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1 Introduction

It is well established that some traders operate on material non-public information, notable cases
include Martha Stewart and Albert H. Wiggin. However, detecting such informed trading remains
a challenging task. Informed Trading Intensity (ITI) [1] introduces a novel machine-learning-based
metric designed to quantify the presence of informed trading in financial markets.
In this project, we extend the analysis of ITI by focusing on its interaction with corporate disclosures
through Form 8-K filings. We study the dynamics of ITI around both the report date and the
public filing date, allowing us to separate pre-disclosure informed trading from post-disclosure market
reactions. Furthermore, we decompose 8-K filings by item composition to assess whether specific types
of corporate events are associated with distinct ITI and return patterns. Finally, we combine ITI with
textual sentiment extracted from Item 8.01 disclosures using NLP techniques, enabling a joint analysis
of trading-based and text-based information signals.

2 Related Work

2.1 Informative Trading Intensity (ITI)

Informative Trading Intensity (ITI) [1] is a data-driven measure of realized informed trading proposed
by Bogousslavsky, Fos, and Muravyev (2024). The authors train a Gradient Boosted Trees model
on observed informed trades, specifically Schedule 13D filings by activist investors between 1994 and
2018, to identify days characterized by informed trading activity. The model uses 41 daily variables
related to liquidity, returns, volatility, and trading volume, enabling it to capture nonlinearities and
interactions between market microstructure features that traditional econometric measures fail to
represent. Importantly, the authors emphasize that ITI is designed to measure informed trading
rather than being a liquidity measure.
Unlike classical theory-based proxies such as Kyle’s � [2], the bid-ask spread of Glosten and Milgrom
[3], or the Probability of Informed Trading (PIN) of Easley and O’Hara [4], ITI relies on supervised
machine learning to learn directly from empirical data on informed trading. Once trained on Schedule
13D data, the model is extrapolated to the full cross-section of U.S. common stocks from 1993 to 2019,
computing for each stock-day a probability between 0 and 1 that reflects the intensity of informed
trading.
Empirically, ITI increases prior to major informational events such as earnings announcements, merg-
ers and acquisitions, and unscheduled news releases. Furthermore, higher ITI values are associated
with subsequent abnormal returns, suggesting that realized informed trading contains predictive in-
formation for asset prices.
Overall, ITI provides a robust and interpretable empirical measure of informed trading intensity,
demonstrating how machine learning techniques can uncover complex, nonlinear relations between
trading activity, liquidity, and information asymmetry in financial markets.

2.2 Bloomberg-Reuters Dataset

The Bloomberg-Reuters dataset is a large-scale financial news corpus composed of 450,341 articles
from Bloomberg and 109,110 articles from Reuters [5]. It primarily consists of firm-specific newswire
articles covering a broad range of corporate events, including earnings announcements, mergers and
acquisitions, management changes, guidance updates, and legal developments.

2.3 FNSPID Dataset

The FNSPID dataset [6] stands for Financial News and Stock Price Integration Dataset. It is a large-
scale financial dataset that integrates quantitative and qualitative information to improve stock market
prediction tasks. FNSPID contains approximately 29.7 million stock price records and 15.7 million
financial news articles covering 4,775 S&P 500 companies from 1999 to 2023, collected from 4 stock
financial news websites. In addition to raw news content and timestamps, the dataset also includes
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the stock symbol associated with the news, which facilitates the alignment of textual information with
corresponding market data.

2.4 GDELT Project

The GDELT (Global Database of Events, Language, and Tone) project is a global dataset that collects
news from around the world, including �nancial news. Since 2015, a new GKG (Global Knowledge
Graph) �le is uploaded every 15 minutes. Each entry includes the timestamp, source link, type of
event, involved actors, locations, and tone, providing rich structured information for downstream
analyses.
GDELT is particularly useful for �nancial applications because it enables:

ˆ Tracking global events that may in
uence asset prices.

ˆ Measuring media sentiment using the tone �eld.

ˆ Constructing time-based features for predictive models, such as event-driven trading strategies
or risk indices.

The frequent updates and structured nature of the dataset make it suitable for real-time or high-
frequency analysis of news impact on markets.

