# News -0.002%** -0.002%** -0.002%** -0.002%** -0.002%** -0.002%**
(-6.25) (-6.31) (-6.33) (-7.96) (-8.00) (-7.99)
|CAR(0,1)| -0.066*** -0.067*** -0.065%** -0.065%** -0.066*** -0.064%**
(-5.49) (-5.60) (-5.43) (-4.98) (-5.11) (-4.98)
FinNeg 0.069** 0.067* 0.082%* 0.043 0.041 0.055
(2.19) (2.09) (2.40) (1.25) (1.15) (1.48)
#Items -0.000 -0.000 0.000 -0.000 -0.000 0.000
(-0.36) (-0.46) (0.01) (-0.04) (-0.15) (0.38)
AbnVolume(0, 1) -0.147%** -0.148%** -0.146%** -0.134%** -0.134%** -0.132%**
(-5.18) (-5.17) (-5.12) (-5.29) (-5.27) (-5.23)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.635 0.635 0.635 0.687 0.687 0.687
NObs 271,054 271,054 271,054 277,501 277,501 277,501
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Table 8: Algorithmic trading, HFT, price inefficiency, and viewership

This table presents OLS regression estimates of the impact of (i) 8-K viewership on algorithmic trading (Panel A) and (ii)
high-frequency trading (HFT) on price inefficiency following 8-K filings (Panel B). In Panel A, Odd Lot Ratio(0,1) is the
fraction of volume associated with abnormally small trades (less than 100 shares) over days ¢ € [0, 1], and Trade Size(0,1)
is the number of shares traded divided by the number of trades over the same period, both relative to the 8-K publication
date. In Panel B, Cancel to Trade is a proxy for HFT activity and Trade to Order is an inverse measure of HF'T activity.
PI(2,10) and PI(2,20) are measures of the post-announcement price inefficiency over different horizons, as described in
Equation (2). In both panels, Cloud Machine, Machine, and Human denote cloud machine, machine, and human view-
ership of 8K filings on days ¢ € [0, 1], respectively. Controls are BM, SIZE, ROA, LEV, STD ggr, InstOwn, Analysts,
Spread, Friday, # News, | CAR(0,1)|, FinNeg, #Items, and AbnVolume(0,1). All variables are defined in Appendix Table
A. The specification includes firm, year, and item fixed effects. t-statistics (in parentheses) use standard errors clustered
by firm and year. *, ** and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Panel A: The effects of viewership on algorithmic trading

Odd Lot Ratio(0,1) Trade Size(0,1)
(1) (2) (3) (4) (5) (6)
Cloud Machine 0.005* -0.002*
(2.14) (-2.23)
Machine 0.005%* -0.003
(2.83) (-1.90)
Human -0.004** 0.003**
(-2.94) (3.18)
BM -0.007* -0.007* -0.007* 0.012%* 0.012%* 0.012%*
(-2.31) (-2.30) (-2.19) (3.45) (3.45) (3.42)
SIZE 0.023*** 0.023*** 0.023%** -0.018%** -0.018%** -0.018%**
(6.56) (6.52) (6.39) (-6.49) (-6.46) (-6.59)
ROA 0.005 0.005 0.004 -0.045%* -0.045%* -0.045%*
(0.74) (0.73) (0.66) (-3.31) (-3.30) (-3.26)
LEV -0.032%* -0.032%* -0.030%* 0.050%*** 0.050%** 0.049%**
(-2.73) (-2.76) (-2.66) (4.94) (4.98) (4.88)
STDgrer -0.004 -0.004 -0.003 -0.035 -0.035 -0.036
(-0.29) (-0.31) (-0.21) (-1.95) (-1.94) (-1.99)
InstOwn 0.027* 0.026* 0.026 -0.089%** -0.089*** -0.089%**
(2.08) (2.03) (1.99) (-7.00) (-6.94) (-6.96)
Analysts 0.002 0.002 0.002 -0.007 -0.007 -0.007
(1.09) (1.08) (1.09) (-1.35) (-1.35) (-1.35)
Spread 2.352%* 2.344%* 2.319%* 2.903%** 2.907*** 2.922%**
(3.91) (3.89) (3.89) (10.14) (10.14) (10.24)
Friday -0.002 -0.002 -0.002 -0.001 -0.001 -0.001
(-0.40) (-0.36) (-0.43) (-0.96) (-1.00) (-0.87)
# News -0.005** -0.005** -0.005** 0.001** 0.001** 0.001*
(-3.02) (-3.01) (-2.98) (2.62) (2.64) (2.56)
|CAR(0,1)| -0.102%** -0.102%** -0.097%** 0.109*** 0.109%** 0.106***
(-7.17) (-7.17) (-7.25) (7.11) (7.10) (6.84)
FinNeg -0.335 -0.332 -0.286 0.076 0.076 0.048
(-1.79) (-1.74) (-1.44) (1.91) (1.87) (1.10)
#Items 0.003 0.003 0.004 0.000 0.000 -0.000
(0.89) (0.89) (1.22) (0.24) (0.30) (-0.16)
AbnVolume(0, 1) -0.031 -0.031 -0.026 0.036 0.036 0.033
(-1.91) (-1.91) (-1.61) (1.19) (1.19) (1.10)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.203 0.203 0.203 0.586 0.586 0.587
NObs 101,366 101,366 101,366 101,366 101,366 101,366
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Table 9: Automation intensity and substitution between cloud and manual access

This table examines whether automation intensity in accessing 8-K filings is associated with (i) the cloud share of access
among institutional and hedge-fund users, and (ii) the composition and level of institutional and hedge-fund viewership
around the filing. The unit of observation is the 8-K filing. The dependent variables correspond to the column headers in
the table: Column (1) is Cloud Share (Cloud Shares); Column (2) is Hedge-Fund Share (HF Shares); Column (3) is Insti-
tutional Human Viewership (log) (InstInv Human); and Column (4) is Hedge-Fund Human Viewership (log) (HF Human).
Columns (5)—(6) repeat Columns (3)—(4) using an alternative measure of automation intensity. Cloud Share is defined
as cloud viewership (machine and human) divided by cloud viewership (machine and human) plus institutional-investor
viewership (machine and human). Hedge-Fund Share is defined as hedge-fund viewership (machine and human) divided
by institutional-investor viewership (machine and human). Automation intensity is measured by Machine Intensity, de-
fined as machine viewership divided by total viewership (machine plus human), and by Cloud Machine Intensity, defined
as cloud-machine viewership divided by total viewership (machine plus human). All regressions include firm, year, and
item fixed effects and the full set of controls from Table 2. t-statistics are reported in parentheses and are computed us-
ing standard errors clustered at both the firm and year levels. *, ** and *** denote significance at the 10%, 5%, and 1%
levels, respectively.

