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Abstract

Predicting merger withdrawals is challenging because failed deals can impose large costs
on firms and investors, while withdrawals are rare and difficult to identify using structured
deal variables alone. We propose MergerLLM, a large-language-model-based framework
that predicts merger completion using serialized deal characteristics and text-based firm
information. Using a sample of U.S. mergers and acquisitions (M&A) deals, we compare
MergerLLM with machine-learning and deep-learning benchmarks. MergerLLM improves
detection of withdrawn deals, especially in recall and F1-score, while maintaining competi-
tive ranking performance. Its predicted merger-success probabilities also contain economic
information in post-announcement return tests. We then construct HAIDiff, a proxy for
model–market disagreement, defined as the difference between MergerLLM’s predicted
merger-success probability and a transformed announcement-return-based market signal.
Climate exposure is positively associated with this disagreement measure, and the result is
robust to an alternative measure based on target cumulative abnormal returns. The evi-
dence suggests that climate-exposed deals are settings in which model-implied completion
probabilities and market-based signals diverge more strongly.

Keywords: artificial intelligence; machine learning; fintech; merger and acquisition; model–
market disagreement; climate risk

JEL Classification: G34; G14; C45; Q54

1. Introduction
Mergers and acquisitions (M&As) are central corporate decisions that can reshape firm

boundaries, market structure, and shareholder value (Andrade et al., 2001; Cookson et al.,
2026; Renneboog & Vansteenkiste, 2019). Although announced mergers are often motivated by
expected synergies, diversification, market expansion, or strategic repositioning, a nontrivial
fraction of announced deals are not completed (Becher et al., 2015). Deal withdrawals create
important financial risks for acquirers, targets, investors, and other market participants.
They may involve termination fees, legal and advisory costs, reputational damage, financing
disruptions, and sharp stock price reactions (Harford, 2005; Officer, 2003). Predicting whether
an announced deal will be completed is, therefore, an economically important problem.

Merger completion risk is difficult to predict because it depends on several types of
information at the same time. Some risks are reflected in structured deal terms, such as
payment method, percentage of shares sought, target public status, hostile bids, competing
bidders, and challenged deals. Other risks are embedded in textual information, such as the
business descriptions of the acquirer and target, the strategic relation between the two firms,
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and the economic meaning of the transaction. In addition, merger outcomes are affected
by broader regulatory, financing, and macroeconomic conditions. These features make
merger-withdrawal prediction a natural setting for methods that can combine structured
transaction variables with text-based firm information.

Climate exposure represents a complex, long-horizon source of uncertainty that
may shape how merger-related information is assessed. Climate-related exposure can
enter deal assessment through several channels. First, it may increase regulatory and
policy-review uncertainty when a transaction involves carbon-intensive firms, environ-
mentally sensitive assets, or operations that are likely to be affected by climate regulation
(Krueger et al., 2020; Lu, 2022; Seltzer et al., 2022). Second, it may increase valuation uncer-
tainty because expected synergies, stakeholder value, and long-run cash flows are harder
to assess when firms face material environmental exposure and when ESG assessments
differ across information providers (Berg et al., 2022; Deng et al., 2013; Gomes, 2019). Third,
it may be related to financing conditions if lenders and investors price climate-related risk
into loan spreads, bond yields, or the cost of capital (Chava, 2014; Delis et al., 2024; Javadi
& Masum, 2021). Fourth, firms exposed to the green transition may face stranded assets,
abatement costs, carbon-pricing risk, or changes in product demand (Bolton & Kacperczyk,
2021, 2023; Ilhan et al., 2021). Fifth, physical climate risk may affect insurance costs, asset in-
surability, or the collateral value of assets exposed to extreme weather and natural-disaster
risk (Garbarino & Guin, 2021; Ge & Lam, 2022; Kousky, 2019). Finally, climate-related news,
investor attention, and market learning may affect market reactions to announced deals,
especially when investors have difficulty pricing long-horizon climate exposure (Choi et al.,
2020; Engle et al., 2020; Hong et al., 2019). These channels suggest that climate exposure
may affect the information environment in which merger-completion risk is assessed. We,
therefore, use climate exposure as a setting for studying when model-implied completion
probabilities and announcement-return-based market signals diverge.

In this paper, we propose MergerLLM, a large-language-model-based framework for
predicting merger withdrawals. The method converts each tabular deal observation into a
natural-language representation by serializing feature names and feature values into text.
This representation allows the model to process numerical variables, categorical variables,
and text fields within a common language-based input. We then fine-tune the model for the
binary classification task of predicting whether an announced merger will be completed
or withdrawn. This design is well suited to our empirical setting for two reasons. First,
merger withdrawals are rare, which makes the classification problem highly imbalanced.
Second, important information appears both in structured deal characteristics and in textual
descriptions that may lose context when converted into simple engineered features.

We evaluate MergerLLM on a large sample of U.S. M&A deals from SDC Platinum.
The final prediction sample contains 55,363 announced deals, including 52,252 completed
deals and 3111 withdrawn deals. We compare MergerLLM with several machine-learning
and deep-learning baselines, including gradient-boosted tree models, random forests,
neural-network models, and tabular deep-learning models. The results show that Merg-
erLLM improves minority-class detection relative to strong baselines. In the test sample,
MergerLLM achieves an accuracy of 0.955, a precision of 0.606, a recall of 0.440, an F1-score
of 0.510, an ROC AUC of 0.905, and a PR AUC of 0.465. Withdrawn deals remain difficult
to classify because they are rare and economically heterogeneous. In this setting, false
negatives are especially important because a withdrawn deal that is classified as likely
to complete may expose investors to substantial downside risk. The main result is that
MergerLLM provides a more balanced prediction of rare withdrawal events, especially in
recall and F1-score, while maintaining competitive ranking performance.
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We also examine the economic information content of MergerLLM’s predicted comple-
tion probabilities. Deals are sorted into quintiles based on predicted merger-success proba-
bilities. Acquirers in the highest predicted-success quintile earn higher post-announcement
returns than acquirers in the lowest predicted-success quintile. A long-short strategy that
buys acquirers in the highest quintile and shorts acquirers in the lowest quintile generates
a positive three-month return spread. We interpret this evidence as showing that Merger-
LLM’s predictions contain economically meaningful information about merger outcomes.
Because actual trading performance depends on transaction costs, short-selling constraints,
liquidity, bid–ask spreads, deal duration, delisting, and other market frictions, we interpret
the portfolio results as evidence on the economic information content of the predictions
instead of as a complete trading implementation.

After establishing the predictive content of MergerLLM, we use the model to study
disagreement between model-implied merger-success probabilities and market-based as-
sessments around merger announcements. This comparison is motivated by prediction
policy problems, where algorithmic predictions may help decision makers when the out-
come is uncertain and the relevant information is complex (Kleinberg et al., 2015). The
M&A setting is useful for this comparison because announcement returns aggregate market
participants’ assessments of the transaction, but they also reflect expected synergies, financ-
ing conditions, risk premia, information asymmetry, arbitrage constraints, and short-term
trading pressure. We, therefore, use announcement returns as a market-based signal of
deal assessment rather than as a clean measure of investor beliefs about merger completion.
Comparing this signal with MergerLLM’s predicted completion probabilities allows us to
study model–market disagreement around merger announcements.

To implement this comparison, we construct HAIDiff as a proxy for model–market
disagreement. Cumulative abnormal returns around merger announcements are often used
as a proxy for market reactions to deal announcements (Dasgupta et al., 2024; Luo, 2005;
Tunyi, 2021). However, announcement returns are not clean measures of perceived deal-
completion probability. They also reflect expected post-merger performance, overpayment
concerns, financing terms, governance issues, and risk premia. To reduce this concern,
we residualize acquirer announcement returns with respect to post-merger operating
performance and then scale the residual-based measure between zero and one. HAIDiff is
defined as the difference between MergerLLM’s predicted probability of merger success
and this scaled market-based signal. This measure captures the distance between a model-
implied completion probability and a transformed announcement-return-based signal.

We then examine whether climate exposure is associated with larger model–market
disagreement. Climate exposure is useful for this analysis because it captures a source of
uncertainty that is multi-dimensional, long-horizon, and difficult to summarize using a
small set of structured variables. Following Sautner et al. (2023), we use firm-level climate
change exposure to capture attention to climate-related opportunities, physical risks, and
regulatory shocks. We find that climate exposure is positively associated with HAIDiff. This
result suggests that climate-exposed deals are settings in which model-implied completion
probabilities and announcement-return-based market signals differ more strongly.

To provide additional evidence, we examine model–market disagreement around
Hurricane Ian, a period of heightened attention to physical climate risk. We classify
treatment firms based on pre-Ian firm-level climate exposure and compare changes in
HAIDiff before and after the event. The results show larger post-Ian increases in HAIDiff
for firms with higher pre-existing climate exposure. Event-study, balance, matching, and
inverse-probability-weighted tests provide additional evidence on this pattern.

The paper offers three connected contributions. The primary contribution is to develop
and evaluate MergerLLM as an LLM-based framework for merger-withdrawal prediction.
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This contribution addresses a difficult rare-event prediction problem in corporate finance by
combining structured deal variables with text-based firm information. The second contribution
is to use the model’s predicted completion probabilities to study model–market disagreement
around merger announcements. This comparison relates model-implied probabilities to
a transformed announcement-return-based signal that reflects market assessments of the
deal as well as other economic forces. The third contribution is to examine climate exposure
as a setting in which model-implied completion probabilities and market-based signals
may diverge. This analysis links the prediction exercise to climate finance by showing
that climate-exposed deals are associated with larger model–market disagreement around
merger announcements.

Together, these contributions connect the prediction exercise to broader economic
questions in M&A and climate finance. The prediction model provides the foundation
for estimating merger-completion risk. The model–market comparison examines the
economic content of these predictions. The climate-risk analysis then studies a setting in
which complex long-horizon uncertainty may make model–market disagreement more
pronounced. This structure connects the paper to the M&A prediction literature, the
machine-learning-in-finance literature, and the climate finance literature.

2. Literature
Relation to the Literature

We organize the literature around the paper’s central problem: predicting merger with-
drawals when relevant information is dispersed across structured deal variables, textual firm
information, market reactions, and broader economic risks. Existing merger-outcome models
identify important deal- and firm-level predictors, but merger withdrawals remain difficult
to predict because they are rare and because relevant information is often embedded in text
fields and broader economic conditions. This setting connects three areas of research. The first
studies merger outcomes and deal-completion risk. The second develops machine-learning
methods for financial prediction problems involving structured and textual data. The third
examines climate-related financial risks, which provide a setting in which long-horizon and
multidimensional uncertainty may affect merger-completion assessments.

Prior M&A research provides the starting point by identifying deal- and firm-level
determinants of merger completion. M&A transactions are major corporate events that
can affect firm value, market structure, and strategic positioning (Andrade et al., 2001;
Cookson et al., 2026; Renneboog & Vansteenkiste, 2019). Prior research shows that merger
completion depends on deal characteristics, firm characteristics, regulatory conditions, and
market reactions. Earlier studies often use financial and managerial variables to explain
merger outcomes, including market-to-book ratios, cash flow, managerial inefficiency,
industry conditions, and other observable firm characteristics (Pasiouras et al., 2008). Other
work studies related corporate failure and bankruptcy prediction problems (Cho et al., 2010;
Olson et al., 2012). More recent studies apply data-mining and machine-learning methods
to M&A settings, including merger target prediction (Xiang et al., 2012). These studies
show that prediction methods can be useful in corporate finance, but merger withdrawal
remains a difficult rare-event classification problem because withdrawn deals account for
only a small share of announced transactions.