3 Data Overview

To conduct our analysis, we require a dataset of corporate news with precise timestamps and �rm-
level coverage. We initially explored several existing news datasets, including Bloomberg-Reuters [5],
FNSPID [6] and GDELT [7]. While these datasets o�er broad coverage of �nancial and general news,
they were ultimately not retained for our main analysis due to various limitations.
In addition, we explored the construction of a dataset based on Schedule 13D �lings with the objective
of replicating the ITI measure using more recent data. This approach was also not pursued further,
as a full implementation of ITI requires access to intraday market data that are not available in our
data environment. Details on the construction and limitations of these alternative data sources are
provided in Appendix A.

3.1 ITI measure

Since our institution does not have access to the libraries used to compute this metric, we had to
use the measure computed directly in the ITI paper [1], which spans from 1993 to 2019. We focus
primarily on ITI(13D) because it:

ˆ increases prior to earnings announcements,

ˆ rises ahead of unscheduled news and merger-and-acquisition events,

ˆ predicts the magnitude of announcement-day abnormal returns, and

ˆ is associated with less return reversal, consistent with informed price discovery,

making it a particularly suitable measure for our analysis. The ITI dataset used in this study, which
includes the date, the ITI(13D) measure, and the �rm identi�er (PERMNO), is publicly available in
our GitHub repository [8] at data/raw/ITIs.csv.
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3.2 8-K Filings

Based on our preliminary experiments with the FNSPID dataset and the GDELT project, we concluded
that publicly available news datasets are often noisy and require substantial preprocessing, which can
introduce additional noise into the analysis. To address these limitations, we rely on Form 8-K �lings
as a proxy for corporate news.
Form 8-K is a mandatory disclosure that publicly traded �rms must �le with the Securities and
Exchange Commission (SEC) to report signi�cant or material events that shareholders are required
to be informed about. Each �ling contains two relevant dates: the report date, corresponding to the
occurrence of the event, and the �ling date, which indicates when the disclosure becomes publicly
available. Firms are required to �le the report within four business days following the event. Filings
are organized into standardized items, each representing a speci�c type of corporate event. A single
8-K �ling may include one or multiple items. A complete list of all 8-K items and their descriptions
can be found in Appendix B. Figure 1 provides an illustrative example of an Item 5.02 report within
a Form 8-K �ling.

Figure 1: Illustrative example of an Item 5.02 report within a Form 8-K �ling

For our analysis, we constructed a comprehensive dataset of all 8-K �lings and merged it with the ITI
dataset to produce the �nal 8-K ITI dataset. The main steps of our preprocessing pipeline were as
follows:

1. Download the full set of corporate submissions from the SEC website.

2. Filter the dataset to retain only Form 8-K �lings.

3. Map �rm identi�ers from CIK to PERMNO.

4. Merge the �lings with the ITI dataset based on the report date.

5. Compute the time gap between the report date and the �ling date.

6. Clean the sample by retaining only �lings submitted after 2001, to ensure consistency with the
revised 8-K reporting format. Outliers were further removed, including �lings with more than
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four days between the report and �ling dates, as well as cases where the report date occurs after
the �ling date.

The resulting 8-K ITI dataset is publicly available in our GitHub repository [8] at data/merged/8k_
iti.parquet. It contains 99,384 unique events. For each trading day, it includes the �rm identi�er
(PERMNO), the ITI(13D) measure, and if an 8-K �ling occurred on that day, the report date, the
�ling date, the �ling URL, and the set of reported 8-K items.

One of the main challenges when working with Form 8-K �lings is the prevalence of tables, cross-
references, and exhibit mentions, which complicates text parsing and limits the applicability of stan-
dard NLP techniques. To address this issue, we restrict the remainder of our analysis to Item 8.01
disclosures, resulting in 13,359 samples. Item 8.01 corresponds to Other Events, which is used by
�rms to disclose material information not otherwise required to be reported under speci�c Form 8-K
items. These disclosures primarily consist of free-form textual content and typically exclude highly
structured elements, making them particularly well suited to sentiment analysis.
Focusing on Item 8.01 allows us to preserve the informational content most relevant for investors
while ensuring reliable text preprocessing. We therefore parse the text of each Item 8.01 disclosure
and compute sentiment scores using the FinBERT model [9] under three alternative approaches.
In the �rst approach, we apply FinBERT directly to the raw text of the disclosure. FinBERT outputs
probabilities for three sentiment classes (positive, negative, and neutral), each ranging between 0 and
1. We de�ne the sentiment score as:

sentiment score = positive score � negative score;