Cloud HF InstInv HF Instinv HF
Shares Shares Human Human Human Human
(1) (2) 3) (4) (5) (6)
Machine Intensity 0.246*** -0.042%** -0.813%** -0.193%*
(10.40) (-4.79) (-4.17) (-2.84)
Cloud Machine Intensity -0.374%** -0.103***
(-7.28) (-4.20)
AbnNews -0.001 0.000 -0.002 -0.000 -0.003 -0.001
(-1.25) (0.17) (-1.07) (-0.43) (-1.30) (-0.61)
RetVolatilityg—1 -0.258%* -0.159 0.720%** 0.244%** 0.875%** 0.275%**
(-2.03) (-1.11) (3.21) (3.49) (4.26) (4.23)
CumReturng—1 0.004 0.006 -0.016%* -0.010%* -0.014* -0.009**
(0.83) (0.68) (-1.93) (-2.84) (-1.87) (-2.72)
FinNeg -0.210 -0.119 0.941%** 0.355%** 1.310*** 0.434%**
(-1.52) (-0.80) (3.88) (3.89) (5.60) (4.61)
#Words 0.001 -0.013 0.022%** 0.006*** 0.022%** 0.006***
(0.59) (-1.65) (6.71) (3.15) (6.46) (3.02)
#Items 0.003 0.018%* 0.008 0.001 0.013* 0.002
(0.99) (2.52) (1.60) (0.58) (2.16) (0.96)
Spread 0.144 -0.095 0.063 0.088 -0.342 -0.010
(1.04) (-1.02) (0.15) (0.63) (-0.85) (-0.08)
Friday 0.005 -0.004** -0.016%** -0.005** -0.019%** -0.006**
(0.76) (-2.64) (-3.16) (-2.28) (-3.67) (-2.46)
BM 0.001 -0.001 0.008 0.001 0.014** 0.002
(0.62) (-1.02) (1.53) (0.39) (2.85) (1.21)
SIZE -0.005%** -0.003 0.028%** 0.008%** 0.031%** 0.008%**
(-3.05) (-1.20) (4.77) (2.85) (5.50) (3.20)
InstOwn -0.005 0.009 -0.072%** -0.035** -0.069*** -0.035**
(-0.48) (1.28) (-3.40) (-2.65) (-3.45) (-2.66)
Analysts 0.001 -0.000 0.016%* 0.009** 0.018%* 0.009%*
(0.90) (-0.18) (1.82) (2.24) (1.98) (2.31)
AbnVolume(0, 1) -0.039 0.022%** 0.495%** 0.174%** 0.648%** 0.208%**
(-1.59) (3.81) (4.75) (5.35) (4.64) (4.97)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.229 0.348 0.313 0.178 0.280 0.171
NObs 295,118 295,118 295,118 295,118 295,118 295,118
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Table 10: 8-K filing content and its impact on price inefficiency

This table reports OLS regression estimates of the impact of cloud machine, machine, and human viewership of 8-K
filings, interacted with filing content, on price inefficiency, measured by PI(2,10). Content channels are negative sen-
timent (FinNeg), numerical intensity (NER), Unstructureditems (8-Ks reporting Item 1.01, Item 5.02, or Item 7.01),
Item 2.02, readability (Fog), and the richness of the firm’s information environment, proxied by analyst coverage (#An-
alysts). Cloud Machine, Machine, and Human denote cloud machine, machine, and human viewership of firm 4’s 8-K on
days t € [0, 1], relative to the 8-K event date, respectively. Controls are the same as in Table 3. The specification includes

firm, year, and item fixed effects. t-statistics (in parentheses) use standard errors clustered by firm and year. *, ** and
*** indicate significance at the 10%, 5%, and 1% levels, respectively.
(1) (2) 3) (4) (5) (6)
Panel A: Content-Based Heterogeneity
Channel: FinNeg Unstructured Item
Cloud Machine -0.002%** -0.002%** -0.002%**
(-3.30) (-3.19) (-3.63)
Cloud Machine x Channel -0.037** -0.009* 0.001**
(-2.41) (-1.97) (2.20)
Human 0.002%** 0.002%** 0.002%**
(3.67) (4.60) (4.11)
Human x Channel -0.026 -0.008 0.000
(-0.93) (-1.22) (0.63)
Channel 0.092 0.026 0.022* 0.010 -0.001 0.001
(1.77) (0.46) (1.83) (0.79) (-0.62) (0.75)
Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.222 0.222 0.222 0.222 0.222 0.222
NObs 295,114 295,114 291,821 291,821 295,114 295,114
Panel B: Information-Environment Heterogeneity
Channel: High Fog Item?2.02 #Analysts
Cloud Machine -0.002%*** -0.002%*** -0.003***
(-3.38) (-3.16) (-4.55)
Cloud Machine x Channel -0.000 -0.001 0.0003**
(-0.70) (-1.44) (2.74)
Human 0.003*** 0.003*** 0.003***
(4.16) (4.91) (5.75)
Human x Channel -0.001** -0.001*** -0.0003**
(-3.01) (-4.62) (-2.48)
Channel -0.000 0.000 -0.003** -0.003*** -0.000 0.001
(-0.26) (0.80) (-2.70) (-3.02) (-0.08) (1.25)
Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.222 0.222 0.222 0.222 0.222 0.222
NObs 295,114 295,114 295,114 295,114 295,114 295,114
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Appendix

Appendix Table A: Variables, definitions, and sources

The table presents variable definitions, including each variable’s source and the data needed to
compute each metric.