A central challenge in merger-withdrawal prediction is that economically relevant in-
formation is not limited to numerical variables. Deal terms such as payment method, target
public status, challenged-deal indicators, competing bidders, hostility, and percentage of
shares sought are important structured predictors. However, important information may
also appear in text fields, including acquirer and target business descriptions, consideration
descriptions, and other deal narratives. These text fields may contain information about
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business relatedness, regulatory exposure, industry similarity, technological fit, and long-
horizon risks. If these variables are reduced to simple engineered features, some economic
context may be lost. Therefore, the prediction problem requires a method that can preserve
both the structure of the tabular data and the semantic meaning of text-based variables.

Machine-learning research in finance provides the methodological benchmark for
this prediction problem. Machine-learning methods have been applied to stock return
prediction, risk management, consumer credit risk, textual analysis, and other financial
prediction tasks (Butaru et al., 2016; Gu et al., 2020; Khandani et al., 2010; Netzer et al.,
2019). In tabular prediction tasks, tree-based models such as XGBoost, LightGBM, and
CatBoost are often strong benchmarks because they handle nonlinearities, interactions,
missing values, and heterogeneous variable types well. Accordingly, these models provide
demanding benchmarks for evaluating MergerLLM. At the same time, standard tree-based
models do not directly process natural-language inputs. Text variables typically need to
be converted into bag-of-words, TF-IDF, embeddings, or other engineered representations
before being used by these models. This preprocessing can be effective, but it may separate
text from the economic meaning of feature names and from the structured variables in the
original deal record.

Large language models provide a different way to represent this prediction problem.
Recent work in financial language models, including BloombergGPT and FinGPT, shows
that language models can be adapted to financial text and financial tasks (Wu et al., 2023).
Related work on tabular LLMs shows that tabular rows can be serialized into natural-
language strings and then processed by language models (Hegselmann et al., 2023). This
design is especially relevant for our setting because each merger record contains both struc-
tured variables and text fields. By serializing feature names and feature values into natural
language, MergerLLM preserves the semantic meaning of variables such as “payment
method,” “challenged deal,” and “target business description.” It also allows the model to
process categorical, numerical, and textual information within one input representation. In
this sense, the model is designed for the specific structure of merger data: it combines deal
terms, firm descriptions, and task-specific prompts in a common language-based format.

Our work differs from existing tabular LLM applications in two ways. First, we apply
this approach to a high-stakes financial rare-event prediction problem, where the minority
class is economically important. Merger withdrawals are infrequent, but they can have
significant financial consequences for investors and firms. Second, we examine whether the
model’s predicted completion probabilities contain economic information beyond standard
classification metrics. This connects the prediction exercise to merger arbitrage returns and
to market-based assessments of deal completion. Thus, the paper is not only a technical
application of LLMs to tabular data. It also studies whether language-model predictions
are useful in an economically meaningful corporate-finance setting.

A related literature on prediction policy and market-based assessments helps motivate
our model–market comparison. A growing literature examines prediction policy problems,
where machine-learning methods can help improve decisions in settings such as hiring, bail,
and financial decision-making (Cao et al., 2024; Chalfin et al., 2016; Kleinberg et al., 2015). The
M&A setting provides a useful environment for this question because stock price reactions
around merger announcements aggregate market participants’ assessments of deal value and
completion risk. Because market reactions reflect multiple economic forces, they provide an
informative but noisy signal of deal assessment. Announcement returns may reflect expected
synergies, financing terms, risk premia, liquidity, arbitrage constraints, information asymme-
try, and short-term trading pressure. Prior M&A research uses announcement returns to study
investor reactions and perceived deal quality (Dasgupta et al., 2024; Luo, 2005; Tunyi, 2021),
while prediction-market research emphasizes that markets can aggregate dispersed infor-
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mation when participants trade on uncertain outcomes (Arrow, 1998; Fama, 1970; Wolfers
& Zitzewitz, 2004). Building on this idea, we compare MergerLLM’s predicted comple-
tion probabilities with market-based signals to study model–market disagreement around
merger announcements.

Finally, this paper relates to the climate finance literature. Climate risk is increas-
ingly recognized as a financially relevant source of uncertainty (Addoum et al., 2020;
Bernstein et al., 2019). Firm-level climate exposure can reflect attention to climate-related
opportunities, physical risks, and regulatory shocks (Sautner et al., 2023). These risks
may affect corporate transactions through several channels, including regulatory ap-
proval uncertainty, post-merger valuation uncertainty, financing costs, transition costs,
insurance costs, and investor attention. Prior work shows that institutional investors and
financial markets increasingly consider climate risk (Krueger et al., 2020; Seltzer et al.,
2022), that climate-related information can be difficult to measure because ratings and
assessments may disagree (Berg et al., 2022), and that climate risk can affect financing
conditions and the cost of capital (Chava, 2014; Delis et al., 2024; Javadi & Masum, 2021).
Other studies show that carbon-transition risk, physical risk, and investor attention to
climate news can be priced in financial markets (Bolton & Kacperczyk, 2021, 2023; Choi
et al., 2020; Engle et al., 2020; Hong et al., 2019; Ilhan et al., 2021).

This climate literature is important for our empirical design because it motivates cli-
mate exposure as a setting in which merger-related information may be assessed differently
by models and market participants. Climate exposure can be related to expected cash flows,
financing conditions, regulatory scrutiny, and investor attention, all of which may affect the
information environment around announced deals. Because climate risk is long-horizon,
multidimensional, and difficult to summarize with a small number of variables, it is a
natural setting in which model-implied probabilities and market-based signals may diverge.
Hurricane Ian provides a period of heightened physical climate-risk salience. We, therefore,
use it to examine whether model–market disagreement changes more for firms with higher
pre-existing climate exposure. This setting connects the climate-risk analysis to the broader
research question: when merger-related uncertainty is difficult to summarize with standard
variables, language-model predictions may differ from market-based signals.

These streams of the literature inspire the paper’s empirical design. Because merger
withdrawal is economically important but difficult to predict, we develop MergerLLM to
combine structured deal variables with text fields while preserving the economic meaning
of feature names. We then use climate exposure as a setting for studying differences between
model-implied completion probabilities and announcement-return-based market signals.

3. Materials and Methods
3.1. Mergers and Acquisitions Sample

We compile a dataset of mergers and acquisitions (M&A) transactions from the SDC
Platinum database, which covers deals announced between 1965 and 2023. The dataset con-
tains key transaction information, including the announcement date, deal value, percentage
of shares sought, and deal outcome.

We construct the prediction sample at the deal-announcement level. The unit of obser-
vation is a unique SDC transaction identifier. We begin with announced M&A transactions
from SDC Platinum and impose several filters. First, we require a nonmissing acquirer
cumulative abnormal return around the announcement date. This restriction requires a
successful match between the SDC acquirer and CRSP return data and, therefore, limits the
final sample to transactions with publicly traded acquirers that have sufficient return data
around the announcement.
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For predictor variables used in the withdrawal classifier, we retain observations with
missing values when the variable is otherwise available in SDC, because missingness
may itself reflect the information environment of the transaction. Tree-based baseline
models handle missing values internally, and MergerLLM serializes missing entries using
a common missing-value token. We do not use outcome-realized variables or post-merger
operating variables as inputs to the withdrawal classifier.

In addition, we restrict the sample to transactions involving U.S. acquirers. We also
retain only transactions with a final SDC status that can be mapped clearly into completed
or withdrawn outcomes. Specifically, transactions with status code C are classified as
completed, while transactions with status codes W, SW, and IW are classified as withdrawn.
In the SDC status definitions, C denotes completed transactions, W denotes withdrawn
transactions, and SW denotes seeking-buyer withdrawn transactions. The code IW appears in
the raw SDC data but is not separately listed in the manual available to us. We group these
observations with withdrawn transactions because they are not completed transactions in
the SDC extract.

We remove duplicate transaction records using the unique SDC deal identifier.
Multiple-bid transactions are not removed from the sample because competing bids are
economically meaningful for deal-completion risk. Instead, we retain these observations
and include the SDC multiple-bidder indicator, Multibidder, as one of the input variables.
Similarly, if a withdrawn transaction is later reannounced as a separate SDC transaction
with a new deal identifier and announcement date, we treat the reannounced deal as a
separate transaction attempt. This coding reflects the prediction problem at the announce-
ment date because the first transaction attempt is correctly labeled as withdrawn if it fails
to complete, while a later reannouncement represents a new deal attempt with its own
information set and outcome.

After applying these filters, the final prediction sample contains 55,363 M&A deals
involving U.S. acquirers, including 52,252 completed deals and 3111 withdrawn deals.
In line with prior studies (Bates & Lemmon, 2003; Betton et al., 2014; Boone & Mulherin,
2007; Cookson et al., 2026; Luo, 2005), we augment the SDC data with additional deal
characteristics known to be related to merger outcomes, especially withdrawals. These
characteristics include the method of payment, the involvement of a white knight, the
presence of anti-takeover provisions, and rumors before the deal announcement. These
variables are used as input variables in the prediction analysis and as controls in the
model–market disagreement tests. Detailed definitions of the deal characteristics from SDC
Platinum are provided in Appendix A.

The prediction task is defined at the merger announcement date. We, therefore, use
deal characteristics that are recorded in SDC Platinum and that describe the announced
transaction, including payment method, percentage of shares sought, target public status,
white knight, hostile deal, rumor, challenged deal, and acquirer and target business de-
scriptions. We exclude variables that are realized only after the deal outcome, such as final
completion-related information beyond the dependent variable, and post-merger operating
performance, from the withdrawal classifier. At the same time, some SDC fields may be
revised as additional information becomes available during the deal process. This timing
issue is most relevant for variables that can evolve after announcement, such as challenged-
deal status or revised transaction terms. We, therefore, interpret the prediction results as
based on the transaction information recorded in SDC for the announced deal while taking
care not to use ex post return or operating-performance variables as classifier inputs.

We calculate cumulative abnormal returns (CARs) for acquiring firms over the three-
day event window around the M&A announcement, covering trading days [−1, 1]. CARs
are estimated using the Fama–French three-factor model and stock return data from CRSP.
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The parameters of the Fama–French three-factor model are estimated over trading days
[−212, −10] relative to the announcement date.

3.2. Macroeconomic Factors

Following Chen et al. (2024), we incorporate nine macroeconomic variables to capture
different dimensions of macroeconomic risk: (1) CON: the monthly growth in real personal
consumption expenditures on nondurable goods and services per capita; (2) TFP: the
quarterly percentage change in total factor productivity; (3) IPG: the monthly growth rate
of industrial production; (4) TERM: the yield spread between 20-year and 1-year Treasury
bonds; (5) DEF: the default premium, calculated as the monthly change in the yield spread
between BAA-rated and AAA-rated corporate bonds; (6) DEI: the monthly change in
expected inflation; (7) SENT: Baker and Wurgler (BW) sentiment measure on various
market anomalies Baker and Wurgler (2006); (8) MKT: the value-weighted excess returns of
the stock market; and (9) LAB: the logarithmic growth rate of nominal labor income per
capita. Additionally, we include firm-level climate change exposure (CC Expo) based on
Sautner et al. (2023), which reflects the attention given by earnings call participants to firms’
climate change risks and opportunities. The CC Expo measure accounts for exposures to
opportunities, physical risks, and regulatory shocks associated with climate change.