which lies in the interval [�1; 1], where values close to 1 indicate strongly positive sentiment, values
close to -1 indicate strongly negative sentiment, and values near zero correspond to neutral tone.
A limitation of this approach is that FinBERT processes inputs of at most 512 tokens, leading to
truncation of longer disclosures and sentiment scores that re
ect only the beginning of the text.
To mitigate this issue, our second approach divides each disclosure into consecutive 512-token chunks.
FinBERT is applied to each chunk separately, and the �nal sentiment score is obtained by averaging
the sentiment scores across all chunks.
Finally, we consider a third approach that leverages large language models for summarization. We
�rst prompt the Mistral model [10] to generate a concise and factual summary of the full Item 8.01
disclosure. The summary is then split into 512-token segments, which are individually processed by
FinBERT. The �nal sentiment score is computed as the mean of the segment-level sentiment scores.
The prompt used for summarization is reported in Appendix C.
All datasets derived from the three sentiment extraction approaches are publicly available in our
GitHub repository [8]. Speci�cally:

ˆ Simple FinBERT: data/preprocessed/item_8_01_finbert.parquet

ˆ FinBERT Mean (chunk-based): data/preprocessed/item_8_01_finbert_mean_chunk.parquet

ˆ Mistral FinBERT: data/preprocessed/item_8_01_mistral_summary_to_finbert.parquet

3.3 Returns

We downloaded daily CRSP stock data for U.S. common stocks listed on NYSE, AMEX, or NASDAQ
over 2001-2024, using Wharton Research Data Services API. Speci�cally, we query the CRSP daily
stock �le (crsp.dsf) and merge it with crsp.stocknames to attach �rm identi�ers (e.g., comnam,
ticker) and listing information. We retrieve the required returns within the event study.

4 Analysis

4.1 Event Study Speci�cation

To assess the impact of a Form 8-K �ling, we conducted an event study structured as follows. Given
an observation window of �xed length (500 observations in our case) and a speci�ed gap between the
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event date and the estimation window, we estimated a linear regression model in which excess returns
were regressed on the Fama{French factors and the momentum factor.

Ri;t � R f;t = � i + � MKT (RMKT;t � R f;t ) + � SMB SMB t + � HML HML t + � MOM MOM t + " i;t :

De�nition of each component.

ˆ R i;t : Return of asset i at time t.

ˆ R f;t : Risk-free rate at time t. The term R i;t � R f;t denotes the asset's excess return.

ˆ � i : Asset-speci�c intercept capturing the average abnormal return unexplained by the factors.

ˆ � MKT : Loading on the market excess return factor (RMKT;t � R f;t ).

ˆ � SMB : Loading on the size factor (Small Minus Big).

ˆ � HML : Loading on the value factor (High Minus Low).

ˆ � MOM : Loading on the momentum factor.

ˆ " i;t : Error term capturing idiosyncratic risk.

Interpretation of the Factors.

ˆ SMB (Small Minus Big): It is constructed as the return of a portfolio long in small-cap �rms
and short in large-cap �rms.

ˆ HML (High Minus Low): It corresponds to the return di�erence between �rms with high
book-to-market ratios and low book-to-market ratios.

ˆ MOM (Momentum): It represents the return of a portfolio long in past winners and short in
past losers.

Abnormal Return (AR). Once the factor loadings are estimated over the observation window,
the abnormal return at time t is de�ned as:

AR i;t = (R i;t � R f;t ) � bRi;t ;

where bRi;t is the expected excess return predicted by the factor model:

bRi;t = b� i + b� MKT (RMKT;t � R f;t ) + b� SMB SMB t + b� HML HML t + b� MOM MOM t :

Abnormal ITI (AI) All the same steps as in AR but returns are replaced by ITI measure, and we
keep the same estimation model.

Cumulative Abnormal Return (CAR). For an event window from � 1 to � 2, the cumulative
abnormal return is de�ned as:

CAR i (� 1; � 2) =
� 2X

t=� 1

AR i;t :

A positive CAR indicates that the asset generated returns above what would be expected, suggesting a
favorable market reaction to the event. Conversely, a negative CAR re
ects underperformance relative
to the model-implied benchmark, indicating a negative market reaction. The magnitude of the CAR
provides an estimate of the economic impact of the event on the asset's value .