Variable Definition Source

Panel A: Main Independent (8-K Viewership) Variables

Machine Natural log of non-human visits to an 8-K filing on days 0 and 1, as SEC Log
defined by Dechow et al. (2016).
Human Natural log of human visits to an 8-K filing on days 0 and 1, as defined SEC Log
by Dechow et al. (2016).
Total Visits Natural log of total (machine + human) visits to an 8-K filing on days SEC Log
0 and 1.
Machine prr Natural log of non-human visits to an 8-K filing on days 0 and 1, as SEC Log
defined by Drake et al. (2015).
Humanprr Natural log of human visits to an 8-K filing on days 0 and 1, as defined SEC Log
by Drake et al. (2015).
Cloud Machine Natural log of non-human visits (per Dechow et al., 2016) to an 8K SEC Log, MaxMind,
filing on days 0 and 1 from cloud computing services. LSEG, & Capital 1Q
Machine Intensity Machine visits divided by total visits to an 8-K filing on days 0 and 1 SEC Log

(relative to the 8-K publication date).
Cloud Machine Intensity Cloud machine visits divided by total visits to an 8-K filing on days 0 SEC Log
and 1 (relative to the 8-K publication date).

Inst Inv Machine Natural log of non-human visits (per Dechow et al., 2016) to an 8K SEC Log, MaxMind,
filing on days 0 and 1 from institutional investors’ IP addresses. LSEG, & Capital 1Q
Data Vend Machine Natural log of non-human visits (per Dechow et al., 2016) to an 8-K SEC Log, MaxMind,
filing on days 0 and 1 from data and media vendors’ IP addresses. LSEG, & Capital 1Q

Panel B: Price Inefficiency and Algorithmic Trading, Dependent Variables

PI(2,T) Post-announcement price inefficiency (drift or reversal), measured as CRSP
|CAR(0,T) — CAR(0,1)|, where CAR is based on the Fama French
three factor model.

Scaled PI(2,T) |CAR(0,T) — CAR(0,1)| / |CAR(0,T)], for T = 10, 20. CRSP

Noise Share of return variance attributable to noise, following Brogaard et al. =~ CRSP
(2022).

PIN(0,T) Average daily probability of informed trading (PIN) over (0,7); PIN TAQ
is estimated daily using 5-minute intervals.

Odd Lot Ratio Fraction of volume in trades under 100 shares, on days 0 and 1 (relative SEC MIDAS
to the 8-K publication date).

Trade Size Shares traded divided by number of trades, on days 0 and 1 (relative ~SEC MIDAS

to the 8-K publication date).
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Variable Definition Source
Panel C: Control Variables
LEV Total debt divided by total assets. Compustat
BM Book-to-market ratio at fiscal year-end prior to the 8-K filing. CRSP & Compustat
SIZE Natural log of market value of common equity at fiscal year-end prior =~ CRSP
to the 8-K filing.
InstOwn Institutional ownership (percent) in the quarter prior to the 8-K filing.  FactSet
Analysts Natural log of one plus the number of analysts covering firm ¢ in the I/B/E/S
quarter prior to its 8-K filing date.
STDreT Standard deviation of monthly returns over the year prior to the 8K CRSP
filing.
InIndex Indicator equal to one if the stock has been added to the S&P 500, CRSP
and zero otherwise.
Spread Average percent effective spread over the week prior to the 8-K publi- TAQ
cation date.
# News Number of news mentions in the two weeks prior to the 8-K publication = RavenPack
date.
AbnNews Log difference between the firm’s average daily news mentions in the RavenPack
two-week pre-event window and its trailing-year average ending 10
trading days prior to the event day. To mitigate confounding from
time-varying source coverage, we use RavenPack’s Dow Jones/PR
Newswire feed.
|CAR(0,1)] Absolute value of CAR(0,1). CRSP
Friday Indicator equal to one if the 8-K is released on a Friday, and zero CRSP
otherwise.
#Items Number of topics included in an 8-K filing. WRDS SEC Suite

RetVolatility,, _,
CumReturng—1
AbnVolume

# Words
FinNeg

Gap

Cancel to Trade

Trade to Order

Standard deviation of daily total returns in the prior quarter.
Cumulative return over the prior quarter.

Log difference between daily turnover (volume scaled by shares out-
standing) and its trailing 255-trading-day average ending 10 trading
days prior to event day.

Number of words in an 8-K filing.

Proportion of negative words in an 8-K filing.

Number of days between the 8-K event date and the publication date.
Average daily cancellations divided by trades for displayed orders, on
days 0 and 1 (relative to the 8-K publication date).

Average daily traded volume divided by total submitted order volume,
on days 0 and 1 (relative to the 8-K publication date).

CRSP
CRSP
CRSP

WRDS SEC Suite
WRDS SEC Suite
WRDS SEC Suite
SEC MIDAS

SEC MIDAS

Panel D: Additional Variables

Cloud Outage

NER

Unstructured Item

High Fog

High Flesch—Kincaid

Day with a service disruption at one or more major cloud service
providers.

Percentage of numerical entities (e.g., quantities, dollar amounts, and
cardinal values) in the 8-K filing. Entities are extracted using spaCly;
sentences must contain at least one noun (or pronoun) and one verb.
Indicator equal to one for 8-K filings that report Item 1.01, 5.02, or
7.01, treating Item 9.01 exhibits as ancillary, and zero otherwise.
Indicator equal to one if the filing’s Fog index is above the sample
median, and zero otherwise.

Indicator equal to one if the filing’s Flesch—Kincaid score is above the
sample median, and zero otherwise.

Gunawi et al. (2016)

WRDS SEC Suite

WRDS SEC Suite

WRDS SEC Suite

WRDS SEC Suite
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Summary of the Online Appendix

This Online Appendix accompanies “Market Efficiency When Machines Access Information.” It provides
supplemental analyses, robustness checks, and additional descriptive evidence that support the main
paper’s empirical design, mechanism tests, and interpretation of the results.

Figure OA.1 illustrates the intraday timing of EDGAR acceptance for 8-K filings. Figure OA.2
demonstrates that machine, human, and cloud-machine viewership are concentrated shortly after filing
release, which supports the use of the primary two-day viewership window. Figure OA.3 presents a
dynamic stacked difference-in-differences analysis around S&P 500 inclusion, serving as a complementary
setting for examining changes in the relationship between human viewership and price inefficiency.