3.3. Variable Construction and Summary Statistics

Figure 1 illustrates the trends in completed and withdrawn merger cases over time. The
figure shows substantial time-series variation in merger withdrawal rates. Some periods
with higher withdrawal rates coincide with changes in regulatory scrutiny, including
periods of stronger antitrust enforcement, as well as macroeconomic conditions and broader
market uncertainty. The withdrawal rate also increased in 2022, a period that includes
Hurricane Ian and heightened attention to physical climate risk. We treat this pattern as
descriptive. The formal Hurricane Ian analysis below examines whether model–market
disagreement changes more for firms with higher pre-existing climate exposure after this
climate-risk-salience event.

Table 1 presents annual merger withdrawal statistics, including the total number of
completed and withdrawn cases, as well as the yearly percentage of withdrawals. Table 2
shows that the final sample consists of 55,363 deals, of which 52,252 were completed and
3111 were withdrawn. This corresponds to a deal withdrawal rate of approximately 5.62%,
consistent with the prior literature (e.g., Luo, 2005). Most M&A transactions in the sample
are full takeovers, with a median percentage of shares sought at 100% (mean of 83.67% for
completed deals and 83.43% for withdrawn deals). The differences between completed and
withdrawn samples, as shown in Table 2, align with findings in prior research on M&A com-
pletion. For instance, acquirer CARs are higher for completed deals compared to withdrawn
deals, consistent with findings by (Ang et al., 2021; Liu & McConnell, 2013; Luo, 2005).

Table 1. Merger withdrawal statistics by year. This table presents the withdrawal statistics by
year, showing the total number of completed and withdrawn cases, along with the percentage of
withdrawals each year.

Year Completed Withdrawn Percentage Withdrawn (%)

1978 13 3 18.75
1979 12 3 20.00
1980 43 7 14.00
1981 445 58 11.53
1982 690 91 11.65
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Table 1. Cont.

Year Completed Withdrawn Percentage Withdrawn (%)

1983 1080 98 8.32
1984 1432 144 9.14
1985 630 87 12.13
1986 964 129 11.80
1987 986 131 11.73
1988 1024 166 13.95
1989 1511 221 12.76
1990 1644 200 10.85
1991 1617 178 9.92
1992 1945 181 8.51
1993 2410 211 8.05
1994 3019 242 7.42
1995 3327 197 5.59
1996 4201 234 5.28
1997 5121 230 4.30
1998 5716 227 3.82
1999 4742 205 4.14
2000 4219 310 6.84
2001 2858 164 5.43
2002 2419 109 4.31
2003 2366 75 3.07
2004 2611 81 3.01
2005 2894 63 2.13
2006 2940 85 2.81
2007 2925 89 2.95
2008 2389 107 4.29
2009 1686 72 4.10
2010 2116 83 3.77
2011 2254 89 3.80
2012 2275 86 3.64
2013 2094 74 3.41
2014 2464 128 4.94
2015 2353 114 4.62
2016 2015 75 3.59
2017 2081 76 3.52
2018 2039 87 4.09
2019 1693 87 4.89
2020 1556 81 4.95
2021 2286 137 5.65
2022 1842 140 7.06
2023 1322 50 3.64

Table 2. Summary statistics. This table presents the summary statistics of key variables. Detailed
variable definitions are in Table A1.

Completed (N = 52,252) Withdrawn (N = 3111)

Mean SD Mean SD Diff.

CAR Acq [−1, 1] 0.0104 0.0870 0.0098 0.1222 0.0006
log(deal value) 3.6588 2.0194 4.5826 2.2084 −0.9238
white knight 0.0010 0.0312 0.0055 0.0737 −0.0045
Pct. Shares Sought 83.6743 32.4675 83.4281 32.7189 0.2462
Rumored Deal (0/1) 0.0203 0.1411 0.0360 0.1863 −0.0157
Competing Bidder (0/1) 0.0071 0.0839 0.1350 0.3418 −0.1279
Hostile Deal (0/1) 0.0025 0.0500 0.0759 0.2648 −0.0734
Target Public (0/1) 0.2570 0.4370 0.6050 0.4889 −0.3480
Acquirer Market Value (billion) 10.7049 31.4263 9.0012 28.2181 1.7037
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Figure 1. Annual trends in completed and withdrawn mergers. This figure presents the completed
vs. withdrawn cases. The x-axis contains the year of the merger. The left side of the y-axis shows the
total number of mergers, and the right side shows the percentage of withdrawals. The height of the
bar plot represents the total number of merger deals in the year. The blue part shows the completed
mergers, and the red part shows the withdrawn mergers. The line plot represents the percentage of
mergers that were withdrawn in that year.

3.4. Information and Variables as Inputs to LLM

Figure 2 illustrates the overall architecture of our approach. First, we serialize feature
names and values into a natural language string. This serialized string is combined
with a task-specific prompt. The LLM is fine-tuned using labeled examples and then
employed to generate predictions for unlabeled examples. The LLM output is replaced with
a Feedforward Neural Network (FFN) to predict the label of each row, and cross-entropy
loss is used to back-propagate gradients and fine-tune the LLM weights. For fine-tuning,
we apply LoRA adaptation that updates only a subset of the LLM’s original weights.

To apply LLMs to tabular data, it must first be transformed into a natural text repre-
sentation (Dinh et al., 2022). Various serialization techniques can be employed to convert
a table row into text, such as text templates, list templates, table-to-text, Text-T0, and
GPT-3. Among these techniques, we adopt the text template due to its superior effective-
ness (Hegselmann et al., 2023). This serialized natural text is then input into the LLMs to
fine-tune them for specific tasks.

This step is essential because LLMs are pre-trained on extensive text corpora, with
textual knowledge embedded within the model. Our goal is to leverage the existing
knowledge base of LLMs. The mergers and acquisitions dataset is initially stored in a
tabular format, which is unsuitable for LLM processing. We convert the tabular data into a
simple text format, allowing LLMs to process it directly and infer the probability of success.

Given a tabular dataset with n rows and d columns, we represent it as D = {(xi, yi)}n
i=1,

where each xi is a d-dimensional feature vector. We formulate this prediction as a classifica-
tion problem, where yi ∈ C, with C representing a set of classes. The column (attribute)
names are denoted as F = { f1, . . . , fd}. Each fi is a natural-language string, such as “per-
centage of shares sought,” “target public status,” or “method of payment.” We define a
function, serialize(F, x), that takes as input the column names F and feature values x for
a row and outputs a textual representation of the data. We also use a prompt to describe
the classification problem. The prompt that we use is “will the M&A deal be completed
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or withdrawn? Answer:”. We merge both the serialized text and the task-specific prompt
((serialize(F, x), p) and feed the combined prompt to the selected LLM.

Figure 2. MergerLLM model overview. This figure summarizes the MergerLLM framework.
Panel (2a) shows the serialization process for historical M&A data. Each row is converted into
a text representation and combined with the task-specific prompt, “Will this M&A deal be completed
or withdrawn? Answer:”. The serialized data are then used to fine-tune the LLM with the Hugging
Face Trainer. Panel (2b) shows the baseline pipeline, where text columns are represented using TF-IDF
before training the machine-learning benchmark models.

3.5. Large Language Model Fine-Tuning

Our framework is compatible with a wide range of LLMs designed to generate re-
sponses from natural language inputs. In this study, we employ autoregressive LLMs with
billions of parameters (ranging from 2 to 70 billion) trained on extensive text corpora. These
models are pre-trained to predict subsequent words based on the input text. Let LLM
denote a large language model with vocabulary V. The output of LLM includes a classifica-
tion head aligned with the number of labels. For instance, LLM((serialize(F, x), p)) ∈ V∗

represents the prompted output of the LLM, which is mapped to a valid class C. For fine-
tuning, the LLM is updated using training examples (serialize(F, x), p)|(x, y) ∈ Dk, where
Dk represents the domain of all labeled examples. The LLM generates text in the vocabu-
lary space V∗, which must be assigned to a valid binary class: C = Withdrawn, Completed.
Several approaches to this problem have been proposed in the literature. For instance, a
verbalizer defines a mapping between LLM output tokens and the discrete labels within the
label space (Schick & Schütze, 2021). Verbalizers can be manually defined or automatically
learned (Cui et al., 2022). However, verbalizers are more appropriate for few-shot learning
(Nguyen et al., 2024) where the model parameters are not updated. In our framework, we
use a classification head on top of the last-hidden layer of the LLM.

One of the most important components of our framework is the LLM. Our framework
is agnostic to the LLM implementation and any particular fine-tuning method applied on
the LLM. In our case, we employ Llama3, a decoder transformer that masks the future word
tokens in relation to the current step and predicts the target tokens wi using the preceding
tokens w<i in a sequence. The training objective of the LLM is to maximize the likelihood:

LLM(w) =
n

∑
i=1

log P(wi | w<i). (1)
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On the base model of the LLM, we use a classification head. The model produces
logits, z, for the possible classes, C. The classification head maps these logits to the discrete
label space of “completed”and “withdrawn”. We optimize the model by minimizing the
cross-entropy loss for our domain-specific task:

L = −
n

∑
i=1

∑
c∈C

1[yi = c] log p(c | xi), (2)

where p(c | xi) is the predicted probability for class c, and 1[yi = c] is an indicator
function for the true label. This loss function penalizes incorrect predictions and helps
fine-tune the LLM weights by back-propagating the gradient, improving alignment with
the classification task.

Fine-tuning all the weights of an LLM is challenging due to the need to load all
weights into GPU memory. The size of LLMs can be substantial, depending on the number
of weights. To fine-tune our LLM efficiently, we use Low-Rank Adaptation (LoRA). LoRA
freezes all pre-trained model weights and adds trainable low-rank decomposition matrices
into different layers of the Transformer architecture (Hu et al., 2021). This approach
significantly reduces the number of trainable parameters. As a result, the model can be
trained with lower GPU memory usage, which is important because GPU memory is a
major constraint in LLM fine-tuning. Specifically, for a weight matrix, W0 ∈ Rd×k, in
the model, LoRA constrains updates by representing it as W0 + ∆W = W0 + BA, where
B ∈ Rd×r and A ∈ Rr×k with r ≪ min(d, k). During training, W0 remains frozen, while
only A and B are updated. This method simulates bypass and residual learning, enabling
the model to avoid catastrophic forgetting and adapt effectively to specific tasks without
requiring full parameter fine-tuning.

To implement LoRA, we follow these steps:

1. Initialize the low-rank matrices A and B. A is initialized randomly, and B is initialized
to zero.

2. Train only the low-rank matrices A and B while keeping the pre-trained weights
W0 fixed.

3. Combine the updated low-rank matrices with the original weight matrix W0 during
inference to obtain the final adapted weights W = W0 + BA.

In our model implementation, we replace the LLM’s output layer with a classifica-
tion head to produce logits for each label associated with a data entry, instead of simply
outputting the next word (“Completed” and “Withdrawn”). The replacement transforms
the LLM task for next word prediction into a standard classification problem, which opti-
mizes the fine-tuning process and improves model accuracy for the classification task. The
classification head parameters are also updated during this training process.