Cumulative Average Abnormal Return (CAAR) The Cumulative Average Abnormal Return
(CAAR) measures the aggregated abnormal performance across all �rms over the event window,
providing a summary of the average market reaction to the event.
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Placebo (Randomized) Events. To validate the robustness of our event study results, we also
perform a placebo test based on randomly generated events. For each actual event, identi�ed by a
pair (permnoi ; event datei ), we draw nrand random trading dates for the same stock (same permno)
from the CRSP daily database. In order to avoid contamination by true information releases, we
exclude from the sampling universe any trading day that falls within a symmetric bu�er window of
�B calendar days around any real event date of that permno. In our implementation, we set B = 60
days and nrand = 1 placebo date per real event.
The resulting set of placebo events is then fed through the exact same event-study pipeline as the
true events (estimation window, computation of abnormal returns, and CARs). If the model is well
speci�ed and our results are not driven by spurious patterns, the distribution of the abnormal metric
of study around placebo dates should be noisy with no systematic patterns, providing a benchmark
against which to interpret the CARs obtained at the true 8-K �ling dates.

4.2 Experiments

This subsection presents the main experiments that produced signi�cant results. Details of all other
experiments can be found in Appendix D.

4.2.1 Initial Result

We �rst conducted an event study around the report dates of Form 8-K, without distinguishing between
individual items, using the full sample of 99,384 events.
A challenge with this methodology is that averaging the CAR across both upward and downward
trends tends to wash out meaningful patterns. As shown in Figure 2 we see a small scale and some
counterintuitive results:

Figure 2: CAAR around report date for all 8-K �lings events.

Here, one might have expected that an upward spike at the report date (� = 0) would be incorporated
into prices and remain at the same level. Instead, the CAAR declines shortly afterward, indicating
that the abnormal returns do not persist an outcome that does not support the presence of informa-
tion trading. However, the scale of the e�ect is very close to zero (on the order of 10�3 ), suggesting
that this pattern may simply re
ect mixed return reactions that o�set one another rather than a
meaningful economic signal. Nevertheless, we still observe a spike that begins to rise on the report
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date, supporting the hypothesis of the presence of informed trading.

To investigate this possibility, we examine spikes in average abnormal ITI (Average AI). Speci�cally,
we perform an event study in which we replace Abnormal Returns with Abnormal ITI. Figure 3 shows
average abnormal ITI around report dates, with actual 8-K events on the left and randomly selected
non-8-K events on the right. Figure 4 presents the same analysis around �ling dates.

Figure 3: Average Abnormal ITI around report dates vs Average Abnormal ITI around random events
with con�dence interval.

Figure 4: Average Abnormal ITI around �ling dates vs Average Abnormal ITI around random events
with con�dence interval.

The average abnormal ITI behaves as intended: it exhibits a sharp increase immediately after the
report date, followed by a rapid decline between � = 0 and � � 2:5, which is consistent with the fact
that the �ling date typically occurs within the � 2 [0; 4] window. This pattern indicates that average
abnormal ITI spikes around the information release and then gradually reverts as the �ling becomes
publicly available. Surprisingly, the average abnormal ITI begins to rise slightly before the event date,
suggesting that some information may be rumoured in advance. In contrast, placebo events show no
systematic structure and 
uctuate close to zero, reinforcing that the observed dynamics around actual
events are not random but driven by information e�ects. The �ling date graph further con�rms our
interpretation by displaying a pronounced downward spike at the �ling date, consistent with the rapid
decrease of Abnormal ITI once the information becomes fully public.

This event study using ITI clearly suggests that Form 8-K �lings may convey CAAR-informative
patterns that warrant further investigation with more re�ned processing.
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4.2.2 Items Decomposition

Since a single �ling may include multiple items, we separate �lings according to their item composition.
We then identify the ten most frequent item combinations, where a combination is de�ned as the exact
set of items disclosed in a �ling (e.g., a �ling containing only Items 1.01 and 2.03 is classi�ed as the
combination 1.01, 2.03). Figure 5 presents the CAAR, and Figure 6 presents the average abnormal
ITI around report dates for the ten most frequent item combinations.