Table OA.1 identifies the largest 8-K viewers by organization type, enhancing transparency regarding
the classification of cloud computing, institutional-investor, internet-service-provider, and other access
channels. Table OA.2 presents by-facility human-viewership tests, which function as a placebo-style
comparison for the cloud-machine results. Table OA.3 reports weighted least squares specifications that
assign greater weight to larger-return events and demonstrate that the cloud-machine results are not
attributable to low-signal filings.

Tables OA.4 and OA.5 present further evidence regarding the cloud-outage setting. Table OA.4
indicates that outage days are not linked to systematic market-wide disruptions in trading activity,
liquidity, volatility, or retail trading. Table OA.5 demonstrates that the impact of cloud outages on
cloud-machine access is concentrated shortly after EDGAR acceptance, which is consistent with outages
affecting the initial disclosure-processing window.

Table OA.6 provides additional mechanism tests using abnormal short-selling and retail-trading mea-
sures. These tests indicate that cloud-machine viewership is associated with short-selling activity around

negative disclosures, whereas human viewership is more closely related to retail trading intensity.



Figure OA.1: SEC 8-K acceptance by hours

This figure presents the filing frequency of 8-K by the EDGAR acceptance time of day.
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Figure OA.3: Human 8-K viewership and price inefficiency around S&P 500 inclusion

This figure presents a stacked DiD of the effect of human 8-K viewership on price inefficiency. The dependent variable is
PI(2,10) (Panel A) or PI(2,20) (Panel B). Treatment occurs at the quarterly level and is defined as the quarter (¢ = 0)
in which a Russell 1000 firm becomes an S&P 500 constituent. We stack cohort-specific event windows from four quar-
ters before to four quarters after inclusion and estimate dynamic coefficients relative to quarter ¢ = —1 (omitted). Treat
equals one for firms that become S&P 500 constituents during the sample period and zero otherwise. The plotted coeffi-
cients trace the event-time effects of Human viewership (log human visits to the firm’s 8-K on days 0 and 1) on PI(2,T).
All specifications include firm, year, and item fixed effects, as well as the control variables included in Table 3 of the main
paper. Standard errors are two-way clustered by firm and year.
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Table OA.1: Top 8-K viewers by organization types

This table lists the top ten organizations within each of the following categories: “Cloud Computing”, “In-
stitutional Investors”, “Internet Service Providers”, and “Rest/Other”.

Organization Type Organization Name # Visits (Millions)
Cloud Computing Amazon.com 5.635
Cloud Computing 1&1 Internet AG 1.836
Cloud Computing Victory Networks 1.476
Cloud Computing SoftLayer Technologies 1.098
Cloud Computing FusionStorm 0.482
Cloud Computing CoreSite 0.320
Cloud Computing Rackspace Ltd. 0.300
Cloud Computing DigitalOcean 0.274
Cloud Computing Net Access Corporation 0.203
Cloud Computing SunGard Availability Network Solutions 0.181
Institutional Investors Barclays Capital 0.656
Institutional Investors Two Sigma Investments, LLC 0.496
Institutional Investors The Goldman Sachs Group 0.403
Institutional Investors Hutchin Hill Capital 0.285
Institutional Investors Schonfeld Tools, LLC. 0.236
Institutional Investors Hartford Life Insurance Company 0.230
Institutional Investors Hutchin Hill Capital, LP 0.222
Institutional Investors D. E. Shaw & Co. 0.180
Institutional Investors William O’Neil & Company 0.164
Institutional Investors Knight Capital Group 0.098
Internet Service Providers CenturyLink 1.765
Internet Service Providers Comcast 1.042
Internet Service Providers Spectrum 0.922
Internet Service Providers Verizon 0.584
Internet Service Providers Optimum Online 0.523
Internet Service Providers AT&T Services 0.518
Internet Service Providers Oxford Networks 0.411
Internet Service Providers Rogers Cable 0.357
Internet Service Providers Iliad-Entreprises 0.331
Internet Service Providers Resilans AB 0.330
Rest/Other Dow Jones & Company 0.588
Rest/Other Markit On Demand 0.366
Rest/Other Bloomberg, LP 0.258
Rest/Other Morris, Nichols, Arsht & Tunnell 0.221
Rest/Other Thomson Reuters U.S. LLC 0.147
Rest/Other McGraw-Hill 0.127
Rest/Other Chengxi Middle School 0.061
Rest/Other Googlebot 0.060
Rest/Other Regus Group Services Ltd 0.053
Rest/Other GoDaddy.com, LLC 0.049




Table OA.2: Impact of by-facility human viewership

This table reports estimates of the relation between by-facility human viewership of firm 4’s 8-K filings on days ¢ € [0, 1] and
post-announcement price inefficiency. The dependent variables are PI(2,10) (columns 1-4) and PI(2,20) (columns 5-8), as
defined in Equation (2) in the main paper. Humancioud, HumanpstinvMachine, and HumanpatavendMachine denote hu-
man viewership originating from cloud, institutional-investor, and data-vendor networks, respectively (entered separately in
Columns 1-3 and 5-7, and jointly in Columns 4 and 8). All regressions include firm, year, and item fixed effects and control
variables as in Table 3 (main paper). t-statistics (in parentheses) are based on standard errors clustered by firm and year. *,