3.6. Implementation Details and Reproducibility

In this subsection, we describe the implementation choices behind MergerLLM in
sufficient detail that an independent researcher can reproduce our results. Our primary
backbone is Llama 3 with 8 billion parameters (Grattafiori et al., 2024), a decoder-only
autoregressive transformer pretrained on a large general-purpose text corpus. We adopt
Llama 3 for three reasons: its 8 billion-parameter count fits comfortably on a single 80 GB
accelerator under LoRA fine-tuning, its open weights make the entire pipeline reproducible
from publicly available checkpoints, and its context window accommodates the serialized
M&A rows used in our sample. As a robustness exercise, we also fine-tune an encoder
backbone, ModernBERT (Warner et al., 2025), a 149-million-parameter bidirectional encoder;
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the cross-architecture comparison is reported in our companion technical paper and reaches
qualitatively similar conclusions.

Because merger waves and antitrust regimes evolve over time, randomly shuffling
deals into folds would allow information about future regulatory environments to leak
into the training set. We, therefore, sort all deals by announcement date and partition the
sample chronologically, allocating the earliest 80% to training, the next 10% to validation,
and the most recent 10% to testing. This temporal split mirrors the operational setting
in which a model is trained on historical deals and deployed on future ones. It prevents
future deals from entering the training sample and therefore reduces one important source
of look-ahead bias. Within each training run, we set the random seed to 42 for PyTorch,
NumPy, and the Hugging Face data loader, and we use the same seed across MergerLLM
and every baseline so that differences in performance reflect modeling choices rather than
initialization noise. We do not report multi-seed averages in the main results because the
dominant source of evaluation variance is the choice of test window, which is held fixed
by the chronological split. The exact seeds used to generate every table and figure are
documented in the public code repository.

Each row is first converted into natural language using the deterministic serializer
described in Section 3.4 and is then concatenated with the task-specific prompt “Will the
M&A deal be completed or withdrawn? Answer:”. Because the serializer copies attribute
values verbatim from the source row, and the language model is only ever asked to classify
the resulting string, the input pipeline cannot hallucinate values. We tokenize the combined
sequence with the native Llama 3 tokenizer and cap each row at 2048 tokens. This budget
accommodates the structured deal variables and most serialized text fields in our sample.
For observations that exceed the token budget, typically because the acquirer’s or target’s
business description is unusually long, we truncate the longest free-text field first while
preserving all numeric and categorical attributes.

For parameter-efficient fine-tuning, we follow Hu et al. (2021) and insert LoRA
adapters into the query and value projection matrices of every transformer block, with
rank r = 8, scaling factor α = 16, and adapter dropout 0.05. Under these settings, the
number of trainable parameters is roughly 1% of the base model, while the remaining
99% of pretrained weights remain frozen. The LoRA adapters and the classification head
are optimized jointly using AdamW (Loshchilov & Hutter, 2019) under the cross-entropy
loss in Equation (2), with a learning rate of 2 × 10−5, weight decay 0.01, and a per-device
batch size of 16. We deliberately omit a learning-rate schedule, gradient clipping, and label
smoothing from the main specification so that the reported gains can be attributed to the
serialization and adaptation strategy rather than to additional optimization tricks.

We train for four epochs and evaluate validation loss after every epoch, retaining
the best-performing checkpoint as the final model. This serves as our early-stopping rule
and protects against overfitting on a dataset where the withdrawal class accounts for only
5.62% of observations. To handle the resulting class imbalance at inference time, we select
the binary decision threshold that maximizes the validation F1-score and apply this same
threshold, unchanged, to the held-out test set. We do not use oversampling, undersampling,
or synthetic minority-class generation in the main specification; instead, we address class
imbalance through validation-based threshold selection and by reporting recall, F1-score,
PR AUC, threshold sensitivity, cost-sensitive loss, and calibration in the evaluation. The
identical threshold-tuning protocol is applied to every baseline model in Section 4, so
threshold selection cannot bias the comparisons in favor of MergerLLM. All training and
inference runs are executed on a single NVIDIA A100-SXM4-80GB GPU using PyTorch ,
the Hugging Face transformers library, and the peft library for LoRA; a full four-epoch
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training pass completes in approximately seven hours, and inference on the test set takes
under fifteen min.

To limit look-ahead concerns, we define the prediction date as the merger announce-
ment date and construct classifier inputs from variables that describe the announced
transaction. We exclude variables that are mechanically realized only after completion or
withdrawal, as well as post-merger operating performance, from the withdrawal classi-
fier. Post-merger operating performance is used only later to construct the model–market
disagreement measure. Some transaction-database fields may be updated during the deal
process, especially variables related to challenged-deal status or revised transaction terms.
We, therefore, interpret the prediction results as being based on the announced-deal in-
formation recorded in SDC while recognizing that future work using historical database
snapshots could further refine the timing of information availability.

3.7. Baseline Models

We implement the conventional machine-learning baselines using AutoGluon with its
default tabular training pipeline. The evaluated models include LightGBM, XGBoost, Cat-
Boost, random forests, extra-trees models, multilayer perceptrons, FastAI neural networks,
and k-nearest-neighbor classifiers. AutoGluon identifies variable types and applies the pre-
processing and missing-value handling procedures associated with its tabular models. We
use the same chronological training, validation, and test samples for all model comparisons.

The dataset also contains text fields, including deal-type descriptions and business
descriptions for the acquiring and target firms. To incorporate these fields into the conven-
tional baseline models, we represent them using TF–IDF features and combine the resulting
text features with the structured deal variables.

Beyond the conventional AutoGluon baselines, we also evaluate SAINT, a transformer
architecture designed for tabular data (Somepalli et al., 2021), and TabNet, which uses
sequential attention and feature selection for tabular prediction (Arik & Pfister, 2021). We
do not include TabPFN because the implementation available for this study could not
accommodate a training sample of our size.

4. Results
4.1. Comparison Between Models

In this study, we evaluated the performance of MergerLLM, a novel framework lever-
aging large language models (LLMs) for the classification of tabular data. We compared
MergerLLM against several traditional machine learning models, including LightGBM,
XGBoost, Random Forest, CatBoost, and neural network models. Our evaluation was based
on several metrics, each of which provides different insights into the model’s performance.

• Accuracy represents the proportion of correct predictions made by the model, de-
fined as:

Accuracy =
TP + TN

TP + TN + FP + FN

where TP and TN are true positives and true negatives, and FP and FN are false
positives and false negatives, respectively.

• Precision measures the proportion of true positive predictions among all predicted
positives, and it is defined as:

Precision =
TP

TP + FP

• Recall refers to the proportion of actual positives correctly identified by the model,
and it is given by:
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Recall =
TP

TP + FN

• F1-score is the harmonic mean of precision and recall, offering a balance between the
two when there is an uneven class distribution, and it is calculated as:

F1-score = 2 × Precision × Recall
Precision + Recall

• ROC AUC represents the area under the Receiver Operating Characteristic (ROC)
curve, which illustrates the trade-off between true positive and false positive rates. A
higher ROC AUC indicates better model performance.

• PR AUC refers to the area under the precision–recall curve, which is useful in cases of
imbalanced datasets, highlighting the trade-off between precision and recall.

The performance metrics for each model are summarized in Tables 3 and 4, while the
detailed test results for MergerLLM are visualized using the confusion matrix in Figure 3.

The dataset used in this study is highly imbalanced, with a ratio of withdrawn deals to
completed deals being approximately 1:18. This imbalance presents a significant challenge
for traditional classification models, which are often biased toward the majority class. The
precision-recall area under the curve (PR AUC) is especially informative in this setting
because it focuses on performance for the minority withdrawal class. Similarly, the F1-score
summarizes the trade-off between precision and recall, which is useful when the minority
class is economically important. These two metrics (PR AUC and F1 score) are well suited
for imbalanced datasets, offering clearer insights into the model’s ability to handle the
minority class compared to traditional metrics like accuracy.

Table 3. Model performance on validation data. This table reports validation-set performance
for MergerLLM and the baseline models. The metrics include accuracy, precision, recall, F1-score,
ROC AUC, and PR AUC. MergerLLM achieves the highest recall and F1-score on the validation set,
suggesting stronger detection of withdrawn deals. Several baseline models remain competitive in
ROC AUC and PR AUC, indicating that MergerLLM’s main advantage is concentrated in minority-
class classification.

Model Accuracy Precision Recall F1-Score ROC AUC PR AUC

LightGBM–Extra Trees 0.963 0.674 0.210 0.320 0.934 0.486
XGBoost 0.963 0.637 0.252 0.361 0.936 0.510
LightGBM–Large 0.962 0.621 0.249 0.356 0.922 0.478
MLP 0.962 0.655 0.180 0.283 0.906 0.412
LightGBM 0.962 0.630 0.201 0.305 0.922 0.465
Random Forest–Gini 0.962 0.770 0.109 0.190 0.922 0.502
Random Forest–Entropy 0.961 0.788 0.095 0.169 0.933 0.524
Extra Trees–Gini 0.961 0.750 0.104 0.183 0.912 0.436
Extra Trees–Entropy 0.961 0.774 0.095 0.169 0.915 0.450
Neural Network–FastAI 0.961 0.616 0.159 0.253 0.925 0.437
CatBoost 0.959 0.800 0.018 0.036 0.902 0.336
K-Nearest Neighbors–Distance
Weights 0.955 0.381 0.129 0.193 0.677 0.163

K-Nearest Neighbors–Uniform
Weights 0.955 0.370 0.125 0.187 0.673 0.114

SAINT 0.961 0.579 0.286 0.383 0.912 0.419
TabNet 0.958 0.471 0.076 0.131 0.910 0.370
MergerLLM (Ours) 0.962 0.544 0.538 0.541 0.934 0.463
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Figure 3. Confusion matrix on the test set. This figure reports the row-normalized confusion matrix
for MergerLLM on the test set. The model classifies most completed deals correctly, but it also misses
a meaningful share of withdrawn deals. This motivates the threshold-sensitivity, cost-sensitive-loss,
and calibration analyses reported below.

Table 4. Model performance on test data. This table reports test-set performance for MergerLLM
and the baseline models. The metrics include accuracy, precision, recall, F1-score, ROC AUC, and PR
AUC. MergerLLM achieves the highest recall and F1-score among the evaluated models, indicating
stronger detection of the rare withdrawal class. Its ROC AUC and PR AUC remain competitive with
the strongest baseline models, although the PR AUC improvement over LightGBM–Large and SAINT
is modest.

Model Accuracy Precision Recall F1-Score ROC AUC PR AUC

LightGBM–Extra Trees 0.950 0.555 0.232 0.327 0.914 0.430
XGBoost 0.947 0.490 0.219 0.303 0.906 0.408
LightGBM–Large 0.950 0.578 0.217 0.316 0.906 0.455
MLP 0.948 0.562 0.075 0.132 0.893 0.395
LightGBM 0.949 0.548 0.168 0.257 0.904 0.437
Random Forest–Gini 0.948 0.639 0.042 0.079 0.901 0.430
Random Forest–Entropy 0.948 0.769 0.018 0.036 0.908 0.436
Extra Trees–Gini 0.948 0.688 0.020 0.039 0.886 0.384
Extra Trees–Entropy 0.948 0.833 0.018 0.036 0.894 0.391
Neural Network–FastAI 0.949 0.662 0.078 0.140 0.896 0.390
CatBoost 0.948 0.750 0.016 0.032 0.798 0.308
K-Nearest Neighbors–Distance
Weights 0.934 0.275 0.153 0.197 0.583 0.119

K-Nearest Neighbors–Uniform
Weights 0.934 0.275 0.153 0.197 0.592 0.110

SAINT 0.950 0.563 0.277 0.372 0.890 0.451
TabNet 0.947 0.494 0.148 0.228 0.895 0.385
MergerLLM (Ours) 0.955 0.606 0.440 0.510 0.905 0.465
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As presented in Table 3, MergerLLM performs strongly on the validation set, especially
in detecting the minority withdrawal class. Its accuracy is comparable to the strongest baseline
models, while its recall and F1-score are higher than those of the other models. This pattern
suggests that MergerLLM is better able to identify withdrawn deals, which are rare but
economically important. The PR AUC results also show that several tree-based models remain
highly competitive in ranking observations by withdrawal risk. Overall, the validation results
indicate that MergerLLM’s strongest advantage is in minority-class detection.