Figure 5: CAAR around report dates for the top 10 8-K �lings item combinations

Figure 6: Average Abnormal ITI around report dates for the top 10 8-K �lings item combinations

ˆ Item 2.02 - Results of Operations and Financial Condition.
This item exhibits a strong level of abnormal information intensity prior to disclosure and is
associated with negative abnormal returns. Prices experience a modest decline around the
report date before stabilizing, suggesting that negative information is gradually incorporated
into prices ahead of the o�cial announcement. Notably, the price decline begins prior to the
event date, consistent with information leakage or insider trading before the disclosures. Overall,
disclosures related to results of operations and �nancial condition are predominantly associated
with unfavorable news.

ˆ Item 8.01 - Other Events.
Item 8.01 combined with Item 9.01 displays a moderate level of abnormal information intensity,
while cumulative average abnormal return (CAAR) remains close to zero. This pattern suggests
that these disclosures convey mixed informational content, combining both positive and negative
news.

ˆ Item 5.02 - Departure and Appointment of Directors or Principal O�cers.
This item does not exhibit elevated informative trading intensity, nor does it display systematic
patterns in CAAR. This result is consistent with the ambiguous nature of these events: depar-
tures or appointments of directors and principal o�cers can be perceived as either positive or
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negative by the market, depending on the speci�c context. Consequently, no clear directional
price response or informed trading pattern emerges on average.

ˆ Item 5.07 - Submission of Matters to a Vote of Security Holders.
Item 5.07 similarly shows no evidence of elevated informative trading intensity and no signi�cant
CAAR around the disclosure date. This absence of abnormal trading activity and price response
suggests that these �lings generally convey information that is either anticipated by the market
or of limited incremental informational value. Shareholder voting outcomes are often predictable
or publicly discussed prior to formal disclosure, resulting in minimal information asymmetry.

ˆ Item 1.01 - Entry into a material de�nitive agreement
We observe that the expected pattern of informative trading intensity is clearly present for Item
1.01 and Item 9.01 �lings. For both items, ITI increases prior to the �ling date, consistent with
informed trading ahead of material corporate events. Abnormal returns are positive around the
report date but subsequently 
atten, indicating a favorable market reaction at disclosure and
rapid price adjustment thereafter. On average, these disclosures are therefore associated with
good news that is largely incorporated into prices at the time of the report date. Interestingly,
when adding Item 2.03, Creation of a Direct Financial Obligation or an Obligation under an O�-
Balance Sheet Arrangement of a Registrant, the CAAR becomes negative, and the corresponding
ITI response is considerably less pronounced. As these disclosures involve the contracting of debt
or other �nancial obligations, they may be interpreted as negative signals by investors, leading
to adverse price reactions. Moreover, such arrangements may often be subject to heightened
con�dentiality, which can limit information leakage and reduce the scope for informed trading
prior to disclosure.

The largest increases in ITI are concentrated in �lings that include exhibits (Item 9.01), suggesting
that the presence of detailed contractual or supporting documentation is a key driver of informed
trading activity under this metric.

We conducted the same analysis around the �ling date. Figure 7 reports the CAARs, while Figure 8
reports the average abnormal ITI around the �ling date for the ten most frequent item combinations.

Figure 7: CAAR around �ling dates for the top 10 8-K �lings item combinations
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Figure 8: Average Abnormal ITI around �ling dates for the top 10 8-K �lings item combinations

We observe patterns that are very similar to those obtained using the report date. However, in this
case, the peak is concentrated at the �ling date, which is consistent with our previous observations.
One could also design a trading strategy that takes a long (short) position upon the publication of a
speci�c item combination when this combination exhibits an increasing (decreasing) CAAR following
� = 0, which corresponds to the public �ling date of the Form 8-K. For instance, one could take a
short position when the �rm publishes an Item 8.01.
This diversity in informational content across 8-K items complicates a uniform classi�cation of disclo-
sures based on return direction alone and motivates an alternative approach to characterizing market
reactions.

4.2.3 Absolute Returns

To mitigate this issue, we attempted to classify returns based on the magnitude of the CAR at � = ti ,
or alternatively using CAR quantiles, (see Appendix D), but both approaches introduced bias. To
address this limitation, we instead focused on absolute returns, acting as a volatility proxy, in order
to capture abnormal volatility spikes. This allowed us to investigate whether meaningful interactions
arise between abnormal absolute returns and abnormal ITI.
We model absolute returns as a function of common risk-factor realizations (same setting as our
previous event studies, but taking absolute returns as the dependent variable), which act as proxies
for aggregate market activity and volatility. By doing so we obtained the results in Figure 9:

Figure 9: CAAR absolute returns around report date.