**and *** denote significance at the 10%, 5%, and 1% levels, respectively.

PI(2,10) PI(2,20)
1) (2) (3) (4) (5) (6) (7) (8)
Humancioud 0.001*** 0.001%** 0.002%** 0.002%**
(4.56) (4.19) (5.58) (4.24)
HumanlnsﬂnvMachme 0002** 0001** 0003*** 0002**
(2.67) (2.38) (3.28) (2.85)
HumanpataVendMachine 0.001%* -0.000 0.002%** 0.000
(1.97) (-0.24) (3.18) (0.86)
BM 0.004*** 0.004%** 0.004%** 0.004%** 0.005%** 0.005%** 0.005%** 0.005%**
(6.87) (6.92) (6.89) (6.90) (5.77) (5.82) (5.79) (5.79)
SIZE -0.005*** -0.005*** -0.005*** -0.005*** -0.008*** -0.008*** -0.008*** -0.008***
(-5.05) (-5.13) (-5.04) (-5.14) (-8.53) (-8.68) (-8.50) (-8.70)
ROA -0.026*** -0.026*** -0.026*** -0.026*** -0.037*** -0.037*** -0.037*** -0.037***
(-6.46) (-6.48) (-6.46) (-6.48) (-7.06) (-7.08) (-7.05) (-7.09)
LEV 0.013%** 0.013%** 0.013%** 0.013%** 0.023%** 0.023%** 0.023%** 0.023%**
(3.25) (3.24) (3.28) (3.23) (5.03) (5.06) (5.06) (5.04)
STDRrpT 0.027*** 0.027%** 0.027*** 0.027*** 0.046%** 0.045%** 0.046%** 0.045%**
(3.14) (3.12) (3.14) (3.12) (3.30) (3.29) (3.30) (3.28)
InstOwn -0.007** -0.007** -0.007** -0.007** -0.014%** -0.014%** -0.014%** -0.014%***
(-2.29) (-2.26) (-2.30) (-2.25) (-3.68) (-3.65) (-3.70) (-3.63)
Analysts 0.000 0.000 0.000 0.000 -0.000 -0.000 -0.000 -0.000
(0.60) (0.57) (0.59) (0.58) (-0.12) (-0.16) (-0.12) (-0.15)
Spread 0.625%** 0.625%** 0.625%** 0.625%** 0.676%** 0.676%** 0.676%** 0.676%**
(4.63) (4.62) (4.63) (4.62) (5.22) (5.20) (5.22) (5.20)
Friday 0.001%** 0.001*** 0.001%*** 0.001%** 0.001%** 0.001%** 0.001*** 0.001%**
(3.18) (3.20) (3.14) (3.23) (3.27) (3.32) (3.20) (3.36)
# News -0.000* -0.000* -0.000 -0.000* -0.001%** -0.001*** -0.001%*** -0.001%***
(-1.78) (-1.85) (-1.75) (-1.86) (-3.65) (-3.72) (-3.64) (-3.71)
|CAR(0,1)| 0.104%** 0.103*** 0.104*** 0.103*** 0.112%** 0.112%** 0.112%%* 0.111%%*
(7.28) (7.31) (7.30) (7.30) (7.96) (7.97) (7.97) (7.96)
FinNeg -0.005 -0.006 -0.003 -0.008 0.019 0.017 0.022 0.013
(-0.13) (-0.15) (-0.07) (-0.21) (0.30) (0.27) (0.35) (0.21)
#Items 0.001* 0.001* 0.001* 0.001* -0.000 -0.000 -0.000 -0.000
(2.04) (1.99) (2.03) (2.00) (-0.18) (-0.27) (-0.19) (-0.25)
AbnV olume(0, 1) 0.027** 0.027* 0.027** 0.026* 0.015 0.014 0.015 0.013
(2.17) (2.13) (2.20) (2.10) (1.00) (0.94) (1.03) (0.92)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.222 0.222 0.222 0.222 0.244 0.244 0.243 0.244
NObs 295,114 295,114 295,114 295,114 295,114 295,114 295,114 295,114




Table OA.3: Investor attention and post-announcement price inefficiency:
Weighted Least Squares estimates

This table presents weighted least squares (WLS) estimates examining the relationship between 8-K viewership and post-
announcement price inefficiency. Each firm-event observation is weighted by the absolute total event return, |[CAR(0,T)].
The dependent variables are Scaled PI(2,10), Scaled PI(2,20), Scaled DGTW (2,10), and Scaled DGTW (2,20). Cloud
Machine and Human refer to cloud-machine and human viewership of firm ¢’s 8-K filings on days ¢ € [0, 1] relative to the
filing date, respectively. All specifications include firm, year, and item fixed effects as well as control variables as in Table
3 (main paper). t-statistics, reported in parentheses, are based on standard errors clustered by firm and year. *, ** and
*** indicate significance at the 10%, 5%, and 1% levels, respectively.

Scaled Scaled Scaled Scaled
PI(2,10) PI(2,20) DGTW (2,10) DGTW (2,20)
(1) (2) (3) (4)
Cloud Machine -0.009** -0.007** -0.012%* -0.009**
(-2.29) (-2.24) (-2.37) (-2.82)
Human -0.006 -0.001 -0.007 -0.004
(-1.51) (-0.48) (-1.29) (-1.07)
BM 0.004 0.002 0.002 0.003
(1.42) (0.88) (0.56) (1.07)
SIZE -0.006 -0.004 -0.007** -0.007*
(-1.73) (-1.10) (-2.17) (-1.91)
ROA -0.059%** -0.046%** -0.069*** -0.045%*
(-5.24) (-4.15) (-4.48) (-2.71)
LEV 0.003 0.003 0.011 0.004
(0.26) (0.21) (0.60) (0.28)
STDrET 0.027 0.006 0.035 0.032*
(1.22) (0.30) (1.62) (1.91)
InstOwn -0.044%** -0.035%* -0.039** -0.036**
(-3.05) (-2.86) (-2.59) (-2.66)
Analysts 0.003 0.004 0.002 0.010**
(0.81) (0.81) (0.45) (2.26)
Spread 1.701*%* 1.462%** 1.802*** 1.462%**
(4.54) (5.53) (6.17) (9.15)
Friday 0.021%** 0.016*** 0.018%** 0.014%**
(3.94) (4.22) (4.34) (3.51)
# News -0.011%** -0.009%** -0.020%** -0.013%**
(-5.69) (-7.81) (-14.97) (-8.02)
|CAR(0, 1)| -1.313%** -1.224%** -1.285%** -1.203***
(-19.41) (-18.85) (-20.55) (-18.17)
FinNeg -0.084 -0.077 -0.337 -0.321
(-0.33) (-0.37) (-1.56) (-1.21)
#1Items -0.005 -0.004 -0.013** -0.014%**
(-1.19) (-1.30) (-2.71) (-4.20)
AbnVolume(0,1) 0.201%** 0.130%* -0.183** -0.224**
(3.87) (2.51) (-2.23) (-2.89)
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Item FE Yes Yes Yes Yes
R? 0.021 0.020 0.027 0.017
NObs 294,924 294,924 206,337 206,337