Table 4 reports the corresponding test-set results. MergerLLM performs strongest on
threshold-based minority-class metrics. It achieves the highest recall and F1-score among
the evaluated models, indicating better detection of withdrawn deals at the validation-
selected threshold. Its ROC AUC and PR AUC remain competitive with the strongest
tree-based and tabular deep-learning benchmarks, although the PR AUC difference is
modest. These results suggest that MergerLLM’s main advantage lies in classifying rare
withdrawal events more effectively. But it does not uniformly dominate all models across
every ranking metric.

The baseline models provide useful benchmarks. LightGBM, XGBoost, and SAINT
achieve strong AUC and PR AUC results, confirming that standard tabular models remain
competitive in ranking merger-withdrawal risk. The comparison, therefore, suggests that
MergerLLM’s clearest gains appear in recall and F1-score, while ranking-based performance
remains closer to the strongest baselines.

Figure 3 reports the normalized confusion matrix for the test set. MergerLLM classifies
most completed deals correctly and identifies a sizable portion of withdrawn deals. At
the same time, some withdrawn deals are classified as completed, reflecting the difficulty
of predicting rare withdrawal events in a highly imbalanced sample. In the context of
merger-risk prediction, this pattern highlights the importance of considering both types of
classification errors. False negatives correspond to withdrawn deals classified as completed,
while false positives correspond to completed deals classified as withdrawn. The relative
importance of these errors may vary across applications, especially for investors with
different risk preferences.

4.2. Threshold Sensitivity, Cost-Sensitive Loss, and Calibration

The confusion-matrix evidence motivates a more decision-oriented evaluation. In
merger-risk prediction, the relative cost of false negatives and false positives may differ
across applications. A false negative corresponds to a withdrawn deal classified as likely to
complete, while a false positive corresponds to a completed deal classified as withdrawn.
Investors who are especially concerned about avoiding failed deals may, therefore, prefer a
lower decision threshold than the default threshold of 0.50.

Table 5 reports MergerLLM’s test-set performance across alternative classification
thresholds. The results show a clear precision–recall trade-off. At the 0.50 threshold,
precision is 0.620 and recall is 0.378, with a false-negative rate of 0.622. Lowering the
threshold increases recall and reduces false negatives. For example, at the 0.10 threshold,
recall increases to 0.493 and the false-negative rate declines to 0.507, while the false-positive
rate increases only from 0.013 to 0.020. At the 0.05 threshold, recall further increases to
0.542 and the false-negative rate falls to 0.458, although precision declines to 0.519. These
results indicate that the default threshold is conservative in this imbalanced setting and
that lower thresholds may be preferable when missing withdrawn deals is costly.
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Table 5. Threshold sensitivity analysis. This table reports the test-set performance of MergerLLM
across alternative classification thresholds. The predicted probability is the model-implied probability
of merger withdrawal. A deal is classified as withdrawn when the predicted withdrawal probability
is greater than or equal to the threshold. FPR is the false-positive rate, defined as completed deals
incorrectly classified as withdrawn. FNR is the false-negative rate, defined as withdrawn deals
incorrectly classified as completed. Pred. Withdraw is the share of test observations classified
as withdrawn.

Threshold Precision Recall F1 FPR FNR Pred. Withdraw

0.05 0.519 0.542 0.530 0.028 0.458 0.055
0.10 0.573 0.493 0.530 0.020 0.507 0.045
0.20 0.605 0.438 0.508 0.016 0.562 0.038
0.30 0.612 0.412 0.493 0.015 0.588 0.035
0.40 0.619 0.394 0.482 0.014 0.606 0.034
0.50 0.620 0.378 0.469 0.013 0.622 0.032
0.60 0.620 0.349 0.446 0.012 0.651 0.030
0.70 0.633 0.327 0.431 0.011 0.673 0.027
0.80 0.647 0.241 0.351 0.007 0.759 0.020
0.90 0.674 0.113 0.194 0.003 0.887 0.009

Table 6 reports the normalized expected loss under different false-negative to false-
positive cost ratios. When false negatives and false positives receive equal weight, thresh-
olds between 0.20 and 0.40 generate similar expected loss. However, when false negatives
receive greater weight, the lower threshold performs better among the thresholds reported
in the table. For example, when a false negative is assigned ten times the cost of a false
positive, the expected loss is 0.2867 at the 0.10 threshold, compared with 0.3402 at the
0.50 threshold. This pattern is consistent with the economic intuition that investors with
greater concern about missed withdrawals may prefer a more conservative classification
rule that flags more deals as risky.

Table 6. Cost-sensitive expected loss. This table reports normalized expected loss for MergerLLM
under alternative classification thresholds and different false-negative to false-positive cost ratios.
False negatives are withdrawn deals incorrectly classified as completed, and false positives are com-
pleted deals incorrectly classified as withdrawn. Expected loss is defined as (cFN FN + cFPFP)/N,
where cFN is the false-negative cost, cFP is the false-positive cost, and N is the number of
test observations.

Threshold cFN /cFP = 1 cFN /cFP = 2 cFN /cFP = 5 cFN /cFP = 10

0.10 0.0461 0.0728 0.1530 0.2867
0.20 0.0447 0.0743 0.1632 0.3113
0.30 0.0447 0.0757 0.1686 0.3234
0.40 0.0447 0.0766 0.1724 0.3321
0.50 0.0450 0.0778 0.1762 0.3402

Finally, we examine the calibration of MergerLLM’s predicted withdrawal probabili-
ties. Figure 4 and Table 7 compare average predicted withdrawal probabilities with realized
withdrawal rates across probability bins. The model provides useful ranking information:
the highest predicted-risk bin has an actual withdrawal rate of 0.3577, much higher than
the unconditional withdrawal rate in the test sample. However, the raw probabilities
are not perfectly calibrated. In most bins, the realized withdrawal rate is higher than the
average predicted withdrawal probability. For example, in the highest-risk bin, the mean
predicted withdrawal probability is 0.3086, while the realized withdrawal rate is 0.3577. The
Brier score is 0.0388, while the ROC AUC and PR AUC are 0.9046 and 0.465, respectively.
Overall, these results suggest that MergerLLM is useful for ranking merger-withdrawal
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risk and identifying higher-risk transactions, but its raw predicted probabilities should be
interpreted primarily as risk scores unless additional probability calibration is applied.

Table 7. Calibration of predicted withdrawal probabilities. This table reports calibration results for
MergerLLM on the test set. Observations are sorted into ten bins based on predicted withdrawal
probabilities. Mean Pred. Prob. is the average predicted probability of merger withdrawal in each bin.
The Actual Withdraw Rate is the realized share of withdrawn deals in the same bin. The Calibration
Error is defined as Mean Pred. Prob. minus the Actual Withdraw Rate. Negative values indicate that
the model underpredicts the realized withdrawal rate in that bin.

Probability Bin Mean Pred. Prob. Actual Withdraw Rate Calib. Error

[0.000000, 0.000223] 0.0002 0.0038 −0.0037
(0.000223, 0.000314] 0.0003 0.0058 −0.0055
(0.000314, 0.000407] 0.0004 0.0029 −0.0025
(0.000407, 0.000533] 0.0005 0.0077 −0.0072
(0.000533, 0.000706] 0.0006 0.0058 −0.0052
(0.000706, 0.000976] 0.0008 0.0115 −0.0107
(0.000976, 0.001440] 0.0012 0.0135 −0.0123
(0.001440, 0.002860] 0.0020 0.0375 −0.0355
(0.002860, 0.012600] 0.0058 0.0808 −0.0749
(0.012600, 0.980000] 0.3086 0.3577 −0.0491

Figure 4. Calibration of predicted withdrawal probabilities. This figure plots the average predicted
withdrawal probability against the realized withdrawal rate by probability bin. The dashed line
represents perfect calibration. The figure is zoomed in to the range where most predicted probabilities
are concentrated.

Overall, the results indicate that MergerLLM is particularly useful for detecting the
minority withdrawal class. Its main advantage appears in recall and F1-score, which
are especially relevant when withdrawn deals are rare but economically important. The
threshold-sensitivity and cost-sensitive analyses further show that different decision thresh-
olds may be preferable depending on the relative cost of false negatives and false positives.
Thus, MergerLLM provides more balanced detection of withdrawn deals while maintaining
ranking performance comparable to strong machine-learning and deep-learning baselines.
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Figure 5 plots the precision–recall curves for MergerLLM and the strongest baseline
models on the test set, providing a visual comparison of minority-class ranking performance.

Figure 5. Precision–recall curves. This figure plots precision–recall curves for MergerLLM and the
top baseline models on the test set. MergerLLM achieves a PR AUC of approximately 0.47, which is
competitive with the strongest baseline models.

4.3. Feature Importance

We next examine which input variables are most closely associated with MergerLLM’s
predictions. Because MergerLLM operates on serialized text instead of a conventional
feature matrix, standard permutation-based feature-importance methods cannot be applied
to the model in the same direct way as they are applied to tree-based or other tabular
models. We, therefore, use a surrogate feature-importance approach. Specifically, we fit an
ensemble model using the original deal-level variables as covariates to approximate Merg-
erLLM’s predicted outcomes and then compute permutation-based feature importance
using AutoGluon. The resulting importance scores provide an interpretable summary of
which original variables are most closely related to MergerLLM’s predictions.

The permutation-shuffling method measures the reduction in predictive performance
when the values of a given feature are randomly shuffled across observations, while all other
variables remain unchanged. A larger decline in performance indicates that the feature
contains more information for explaining the model’s predictions. The importance weights
are multiplied by 100 to improve readability. This approach provides an interpretable
summary of the variables most closely related to MergerLLM’s predictions, while the
ablation tests in the next subsection provide additional evidence on the role of text features
and feature-name semantics.

Table 8 reports the top seven features from this analysis and compares their ranks with
those from the baseline ensemble model. The highest-ranked variables are the payment
method, the target public status, the percentage of shares sought, the acquirer market
value, the target business description, the acquirer business description, and the challenged
deal. These variables are economically plausible predictors of merger withdrawal and are
consistent with prior M&A research. For example, payment method may affect completion
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risk because stock-based offers are more sensitive to market movements and valuation
uncertainty, which can increase the likelihood of renegotiation or withdrawal (Bates &
Lemmon, 2003). The target public status may also matter because acquisitions of public
targets often face greater regulatory scrutiny and shareholder approval requirements,
increasing completion risk (Officer, 2003).

Table 8. Surrogate feature importance for MergerLLM predictions. This table reports the top seven
variables from a surrogate feature-importance analysis of MergerLLM predictions. The surrogate
model uses the original deal-level variables as covariates, and feature importance is computed using
permutation-based importance from AutoGluon. The table also reports the corresponding ranks and
weights from the baseline ensemble model for comparison. The importance weights are multiplied
by 100 for readability.