The graph reveals a pronounced spike in absolute returns exactly at the report date � = 0, followed
by a persistent elevation over the subsequent days. This indicates a sharp and sudden increase in
return volatility when the 8-K report is released, consistent with a strong market reaction to new
information. In contrast, the placebo events exhibit no comparable pattern: absolute returns remain
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low, 
uctuate without structure, and display no noticeable jump at � = 0. The di�erence between the
two panels strongly suggests that the volatility spike observed for actual events is not random but is
instead driven by the information content of the 8-K �lings.

To further explore this relationship, we conducted a correlation analysis between Abnormal ITI and
absolute abnormal returns over the same set of events. Figure 10 displays the resulting correlation
between these two measures.

Figure 10: Correlation between Abnormal ITI and abnormal absolute returns.

The correlation analysis reveals a noticeable di�erence between actual events and placebo events. For
the real data, the correlation between abnormal ITI and absolute returns increases sharply around
� = 0, reaching approximately 0.28 at � = 1, the highest value across the entire window. This
localized peak suggests that periods of unusually high information trading intensity tend to coincide
with elevated return volatility shortly after the event. Outside this window, correlations are low and
relatively stable.
In contrast, the placebo correlations show no such structure: they remain low (except some small
spikes), 
uctuate within a narrow band, and do not exhibit any pronounced peak around the event
date. This 
at pattern indicates that no systematic relationship exists between ITI and absolute
returns when the event timestamps are randomized.
The comparison strongly suggests that the correlation spike observed in the real data is not random
but likely re
ects information-driven trading dynamics around the event.

The sharp increase in abnormal absolute returns around Form 8-K disclosures highlights the intensity
of market reactions but also underscores a key limitation of aggregate market-based measures. Similar
volatility responses can arise from disclosures conveying very di�erent economic information, and this
issue is further ampli�ed by the heterogeneity of Form 8-K items. Some items, and particularly
broad categories such as Item 8.01, bundle together disclosures with diverse and sometimes opposing
implications. As a result, �lings within the same item can generate mixed informational signals,
making it di�cult to interpret volatility or return patterns without additional structure.

4.2.4 Natural Language Processing

To complement our item-level analysis, we employ natural language processing techniques directly
on the text of the disclosures. For this analysis, we restrict the dataset to �lings that contain at
least one Item 8.01, resulting in 13,359 observations. Our objective is to assign a sentiment score to
each Item 8.01 and classify the �lings into the top 10%, bottom 10%, or middle 80% based on their
sentiment. We compute these sentiment scores using the three approaches introduced in Section 3.2:
Simple FinBERT, FinBERT Mean, and Mistral FinBERT.
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We begin by plotting in Figure 11 the average abnormal ITI around the 8.01 items report dates. (Note
that this is not the same setup as in 5, since here we are considering any �lings containing at least
an Item 8.01.)
As in Figure 3 we see a spike immediately after the report date, followed by a rapid decline between
� = 0 and � � 2:5, as it is here a subset of all 8-K �lings, that thus follows the same pattern. In
Figure 12 we show the CAAR around the 8.01 items report dates, which is also similar to Figure 2.
Items 8.01 thus represent a good subset of all the 8-K �lings and we will use it for our next analysis.

Figure 11: Average Abnormal ITI around the report dates of Item 8.01 in 8-K �lings

Figure 12: Cumulative Average Abnormal Return around the report dates of Item 8.01 in 8-K �lings

We now apply the three sentiment extraction methods described above to the Item 8.01 disclosures,
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grouping them into the top 10%, middle 80%, and bottom 10% based on their sentiment scores.
Figure 13 presents the CAAR around the �ling dates using the simple FinBERT method, which relies
solely on the �rst 512 tokens of each disclosure:

(a) Top 10% sentiment (b) Middle 80% sentiment (c) Bottom 10% sentiment

Figure 13: Cumulative Average Abnormal Return around the �ling dates of Item 8.01 in 8-K �lings,
grouped by FinBERT sentiment quantiles

For the top 10% sentiment group, the CAAR increases in the days preceding the �ling date and con-
tinues to rise afterward. In contrast, the bottom 10% group exhibits a decline in CAAR following the
�ling date, while the middle 80% group remains relatively stable.