I6L6FF0T  T6L'6FF'0T  €6%'807'0T  66S°0TF 0T  ¥S9FEFOT  GSOTIF'0T  €68°L0F0T  I6L'6FF'0T  €90°07% 0T SqQON

4] ¥29°0 L1770 ce9'0 €€9°0 ¥Se0 ve€0 206°0 1370 A Py
m®> m®> m®> m®> m®> m®> m®> wm.»% m@.\ﬁ m,m M@@g
m®> m®> m®> mw.W w@.% m®> m®> wm.»% m@.\ﬁ mm E.HT..H

(1€°2) (6T7) (1¢°81-) (67°02-) (¥9°02-) (0L°gT1-) (¢Lze) (81°8%) (07'2)

***Nwﬁé ***N@N.O ***Nﬂﬁ.ou ***wmm.ou ***wom.ou ***OD0.0- ***hao.ou ***mmﬁ.ﬂ ***HN@.&H &@D w@&&@ﬁw
(gge1) (82°9) (62°L) (vev) (¢v¢) (tL'1-) (89°0) (g1°6¢-) F¥11-)
***wa.m| %**mmw.o ***Hwo.o ***@m@.o ***Nm0.0 *OOD.O- €000 ***N@O.Hu %**Hﬂ@.wmu QUNLQ

(L&°L2) (89°%1) ¥9°¢-) (21°%) (Tv'y) FL¥) (69°6) (z8°2€) (eg28)

#2087 T #4x662°0  5£x600°0- ++800°0 #45€00°0 5550000 444C8T0°0  5446TE0  4%4963'GT 2buDyy 2014

(12°L1) (86°¢-) (¥2°0) (80°¢) (28'1) (ce2) (¥0'9) (99°2) (LT'8)

#3x0LE°E  saxPVT0O- L00°0 +xxLE0°0 £970°0 ++000°0 #5+800°0  44x96T°0  ssxFLV'TT [c— ‘g—] uangay

(92°L1) (99'2-) (Le1-) (19°0-) (€6°0) (9€°0) (15°0) (99'9) (z0'8)

#+x0L6'C  44x09€°0- 820°0- 910°0- 00 000°0 800°0 #4%08€°0  444+022°0G [1—] uangoy

(10°02) (00'0) (1¢°91-) (86'91-) (00°01-) (ce¥-) (80'8-) (62°%1) (€0°€1)

***@mm.mH T00°0 ***m@%.ou ***Owﬂ.ﬂu **%WON..T **%OO0.0u %**me.ou *%*OHQ.._” ***@MN.MON wcmw\:&mag UMY

(ge'1-) (61°0-) (¥0'1-) (81°1-) (ve'1-) (ez'1-) (82°1-) (99°0-) (80°0)

990°0- 600°0- €000~ 110°0- ¥20°0- 000°0- 900°0- 010°0- 6S1°0 abpnQ pnojyH
(6) (8) (L) (9) () (¥) (€) (2) (1)

TIVIAY aao dsy dSd dSO TOAd  IOVAIWI  TOAT TOA

"A[0AT)00dS0T ‘S[OAS] YT PUR ‘4G ‘00T O} Y& 9IURIYIUSIS SJOUSD 4y PUC ‘yy “y ~ 4 POISUIpe o1y ST 37 [Py
pUR SUOTJRAIISCO JO IOQUINU S1[} S9J0UP SQON ‘AP pue Wiy Aq SIOLIS PIRPUR)S PAIoISN[d Aem-om) U0 paseq are (sesoyjuared ur) somsieis-7 (1 — 7 Aep
uo 9o11d 3ulso[o seuIl} SUIPURISINO SAIRYS Sk paInsesw uorpezijeiides jos[Iewl Jo wiLe3o] [eImieu) d,) 19440y pue (1 — 7 Aep uo oo11d JuISO[D S }009)s
o173 snid auo jo wryILIeSo] reInyeu) 201.Lg ‘(sAep Surpery 09 roud o1} I0a0 seorid SursO Arep 1S9MO] PuR 4SaYSIY UedMID] IIUSIDPIP S0]) 26UDY 9914
‘(z — 7 ySnoIyy g — 7 sAep I9A0 WINJAI YD0)S dAIYRNWIND) [g— ‘G—] uungay ‘(1 — 2 Aep uo wanyel 3009s) [[—| uungay ‘(3 Lep uo oo11d Sutuedo 0y T — 7 Aep
w0 oo11d SUISO[ WO} WINJRI J00IS) FYBIULIA() ULNGDY SO[BLIBA [OIJUOD PUR S)OOPO POXY Joom PUR WLIY OpN[oUl suorssa1sel [y ¢ abvgng pnoy) st 10s
-se13a1 Aoy o1 T, “(6—T suwnio)) ((1g0g ‘Te ¥° Iowyeog) 000‘0T Aq poress ‘Surpue)sino sareys Aq PIPIAIP SOPRI) PIJRTITUI-[TRISI UT SOIRYS [€10}) TV.LHY
pue ‘(000‘0T Aq poress ‘Surpue)sino saIeys Aq popIAIp SopeI) j0[-PPO Ul sareys [e103) (7JO ‘(00T Aq pordinur pue ajonb-prur yey) Aq pajeds ‘epely o)
I99Je S9NUIT Al 9jonb-prt OGN Pue 29011d opel) WoeMId( SOUSISPIP oY) 991m] Jo o3eloar pajysem-renbs) 7oy ‘(00T Aq parfdiynu pue ajonb-prur Aq
pareos ‘ejonb-prr OGN snosuriodurejuod pue 9011d opel) UedMId] SOUSISJIP 2IN[0SqR J) 90Im) Jo oFeloar pajySem-Tenba) Jg7 ‘(00T Aq pordiymnu
‘oyonb-prua £q pereoss peaids pajonb OGN oSeioae pajyStom-enbo) 9@ ‘(00T 4q pordiynu ‘ejonb-pru OggN JO stngol 30] puodas-£q-pPuodds Jo uorye
-1a0p prepuels) TOAY ‘((1661) Apeoy pue 99 BIA UOIIRIIP apel], (0] Aq pPor[di)nuu ‘I199e] SoINUIW 9AT) 0 SWII} dpel) WoIj jurodprur yse—piq ul o5ueyd
o8ejuadIod pauSTs eynuIMI-G a8eioAr PoySam-Tenbs) 7 HYJN] ‘(smoy Surpel) rendal SuLMp seper) Jo Iequinu 810} a1} snid auo Jo wWi)Lreso] [einyeu)
TOAT ‘(000°0T £q poereos ‘Surpue)sino soreys Aq PoPIAIP sInoy Surpel) Ie[nSol SULINP papel) saIeys Jo Ioquinu [8)0}) 70 oIe se[qeLres juepuadep oy ],