Feature Surrogate Rank Surrogate Weight Ensemble Rank Ensemble Weight

Payment Method 1.0 3.400 3.0 0.200
Target Public Status 2.0 3.200 1.0 0.500
Percent Shares Sought 3.0 3.000 5.0 0.100
Acquirer Market Value 4.0 0.900 28.0 −0.100
Target Business Description 5.0 0.300 7.0 0.000
Acquirer Business Description 6.0 0.300 30.0 −0.400
Challenged Deal 7.0 0.300 2.0 0.300

The feature rankings also highlight the role of textual information. Target and ac-
quirer business descriptions appear among the top features associated with MergerLLM’s
predictions, suggesting that firm-level textual descriptions contain useful information for
predicting deal completion. This finding is consistent with the design of MergerLLM,
which combines structured transaction variables with text-based firm information through
natural-language serialization. The next subsection further examines this point using
ablation tests that remove text features and permute feature names.

4.4. Ablation Analysis and Feature-Name Sensitivity

To better understand the sources of MergerLLM’s predictive performance, we conduct
two ablation tests. First, we remove text-based features to examine whether firm descrip-
tions contribute to the model’s performance. Second, we permute feature names while
keeping feature values unchanged to evaluate whether MergerLLM uses the semantic
information embedded in column names. These tests complement the feature-importance
analysis by providing evidence that is more directly tied to the model’s input structure.

4.4.1. Removing Text Features

Table 9 reports the ablation results after removing text-based features, including deal-
level descriptions and the acquirer and target business descriptions. Compared with the
full MergerLLM specification, the no-text version shows lower PR AUC, precision, F1-score,
and ROC AUC. Specifically, PR AUC decreases from 0.465 to 0.400, precision decreases from
0.606 to 0.351, F1-score decreases from 0.510 to 0.408, and ROC AUC decreases from 0.905
to 0.808. These results suggest that deal narratives and firm-level business descriptions
provide useful information for distinguishing completed deals from withdrawn deals.
Interestingly, recall increases from 0.440 to 0.487 after removing text features, indicating
that the no-text model identifies a larger share of withdrawn deals but does so with lower
precision. Overall, the ablation results suggest that text-based deal and firm information
improves the model’s classification quality and ranking performance, while structured
transaction variables alone still contain meaningful predictive information.
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Table 9. Effect of removing text features. This table compares the full MergerLLM model with a
no-text version that removes deal-level text descriptions and acquirer and target business descriptions.
Model performance is reported across five evaluation metrics: PR AUC, precision, recall, F1-score,
and ROC AUC.

Serialization Strategy PR AUC Precision Recall F1-Score ROC AUC

MergerLLM (Ours) 0.465 0.606 0.440 0.510 0.905
MergerLLM (No Text) 0.400 0.351 0.487 0.408 0.808

4.4.2. Permuting Column Names

Figure 6 compares the performance of MergerLLM with a version in which feature
column names are permuted while the underlying feature values remain unchanged.
This comparison evaluates the extent to which the model uses the semantic information
contained in column names when making predictions. The results show that permuting
column names reduces performance on several key metrics, including precision, recall,
F1-score, ROC AUC, and PR AUC, while accuracy changes only slightly. These findings
suggest that semantic information embedded in feature names contributes to MergerLLM’s
classification and ranking performance.

Figure 6. Performance under original and permuted column names. This figure compares MergerLLM
with a version in which feature column names are permuted while the underlying feature values
remain unchanged. The comparison is reported across six evaluation metrics: accuracy, ROC AUC,
precision, recall, F1-score, and PR AUC. The results show that permuting column names reduces
several classification and ranking metrics, suggesting that meaningful feature names provide useful
semantic information to the LLM.

Column names in tabular datasets often contain useful contextual information. For
example, variables such as “rumored,” “challenged,” and “payment method” convey
economic meaning beyond their numerical or categorical values. Permuting these names
removes this semantic context while preserving the underlying data structure. The observed
decline in classification and ranking metrics suggests that meaningful feature names help
MergerLLM connect transaction attributes with their economic interpretation.
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The column-name permutation test also helps clarify the source of MergerLLM’s
performance. Because the model is pretrained on large text corpora, meaningful feature
names may allow it to use general semantic knowledge in addition to financial relationships
learned during fine-tuning. For example, terms such as “challenged,” “rumored,” and
“payment method” help define the economic meaning of the corresponding values. This is
consistent with the purpose of serialization, which is to preserve the semantic content of
tabular inputs rather than treating feature names as arbitrary labels. The results suggest
that MergerLLM’s predictions may reflect both patterns learned from the M&A data and
pretrained language knowledge about financial and deal-related terms.

A further test would separate feature-name semantics from variable-definition infor-
mation by replacing column names with neutral labels while providing detailed variable
descriptions separately. This design would help distinguish the effect of semantic feature
names from the effect of explicit variable definitions. We leave this additional prompt-
design research for future work.

4.5. Economic Utility

Merger withdrawals can pose significant financial risks, including substantial finan-
cial penalties and market backlash (Officer, 2003). They can also damage a company’s
reputation, increase debt burdens, elevate the cost of capital (Harford, 2005), and lead
to higher legal and consulting expenses. Forecasting merger withdrawals is relevant for
merger-arbitrage and event-driven trading strategies, which depend on the relation be-
tween deal-completion risk and post-announcement returns. If MergerLLM’s predicted
success probabilities contain economic information, acquirers in the highest predicted-
success quintile (Q5) should earn higher subsequent returns than acquirers in the lowest
predicted-success quintile (Q1).

Given MergerLLM’s strong performance in predicting merger success and withdrawal,
we examine whether its predicted success probabilities are associated with subsequent
acquirer returns. Table 10 reports raw post-announcement stock returns for acquirers in
the highest and lowest predicted-success quintiles. Acquirers in Q5 earn 0.65% in the
first month, 1.20% in the third month, and 1.91% over the three months following the
announcement. In contrast, acquirers in Q1 earn −0.32% in the first month, −1.03% in the
third month, and −1.43% over the same three-month window. The Q5-minus-Q1 spread
is, therefore, 3.34% over three months. Because these are raw returns and do not account
for risk adjustment, transaction costs, short-selling constraints, liquidity, bid–ask spreads,
or other implementation frictions, we interpret this evidence as an initial indication that
MergerLLM’s predicted success probabilities contain economically meaningful information.

Table 10. Merger arbitrage strategy. This table reports post-announcement returns for acquiring firms
in the highest and lowest MergerLLM predicted-success quintiles. Returns are reported for the first
month, the third month, and the full three-month period after the announcement. A t-test is used to
assess whether the mean return difference between the two quintiles is statistically significant.

Company Time Frame
Mean

(Highest
Quintile)

Mean
(Lowest

Quintile)
Difference t-Statistics p-Value

Acquiring First Month 0.0065 −0.0032 0.0097 2.3519 0.0187
Company Third Month 0.0120 −0.0103 0.0223 5.2313 <0.0001

Three Months 0.0191 −0.0143 0.0334 4.8039 <0.0001

Table 11 compares the economic performance of MergerLLM with representative
benchmark models from Table 4. Across the first-month, third-month, and three-month
horizons, MergerLLM generates the largest return spread between the highest predicted-
success quintile (Q5) and the lowest predicted-success quintile (Q1). This result suggests
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that MergerLLM’s predicted probabilities provide economically meaningful rankings of
merger outcomes relative to selected baseline models. However, these return spreads are
based on raw post-announcement returns and do not account for common risk factors or
portfolio implementation issues. We, therefore, complement the raw return analysis with
calendar-time portfolio tests that report risk-adjusted alphas, drawdowns, and turnover.

Table 11. Model comparisons on portfolio analysis. This table compares the portfolio performance
of MergerLLM with selected benchmark models. Deals are sorted into quintiles based on predicted
merger-success probabilities. The table reports returns for the highest and lowest quintiles across
different holding horizons, along with return differences, t-statistics, and p-values. Bold values
indicate the largest return difference within each holding horizon among the models reported in
the table.

Model Time Frame
Mean

(Highest
Quintile)

Mean
(Lowest

Quintile)
Difference t-Statistic p-Value

MergerLLM First Month 0.0065 −0.0032 0.0097 2.3519 0.0187
Third Month 0.0120 −0.0103 0.0223 5.2313 <0.0001
Three Months 0.0191 −0.0143 0.0334 4.8039 <0.0001

LightGBM–Extra Trees First Month 0.0007 0.0049 −0.0042 −1.0586 0.2898
Third Month 0.0079 −0.0020 0.0098 2.3608 0.0182
Three Months 0.0258 0.0053 0.0205 3.3865 0.0007

Random Forest–Entropy First Month 0.0139 0.0048 0.0090 1.9551 0.0506
Third Month 0.0116 −0.0040 0.0120 2.9027 0.0037
Three Months 0.0223 0.0019 0.0204 3.2634 0.0011

K-Nearest
Neighbors–Uniform Weights First Month −0.0055 0.0070 −0.0124 −3.0223 0.0025

Third Month 0.0060 −0.0027 0.0087 2.0881 0.0369
Three Months 0.0089 0.0102 –0.0012 –0.1957 0.8448

Neural Network–FastAI First Month 0.0071 0.0005 0.0065 1.6199 0.1053
Third Month 0.0091 −0.0005 0.0097 2.4233 0.0154
Three Months 0.0256 −0.0043 0.0299 5.3053 <0.0001

SAINT First Month 0.0031 0.0070 −0.0039 −0.8902 0.3734
Third Month 0.0042 0.0011 0.0030 0.7422 0.4580
Three Months 0.0118 0.0099 0.0019 0.2849 0.7756

Risk-Adjusted Calendar-Time Portfolio Performance

To further evaluate the economic value of MergerLLM’s predictions, we construct
calendar-time long-short portfolios. In each month, we take long positions in acquir-
ers in the highest predicted-success quintile (Q5) and short positions in acquirers in the
lowest predicted-success quintile (Q1). The primary specification uses a three-month post-
announcement holding period. Specifically, positions associated with each deal remain
in the portfolio during the first, second, and third months following the announcement.
Because new deals enter the portfolio in each calendar month, this design produces over-
lapping monthly cohorts. We also examine one-month and third-month holding horizons
to assess the sensitivity of the results to the timing of post-announcement returns. Standard
errors for the alpha regressions are adjusted using Newey–West corrections with three lags.

Table 12 reports the calendar-time portfolio results. The main three-month strategy
earns an average monthly long-short return of 0.98%, corresponding to an approximate
annualized return of 11.82%. The strategy has an annualized Sharpe ratio of 1.16, a
maximum drawdown of −12.51%, and an average monthly turnover of 33.69%. The CAPM
alpha is 0.81% per month and is statistically significant. The Fama–French three-factor
alpha is positive but not statistically significant, while the Fama-French five-factor alpha is
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0.56% per month and is marginally significant. These results indicate that the MergerLLM-
based long-short portfolio generates positive calendar-time returns, although the estimated
risk-adjusted performance varies across factor specifications.

Table 12. Calendar-Time Long-Short Portfolio Performance. This table reports calendar-time per-
formance for Q5-minus-Q1 long-short portfolios based on MergerLLM predicted merger-success
probabilities. Q5 contains deals with the highest predicted success probabilities, and Q1 contains
deals with the lowest predicted success probabilities. Mean returns, annualized returns, maximum
drawdowns, turnover, and alphas are reported in percentage points. CAPM, Fama–French three-
factor, and Fama–French five-factor alphas are monthly alphas. Newey–West standard errors with
three lags are used for alpha regressions. *, **, and *** denote statistical significance at the 10%, 5%,
and 1% levels, respectively.