We next apply the FinBERT Mean method, which averages sentiment scores across all 512-token
chunks of each Item 8.01 disclosure. Figure 14 shows the corresponding CAAR:

(a) Top 10% sentiment (b) Middle 80% sentiment (c) Bottom 10% sentiment

Figure 14: Cumulative Average Abnormal Return around the �ling dates of Item 8.01 in 8-K �lings,
grouped by FinBERT Mean sentiment quantiles

The CAAR dynamics are broadly similar to those obtained with the simple FinBERT method. The
top 10% sentiment group exhibits an upward trend prior to � = 0, the middle 80% remains relatively

at, and the bottom 10% group shows a decline starting around � = �4. The similarity between
the CAAR patterns obtained with the simple FinBERT method and the FinBERT Mean approach
suggests that using only the �rst 512 tokens of an Item 8.01 disclosure is largely su�cient to capture its
overall sentiment. In practice, the key information and tone of Item 8.01 �lings are typically conveyed
in the opening paragraphs, which summarize the nature of the event and its economic implications.
As a result, extending sentiment analysis to the full text through chunking and averaging does not
materially alter the classi�cation of disclosures or the associated return dynamics.

Finally, we consider the Mistral FinBERT method, which �rst summarizes each Item 8.01 disclosure
using a dedicated prompt (see Appendix C) and then applies FinBERT to the summarized text.
Figure 15 reports the CAAR around �ling dates:
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(a) Top 10% sentiment (b) Middle 80% sentiment (c) Bottom 10% sentiment

Figure 15: Cumulative Average Abnormal Return around the �ling dates of Item 8.01 in 8-K �lings,
grouped by Mistral FinBERT sentiment quantiles

In contrast to the previous methods, the CAAR patterns are more clearly separated across sentiment
groups. The top 10% group exhibits an increase, the middle 80% shows a mild upward trend, and the
bottom 10% group displays a clear and persistent decline starting around � = �4 and continuing after
the �ling date, with the con�dence interval remaining below zero for � � 0. This improved separation
suggests that combining Mistral-based summarization with FinBERT sentiment scoring captures eco-
nomically relevant information that is not fully exploited by the simple or Mean FinBERT approaches.

Importantly, this classi�cation is based solely on textual content and sentiment extraction, avoiding
the mechanical bias that arises when sorting events directly on CAR magnitude or CAR quantiles.

We also tried to separate the average abnormal ITI by sentiment score, using the same 3 methods.
Figures 16, 17 and 18 present the average abnormal ITI around the �ling dates for the three sentiment-
based groups using the simple FinBERT, FinBERT Mean, Mistral FinBERT, respectively.

(a) Top 10% sentiment (b) Middle 80% sentiment (c) Bottom 10% sentiment

Figure 16: Average Abnormal ITI around the �ling dates of Item 8.01 in 8-K �lings, grouped by
FinBERT sentiment quantiles

(a) Top 10% sentiment (b) Middle 80% sentiment (c) Bottom 10% sentiment

Figure 17: Average Abnormal ITI around the �ling dates of Item 8.01 in 8-K �lings, grouped by
FinBERT Mean sentiment quantiles
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(a) Top 10% sentiment (b) Middle 80% sentiment (c) Bottom 10% sentiment

Figure 18: Average Abnormal ITI around the �ling dates of Item 8.01 in 8-K �lings, grouped by
Mistral FinBERT sentiment quantiles

While the CAAR exhibits a clear separation across the top 10%, middle 80%, and bottom 10% sen-
timent groups, the pattern for average abnormal ITI does not show such di�erentiation. In all three
sentiment groups, average abnormal ITI increases up to the �ling date and subsequently declines.
This pattern is consistent across all sentiment extraction methods. Although the con�dence intervals
appear wider for the top and bottom 10% groups, this re
ects the smaller sample sizes in these groups
compared with the middle 80%.

Finally, we computed the correlation between average abnormal ITI and average abnormal Return
at each event time � 2 [�10; 10]. Figure 19 presents the results for the top 10%, middle 80%, and
bottom 10% sentiment groups using the simple FinBERT method, Figure 20 shows the same using
the FinBERT Mean method, and Figure 21 corresponds to the Mistral FinBERT method:

(a) Top 10% sentiment

(b) Middle 80% sentiment

(c) Bottom 10% sentiment

Figure 19: Correlation between Average Abnormal ITI and Average Abnormal Return around the
�ling dates of Item 8.01 in 8-K �lings, grouped by FinBERT sentiment quantiles
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