P13 4 A g+ Pisj0u3u00) A + fabong Ty + 0 = Ffipangoy buipnag,
:[opowr SUTMO[Of 9T} [}IM SOLI}oW Surper) A[rep pue soSeino pnop Usem)aq TOIJe[dl o) JO sojewmrsa syrodar a[qesy ST,

sorjowr Surpeda) ul a8ueyd pue saSejno pno) VO 2[qel



Table OA.5: Cloud outages and intraday access effects

This table reports estimates of the relation between cloud outages and intraday access following EDGAR acceptance.
Time 0 is the EDGAR acceptance timestamp, and outcomes are measured over 0-12, 12-24, and 24-48 hours (columns
1-9). The dependent variables are Cloud Machine, Machine, and Human 8-K viewership in each window (as indicated
by the column headers). The key regressor is Cloud Outage. All regressions include firm, year, and item fixed effects and
control variables AbnNews, RetVolatilityq—1, CumReturng—1, FinNeg, # Words, Gap, #Items, Spread, Friday, BM,
SIZE, InstOwn, and Analysts. t-statistics (in parentheses) are based on standard errors clustered by firm and year. *

**and *** denote significance at the 10%, 5%, and 1% levels, respectively.

0-12 hours 12-24 hours 24-48 hours
Cloud Cloud Cloud
Machine Machine Human Machine Machine Human Machine  Machine Human
(1) (2) (3) (4) (5) (6) (7) (8) )
Cloud Outage -0.064*** -0.038* 0.026* -0.066 0.005 0.015 -0.028 0.006 -0.007
(-4.52) (-2.09) (1.90) (-1.05) (0.18) (0.88) (-0.46) (0.15) (-0.28)
AbnNews -0.006 -0.004 -0.013** -0.008 -0.009* -0.002 0.002 -0.001 0.003
(-1.61) (-1.18) (-2.96) (-1.75) (-2.09) (-0.60) (0.78) (-0.39) (0.79)
RetVolatility,—1 -0.731* 0.871 3.769%** -0.237 0.800 2.668*** 0.118 0.752 2.63T***
(-1.87) (0.74) (4.59) (-0.89) (0.99) (5.01) (0.58) (0.96) (5.73)
CumReturng—1 0.023 -0.032 -0.077*** 0.010 -0.032 -0.059*** -0.001 -0.017 -0.063***
(0.85) (-0.74) (-3.40) (0.32) (-1.02) (-3.88) (-0.02) (-0.72) (-4.07)
FinNeg -1.170** -0.288 5.984*** -1.312 -0.814 4.595%%* -0.803 -0.873 3.970%**
(-2.26) (-0.66) (15.53) (-1.24) (-1.02) (10.75) (-0.79) (-0.94) (10.10)
#Words 0.050** 0.055** 0.056*** 0.038 0.046* 0.050%** 0.036 0.029 0.048***
(2.50) (2.88) (7.34) (0.81) (1.94) (6.49) (0.78) (1.48) (5.24)
Gap -0.015** -0.012%*  -0.021***  -0.019%%*  -0.028***  -0.026*%**  -0.011** -0.012***  -0.016***
(-3.01) (-2.56) (-10.59) (-3.72) (-7.40) (-8.99) (-2.52) (-3.09) (-6.86)
#Items 0.048*** 0.082%** 0.101%** 0.024 0.093*** 0.056%** 0.020 0.097*** 0.060***
(3.79) (6.51) (9.07) (1.71) (8.23) (7.54) (1.47) (5.87) (8.82)
Spread -0.803** 0.510 -2.506%** -0.168 0.635 -1.306*** 0.295 0.361 -1.546%**
(-2.26) (0.71) (-3.84) (-0.45) (1.04) (-3.60) (0.85) (0.37) (-3.11)
Friday -0.056%**  _0.091%**  _0.162*%**  -0.096***  -0.384***  _0.476*** 0.179 -0.293%*  _0.370***
(-3.68) (-7.27) (-16.75) (-4.44) (-9.90) (-14.37) (1.56) (-2.20) (-10.20)
BM -0.003 0.002 0.053*** -0.012%* -0.006 0.039*** -0.011 -0.013 0.036%**
(-0.46) (0.25) (7.02) (-1.81) (-0.96) (6.28) (-1.72) (-1.42) (6.86)
SIZE -0.012* 0.010 0.049%*** 0.001 0.012 0.038*** 0.006 0.017 0.035***
(-2.03) (0.93) (4.10) (0.08) (1.54) (4.45) (1.18) (1.62) (4.22)
InstOwn -0.048 -0.033 -0.164*** -0.015 0.001 -0.153***  _0.052* -0.072%*  -0.163***
(-1.46) (-1.05) (-3.90) (-0.36) (0.04) (-4.47) (-1.81) (-2.29) (-5.54)
Analysts 0.008 0.005 0.005 -0.009 -0.002 -0.005 -0.003 0.003 -0.003
(1.21) (0.50) (0.46) (-1.09) (-0.30) (-0.52) (-0.41) (0.49) (-0.40)
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.902 0.881 0.444 0.767 0.848 0.365 0.608 0.706 0.361
NObs 514,692 514,692 514,692 514,692 514,692 514,692 514,692 514,692 514,692




Table OA.6: Viewership and abnormal short-selling around negative 8-K events

This table reports OLS estimates of the relation between 8-K viewership and (i) abnormal short-selling activity around
negative news events (Panel A) and (ii) retail trading outcomes (Panel B). Negative news events are defined as 8-K
filings in the bottom quintile of announcement-day returns within each calendar quarter. Abnormal short-selling is
constructed using daily FINRA short-sale volume data supplemented with short-sale volume from major U.S. trading
venues, and is measured as the change in the short-sales-to-total-volume ratio over the event window relative to the
firm’s trailing average over (—250, —1), scaled by that trailing average; additional specifications measure abnormal
short-selling over the (0,5) window. Panel B uses alternative retail measures: the percentage of retail transactions
(columns 1-3) and the percentage of retail dollar value (columns 4-6). Human, Machine, and Cloud Machine denote
human, machine, and cloud machine viewership of firm ’s 8-K filings on days ¢ € 0, 1 relative to the filing date. The
main regressors include an indicator for negative news (NegNews) and its interactions with Cloud Machine and Hu-
man viewership. All specifications include firm, year, and item fixed effects and the baseline set of controls as in Table
3 (main paper). t-statistics (in parentheses) are based on standard errors clustered by firm and year. *, ** and ***
denote significance at the 10%, 5%, and 1% levels, respectively.