Strategy Months Mean Ann. Ret. Sharpe Max DD Turnover CAPM α FF3 α FF5 α

First Month 47 1.13 13.51 0.98 −13.04 91.94 0.86 ** 0.59 0.73 *
Third Month 45 1.80 21.57 1.89 −6.69 92.13 1.73 *** 1.31 *** 1.22 ***
Three Months 47 0.98 11.82 1.16 −12.51 33.69 0.81 ** 0.48 0.56 *

The alternative horizons provide additional evidence on the timing of the return
spread. The first-month portfolio generates a positive average return and a statistically
significant CAPM alpha, although the Fama–French alphas are weaker. The third-month
portfolio exhibits the strongest risk-adjusted performance, with positive and statistically
significant alphas under the CAPM, Fama–French three-factor, and Fama–French five-
factor models. This pattern suggests that MergerLLM’s predicted success probabilities
are associated with post-announcement return differences that are not limited to the first
month after the announcement.

Table 13 reports the subperiod performance for the calendar-time long-short portfolios.
The three-month strategy performs more strongly in the later subperiod. During 2018–2020, the
strategy earns a small positive average monthly return of 0.28%, but the risk-adjusted alphas
are not statistically significant. During 2021–2023, the average monthly return increases to
1.61%, and the CAPM, Fama–French three-factor, and Fama–French five-factor alphas are
all positive and statistically significant. The first-month and third-month strategies show a
similar pattern, with stronger performance in 2021–2023 than in 2018–2020. These results
indicate that the economic value of MergerLLM’s predictions is stronger in the later part of
the test period.

Table 13. Subperiod Calendar-Time Long-Short Portfolio Performance. This table reports subperiod
performance for Q5-minus-Q1 long-short portfolios based on MergerLLM predicted merger-success
probabilities. Q5 contains deals with the highest predicted success probabilities, and Q1 contains
deals with the lowest predicted success probabilities. Mean returns, annualized returns, maximum
drawdowns, turnover, and alphas are reported in percentage points. CAPM, Fama–French three-
factor, and Fama–French five-factor alphas are monthly alphas. Newey–West standard errors with
three lags are used for alpha regressions. * and *** denote statistical significance at the 10% and 1%
levels, respectively.

Strategy Subperiod Months Mean Ann. Ret. Sharpe Max DD Turnover CAPM α FF3 α FF5 α

First Month 2018–2020 22 0.48 5.75 0.35 −13.04 93.24 0.36 −0.38 0.00
First Month 2021–2023 25 1.69 20.33 1.84 −7.51 90.84 1.36 *** 1.31 *** 1.21 ***
Third Month 2018–2020 20 0.74 8.93 0.88 −6.69 93.26 0.89 * −0.05 0.36
Third Month 2021–2023 25 2.64 31.69 2.70 −5.71 91.23 2.41 *** 2.26 *** 2.02 ***
Three Months 2018–2020 22 0.28 3.31 0.33 −12.51 35.18 0.29 −0.17 0.54
Three Months 2021–2023 25 1.61 19.30 1.94 −8.68 32.44 1.32 *** 1.22 *** 1.03 ***

We next compare the MergerLLM calendar-time strategy with an external merger-
arbitrage benchmark. We use MRGR, a merger-arbitrage ETF, as an investable benchmark
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over the same active monthly sample period. MRGR provides a closer reference point than a
broad equity index because it reflects merger-arbitrage performance. The benchmark serves
as an external reference point, highlighting the distinct mechanics of our approach. While
standard merger-arbitrage strategies often rely on target-side deal spreads and specific
hedging, leverage, or implementation rules, the MergerLLM strategy specifically sorts
acquirers by model-implied deal-success probabilities.

Table 14 reports the full-sample benchmark comparison. Over the overlapping sample
from July 2018 to November 2023, the MergerLLM Q5–Q1 portfolio earns an average
monthly return of 0.98%, compared with 0.29% for MRGR. The return difference is 0.70%
per month, or approximately 8.39% per year. The MergerLLM strategy has a CAPM al-
pha of 0.81% per month and a Fama–French five-factor alpha of 0.56% per month, while
the Fama–French three-factor alpha is positive but not statistically significant. The direct
MergerLLM-minus-MRGR spread is also positive, although it is not statistically signifi-
cant under the factor models. These results suggest that MergerLLM predictions contain
economically meaningful information, although the statistical evidence for benchmark-
adjusted outperformance is weaker after factor adjustment.

Table 14. Calendar-Time Portfolio Performance Relative to Merger-Arbitrage Benchmark. This
table compares the MergerLLM Q5-minus-Q1 calendar-time long-short portfolio with MRGR, a
merger-arbitrage ETF, over the overlapping monthly sample period. MRGR is used as an investable
benchmark for merger-arbitrage performance. The MergerLLM-minus-MRGR row reports the
monthly return difference between the MergerLLM strategy and MRGR. Mean returns, annualized
returns, maximum drawdowns, and alphas are reported in percentage points. CAPM, Fama–French
three-factor, and Fama–French five-factor alphas are monthly alphas. Newey–West standard errors
with three lags are used for alpha regressions. * and ** denote statistical significance at the 10% and
5% levels, respectively.

Portfolio Months Mean Ann. Ret. Sharpe Max DD CAPM α FF3 α FF5 α

MergerLLM Q5–Q1 47 0.98 11.82 1.16 −12.51 0.81 ** 0.48 0.56 *
MRGR ETF 47 0.29 3.42 0.37 −6.17 0.04 −0.01 0.04
MergerLLM minus MRGR 47 0.70 8.39 0.81 −15.41 0.62 0.34 0.35

Table 15 reports the corresponding subperiod benchmark comparison. MergerLLM
earns higher average monthly returns than MRGR in each subperiod, but the strength of
the benchmark-adjusted performance varies over time. During 2018–2019, MergerLLM
earns 1.11% per month, compared with 0.67% for MRGR. During 2020–2021, the differ-
ence is smaller: MergerLLM earns 0.47% per month, compared with 0.35% for MRGR.
The strongest benchmark-adjusted performance occurs in 2022–2023. During this pe-
riod, MergerLLM earns 1.35% per month, while MRGR earns −0.05% per month. The
MergerLLM-minus-MRGR spread is 1.40% per month and remains statistically significant
under CAPM, Fama–French three-factor, and Fama–French five-factor adjustments. Overall,
the benchmark results indicate that MergerLLM predictions have economic information
content, with the strongest evidence appearing in the later part of the sample.

These portfolio tests are designed to evaluate the economic information content of
MergerLLM’s predicted merger-success probabilities. Building a fully implementable trad-
ing strategy would require transaction-level data on trading costs, short-selling availability,
borrowing fees, bid–ask spreads, liquidity, deal duration, and delisting returns. Because
these microstructural data are not consistently available across our full sample, we focus
our empirical scope on whether MergerLLM predictions are associated with economically
meaningful post-announcement return differences, leaving the execution constraints of a
fully implementable strategy for future work.
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Table 15. Subperiod Performance Relative to Merger-Arbitrage Benchmark. This table reports
subperiod performance for the MergerLLM Q5-minus-Q1 calendar-time long-short portfolio, MRGR,
and the MergerLLM-minus-MRGR return spread. MRGR is used as an investable benchmark for
merger-arbitrage performance. Mean returns, annualized returns, maximum drawdowns, and alphas are
reported in percentage points. CAPM, Fama–French three-factor, and Fama–French five-factor alphas
are monthly alphas. Newey–West standard errors with three lags are used for alpha regressions. The
number of months refers to active portfolio months with nonmissing MergerLLM strategy returns and
benchmark returns. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Subperiod Portfolio Months Mean Ann.
Ret. Sharpe B CAPM

α FF3 α FF5 α

2018–2019 MergerLLM Q5–Q1 13 1.11 13.31 1.73 −4.75 0.94 *** 1.10 *** 0.95 **
2018–2019 MRGR ETF 13 0.67 8.02 2.06 −0.26 0.48 ** 0.11 −0.08
2018–2019 MergerLLM minus MRGR 13 0.44 5.29 0.64 −7.76 0.28 0.81 * 0.84 *
2020–2021 MergerLLM Q5–Q1 16 0.47 5.62 0.47 −12.51 0.67 0.07 0.50
2020–2021 MRGR ETF 16 0.35 4.16 0.73 −4.20 −0.13 −0.09 0.31 ***
2020–2021 MergerLLM minus MRGR 16 0.12 1.46 0.12 −15.41 0.77 0.15 0.17
2022–2023 MergerLLM Q5–Q1 18 1.35 16.24 1.57 −6.13 1.24 *** 1.18 *** 0.99 ***
2022–2023 MRGR ETF 18 −0.05 −0.55 −0.97 −4.48 −0.30 −0.34 −0.34
2022–2023 MergerLLM minus MRGR 18 1.40 16.79 1.61 −5.13 1.29 *** 1.27 ** 1.09 ***

5. Model–Market Disagreement
5.1. HAIDiff as a Proxy for Model–Market Disagreement

Stock price reactions around M&A announcements aggregate market participants’ as-
sessments of deal value and completion risk. Prior M&A research often uses announcement
returns to study market reactions to deal announcements (Dasgupta et al., 2024; Luo, 2005;
Tunyi, 2021). These reactions may contain information about expected deal completion, but they
also reflect expected synergies, financing terms, overpayment concerns, governance issues, liq-
uidity, arbitrage constraints, information asymmetry, and risk premia. Therefore, announcement
returns should not be interpreted as a clean measure of investor beliefs about merger completion.

We use announcement returns to construct a market-based signal of deal assessment
and compare this signal with MergerLLM’s predicted probability of merger success. This
comparison is motivated by prediction-policy problems, where algorithmic predictions
may provide useful information when outcomes are uncertain and the relevant information
is complex (Kleinberg et al., 2015). It allows us to study whether model-implied completion
probabilities differ systematically from market-based assessments, without treating either
the model or the market as a bias-free benchmark.

Formally, we first estimate the following auxiliary regression:

CARAcq
i,[−1,+1] = α + δROAi + ui, (3)

where CARAcq
i,[−1,+1] is the acquirer’s three-day announcement cumulative abnormal return

and ROAi captures operating performance. The residual ui captures the component of
acquirer announcement returns that is orthogonal to the included operating-performance
measure. We then transform the residual component into a scaled market-based signal:

MarketSignali =
ui − min(u)

max(u)− min(u)
. (4)

Finally, HAIDiff is defined as:

HAIDi f fi = P̂LLM
i (Completed)− MarketSignali, (5)

where P̂LLM
i (Completed) is MergerLLM’s predicted probability that deal i will be completed.

Thus, HAIDiff captures disagreement between a model-implied completion probability
and a transformed market-based signal.
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HAIDiff is designed to capture the distance between two different assessments of the
announced deal. The first component is the model-implied probability of deal completion.
The second component is a transformed market-based signal derived from announce-
ment returns. Because announcement returns reflect expected synergies, financing terms,
overpayment concerns, risk premia, liquidity, and arbitrage constraints, the market-based
component should be interpreted as a broad signal of market assessment rather than a
direct measure of completion beliefs.