Panel A: The impact of 8-K viewership on Short Selling

AbnShort(0,1) AbnShort(0,5)
1) (2) (3) (4)
Cloud Machine x NegNews 0.008* 0.010**
(2.30) (2.67)
Human x NegNews -0.008* -0.000
(-2.24) (-0.00)
NegNews -0.070%** -0.029%** -0.080*** -0.048%***
(-5.48) (-4.87) (-5.81) (-8.74)
Cloud M achine -0.011 -0.009 -0.012 -0.010
(-1.39) (-1.18) (-1.48) (-1.22)
Human -0.000 0.002 -0.000 -0.000
(-0.09) (0.77) (-0.15) (-0.12)
BM -0.007 -0.007 -0.004 -0.004
(-1.37) (-1.39) (-1.23) (-1.27)
SIZE -0.013** -0.013** -0.011** -0.011%*
(-3.41) (-3.58) (-3.03) (-3.15)
ROA -0.001 -0.002 0.004 0.005
(-0.09) (-0.12) (0.50) (0.52)
LEV -0.066*** -0.065*** -0.067*** -0.066***
(-4.42) (-4.29) (-4.72) (-4.63)
STDRreT -0.043 -0.043 -0.051 -0.052
(-1.39) (-1.40) (-1.53) (-1.54)
InstOwn -0.021 -0.021 -0.024 -0.023
(-1.02) (-1.01) (-1.27) (-1.24)
Analysts 0.002 0.002 -0.001 -0.001
(0.41) (0.40) (-0.20) (-0.20)
Spread 0.565 0.560 0.475 0.483
(1.71) (1.70) (1.75) (1.80)
Friday 0.004 0.004 0.002 0.002
(1.12) (1.15) (0.40) (0.40)
#News 0.002 0.002 0.000 0.000
(1.19) (1.20) (0.19) (0.21)
|[CAR(0,1)] -0.205%** -0.204*** -0.138%** -0.138%**
(-4.83) (-4.82) (-4.83) (-4.82)
FinNeg 0.273 0.287 0.338 0.354
(0.72) (0.75) (0.79) (0.83)
#Items 0.006** 0.005%* 0.003 0.003
(3.17) (3.09) (1.66) (1.58)
AbnVolume(0, 1) -0.115 -0.112 -0.061 -0.061
(-1.41) (-1.40) (-1.01) (-1.01)
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Item FE Yes Yes Yes Yes
Adj. R? 0.047 0.047 0.056 0.056
NObs 156,611 156,611 156,677 156,677

Continued



Table OA.6 (continued)

Panel B: The impact of 8-K viewership on Retail Trading

Percentage of retail transactions Percentage of retail dollar value
(1) (2) (3) (4) (5) (6)
Human 0.001*** 0.002***
(4.10) (5.04)
Machine 0.001 0.001
(1.37) (1.66)
Cloud Machine 0.000 0.001
(0.78) (1.35)
BM 0.000 0.000 0.000 0.000 0.000 0.000
(0.53) (0.62) (0.62) (0.17) (0.28) (0.29)
SIZE -0.008%** -0.008%** -0.008%** -0.015%** -0.015%** -0.015%**
(-11.95) (-11.83) (-11.74) (-12.68) (-12.62) (-12.63)
ROA -0.004 -0.004 -0.004 -0.005 -0.005 -0.005
(-1.55) (-1.58) (-1.58) (-1.35) (-1.39) (-1.38)
LEV 0.008%*** 0.009%*** 0.009%*** 0.014%** 0.015%** 0.015%**
(3.02) (3.10) (3.09) (3.86) (3.97) (3.94)
STDreT 0.003 0.004 0.004 0.018*** 0.018*** 0.018***
(0.92) (1.00) (0.99) (5.15) (5.29) (5.26)
InstOwn -0.046%** -0.046%** -0.046%** -0.071*** -0.071*** -0.071%**
(-11.04) (-11.07) (-11.07) (-14.77) (-14.76) (-14.76)
Analysts -0.003*** -0.003*** -0.003*** -0.002* -0.002* -0.002*
(-4.35) (-4.35) (-4.34) (-1.78) (-1.78) (-1.77)
Spread 1.188%** 1.184%%* 1.186%** 0.503** 0.494** 0.499**
(8.25) (8.29) (8.22) (2.66) (2.63) (2.63)
Friday 0.000 0.000 0.000 -0.000 -0.000 -0.000
(1.28) (1.24) (1.09) (-0.26) (-0.47) (-0.59)
# News 0.000 0.000 0.000 0.000 0.000 0.000
(1.13) (1.23) (1.26) (1.13) (1.25) (1.28)
|CAR(0,1)] 0.022*** 0.023*** 0.023*** 0.023*** 0.025%** 0.025***
(6.28) (6.24) (6.31) (4.79) (4.89) (4.96)
FinNeg 0.006 0.009 0.011 0.011 0.020 0.022
(0.26) (0.41) (0.50) (0.30) (0.53) (0.62)
#Items -0.000* -0.001* -0.000* -0.001*** -0.001%** -0.001%**
(-1.90) (-1.94) (-1.80) (-3.55) (-3.35) (-3.23)
AbnVolume(0, 1) -0.003 -0.002 -0.002 -0.017*** -0.015%** -0.015%**
(-0.93) (-0.61) (-0.57) (-4.80) (-4.19) (-4.15)
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Item FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.673 0.673 0.673 0.655 0.654 0.654
NObs 206,325 206,325 206,325 206,325 206,325 206,325
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