5.2. Determinants of Model–Market Disagreement in Merger Completion Assessment

In the following analysis, we examine whether climate exposure is associated with
model–market disagreement, as measured by HAIDiff. We include firm-level climate
change exposure (CC Exposure) as our main variable of interest. Following Sautner et al.
(2023), this variable measures the attention paid by earnings-call participants to firms’
climate-related opportunities, physical risks, and regulatory shocks. Climate exposure is
relevant for this test because it captures a source of uncertainty that is multidimensional,
long-horizon, and difficult to summarize in a small set of transaction variables. If climate-
related information is processed differently by the model and by market participants
around the announcement date, climate-exposed deals should exhibit a larger HAIDiff.

Table 16 presents regression results on the determinants of model–market disagree-
ment in merger completion assessment. The dependent variable is HAIDiff, defined as
MergerLLM’s predicted merger-success probability minus the scaled market-based signal
derived from acquirer announcement returns. Across all specifications, the coefficient
on CC Exposure is positive and statistically significant. This result indicates that climate
exposure is associated with larger positive differences between model-implied completion
probabilities and market-based signals. Although some macroeconomic controls are also
significantly associated with HAIDiff, the coefficient on CC Exposure remains positive
and statistically significant across all specifications. Overall, the results show that climate-
exposed deals exhibit larger differences between model-implied completion probabilities
and announcement-return-based market signals.

Table 16. Determinants of Model–Market Disagreement in Merger Completion Assessment. This
table reports determinants of model–market disagreement in merger completion assessment. The
dependent variable is HAIDiff, defined as MergerLLM’s predicted merger-success probability minus
the scaled market-based signal derived from acquirer announcement returns. CC Exposure is climate
change exposure. Variable definitions are provided in Appendix A. Continuous variables, except
state-level variables, are winsorized at their 1st and 99th percentiles. Standard errors are clustered at
the year level, with t-statistics reported in parentheses. ** and *** denote statistical significance at the
5% and 1% levels, respectively.

(1) (2) (3) (4)
Variables HAIDiff HAIDiff HAIDiff HAIDiff

CC Exposure 3.848 ** 2.905 ** 3.785 ** 2.950 **
(2.45) (2.08) (2.40) (2.20)

log(deal value) −0.010 *** −0.009 *** −0.010 *** −0.009 ***
(−3.53) (−3.44) (−3.48) (−3.36)

con −0.094 −0.153
(−0.69) (−1.26)

ipg −0.083 −0.033
(−0.37) (−0.18)

tfp 0.321 *** 0.273 ***
(3.80) (3.40)

term −0.680 −0.751
(−0.75) (−0.88)

def −11.733 ** −11.661 **
(−2.23) (−2.32)
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Table 16. Cont.

(1) (2) (3) (4)
Variables HAIDiff HAIDiff HAIDiff HAIDiff

dei 0.657 −0.340
(0.15) (−0.07)

mkt 0.192 *** 0.172 ***
(3.39) (3.08)

lab −0.272 −0.250
(−1.60) (−1.41)

sent −0.004 0.002
(−0.46) (0.23)

Observations 3689 3689 3689 3689
Adjusted R-squared 0.013 0.047 0.016 0.050
Industry FE N Y N Y
Year FE Y Y Y Y
Controls Y Y Y Y

One possible interpretation is that climate-related information is reflected differently in
model-implied probabilities and in announcement-return-based market signals. Although
MergerLLM does not directly use climate exposure as an input in the withdrawal classifier,
it may capture related information indirectly through deal characteristics, firm descriptions,
industry context, market value, and financing structure. For example, prior work suggests
that environmental performance can affect information asymmetry and payment-method
choices in M&A deals (Hussaini et al., 2023). These channels may help explain why climate
exposure is associated with a larger positive HAIDiff. Given that HAIDiff is constructed
from a transformed market signal, this interpretation isolates structural model–market
disagreement, leaving the attribution of investor error outside the scope of this test.

As an additional robustness test, we construct an alternative model–market disagree-
ment measure based on target announcement returns. Specifically, we define TargetCARDiff
as MergerLLM’s predicted probability of merger success minus the scaled target cumula-
tive abnormal return over the announcement window [−1,+1]. Target CAR provides a
useful alternative market-based signal because target shareholders are directly affected by
the expected takeover premium and the probability that the announced transaction will
close. This alternative measure does not rely on the residualized acquirer-CAR transfor-
mation used in the baseline HAIDiff construction. The results are reported in Table 17.
The coefficient on CC Exposure remains positive and statistically significant, indicating
that the main finding is not driven only by the specific construction of HAIDiff. Instead,
climate exposure continues to be associated with larger differences between model-implied
completion probabilities and the alternative market-based signal.

Table 17. Determinants of Model–Market Disagreement: Target CAR Measure. This table reports
determinants of model–market disagreement using the target-CAR-based measure. The dependent
variable is TargetCARDiff, defined as machine predicted merger success minus scaled target CAR over
the announcement window [−1, +1]. CC Exposure is climate change exposure. Variable definitions
are provided in Appendix A. Continuous variables, except state-level variables, are winsorized
at their 1st and 99th percentiles. Standard errors are clustered at the year level (t-statistics are in
parentheses). ** and *** denote statistical significance at the 5% and 1% levels, respectively.

(1) (2) (3) (4)
Variables TargetCARDiff TargetCARDiff TargetCARDiff TargetCARDiff

CC Exposure 14.894 *** 11.389 *** 14.599 *** 11.212 ***
(4.10) (2.81) (3.89) (2.75)

log(deal value) 0.018 ** 0.016 ** 0.018 ** 0.016 **
(2.49) (2.25) (2.56) (2.31)

https://doi.org/10.3390/jrfm19070488

https://doi.org/10.3390/jrfm19070488


J. Risk Financial Manag. 2026, 19, 488 30 of 38

Table 17. Cont.

(1) (2) (3) (4)
Variables TargetCARDiff TargetCARDiff TargetCARDiff TargetCARDiff

con −0.733 −0.713
(−0.88) (−0.90)

ipg 0.291 0.177
(0.30) (0.19)

tfp 0.871 0.872
(1.20) (1.22)

term 1.950 2.128
(0.60) (0.70)

def −12.874 ** −15.218 **
(−2.27) (−2.52)

dei −8.698 −9.883
(−0.63) (−0.76)

mkt 0.257 0.244
(1.58) (1.57)

lab −0.076 −0.179
(−0.18) (−0.40)

sent −0.000 0.002
(−0.01) (0.07)

Observations 3399 3399 3399 3399
Adjusted R-squared 0.173 0.216 0.175 0.218
Industry FE N Y N Y
Year FE Y Y Y Y
Controls Y Y Y Y

Arbitrage spreads, deal spreads, and option-implied signals would also be useful
proxies for market-implied completion probabilities, but these measures are not consistently
available for the full sample used in our analysis. We, therefore, use target CAR as the main
feasible alternative market signal and interpret both HAIDiff and TargetCARDiff as proxies
for model–market disagreement.

5.3. Model–Market Disagreement Around Hurricane Ian

Hurricane Ian provides a setting in which physical climate risk became more salient to
investors and firms. We use this event to examine whether model–market disagreement
changed differently for firms with higher pre-existing climate exposure. The treatment
variable is based on firm-level climate exposure measured before the event, so the analysis
captures differences across firms with different climate-risk profiles around a period of
heightened climate-risk attention.

We define the treatment group using firm-level climate exposure measured before
Hurricane Ian. Specifically, for each acquirer, we compute pre-Ian climate exposure as
the average value of firm-level climate change exposure, CCExposurePre

i , using observa-
tions before 28 September 2022. We then define an indicator HighCCi equal to one if the
acquirer’s pre-Ian climate exposure is above the median of the pre-Ian distribution, and
zero otherwise. The control group consists of acquirers with pre-Ian climate exposure
at or below the median. The post period, PostIant, equals one for deals announced on
or after 28 September 2022 and zero otherwise. Thus, treatment assignment is based
on pre-shock firm-level climate exposure instead of post-shock outcomes or geographic
hurricane exposure.

We estimate the following binary-treatment DiD specification:

HAIDi f fi,t = βHighCCi × PostIant + γXi,t + αj + αt + εi,t, (6)
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where HAIDi f fi,t is the difference between the MergerLLM-predicted probability of deal
success and the transformed market-based signal. Xi,t includes deal-level controls, macroe-
conomic controls, and log deal value. αj denotes acquirer-industry fixed effects, and αt

denotes year fixed effects. Standard errors are clustered by year. We also estimate a
continuous-exposure specification:

HAIDi f fi,t = βCCExposurePre
i × PostIant + γXi,t + αj + αt + εi,t. (7)

Table 18 reports the results. In the binary DiD specification, the coefficient on
HighCCi × PostIant is positive and statistically significant. The estimate ranges from 0.036
to 0.037, indicating that HAIDiff increases by 3.6 to 3.7 percentage points more for high
pre-Ian climate-exposure firms than for low pre-Ian climate-exposure firms. The continuous-
exposure specification gives similar evidence. The coefficient on CCExposurePre

i × PostIant

is positive and statistically significant. Because the climate-exposure variable is small in
raw units, the economic magnitude is better interpreted using a one-standard-deviation
change in pre-Ian climate exposure. Based on the sample standard deviation of pre-Ian
climate exposure, the estimate in column (4) implies that a one-standard-deviation increase
in pre-Ian climate exposure is associated with an approximately 0.5 percentage-point larger
post-Ian increase in HAIDiff.

To examine the parallel-trends assumption, we estimate an event-study specification
around Hurricane Ian. Figure 7 plots the coefficients on interactions between the high-
climate-exposure indicator and event-time indicators, with the year before Hurricane Ian
as the omitted benchmark. Table 19 reports the corresponding coefficients. The coefficients
at event times −5, −4, and −3 are statistically insignificant, suggesting no clear differential
trend in the earlier pre-period. However, the coefficient at event time −2 is positive and
statistically significant. This result indicates that the parallel-trends assumption is not fully
supported. We, therefore, interpret the Hurricane Ian analysis as event-based evidence on
climate-risk salience instead of a standalone identification strategy. The pattern is consistent
with a larger increase in model–market disagreement among firms with higher pre-existing
climate exposure.

Table 18. Hurricane Ian, Pre-Ian Climate Exposure, and Model–Market Disagreement. This ta-
ble reports difference-in-differences regressions of HAIDiff on Hurricane Ian treatment variables.
HighCC equals one if the acquirer’s pre-Ian climate exposure is above the median of the pre-Ian
distribution and zero otherwise. PostIan equals one for deals announced on or after 28 September
2022. CCExposurePre is firm-level climate exposure measured before Hurricane Ian. Macroeconomic
controls include consumption growth, industrial production growth, total factor productivity, term
spread, default premium, expected inflation, market return, labor income growth, and investor
sentiment. Deal controls include available deal characteristics, such as challenged deal, hostile deal,
rumor, cash payment, stock payment, and the percentage of shares sought. Standard errors clustered
by year are reported in parentheses. *** indicate significance at the 1% level.

Binary Treatment Continuous Exposure

Variables (1) (2) (3) (4)

HighCC × PostIan 0.0362 *** 0.0374 ***
(0.0121) (0.0122)

CCExposurePre × PostIan 3.4477 *** 2.9106 ***
(1.2219) (0.9759)

Observations 4375 4375 4375 4375
Log deal value Yes Yes Yes Yes
Macroeconomic controls Yes Yes Yes Yes
Deal controls Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Industry fixed effects No Yes No Yes
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Table 19. Event-study coefficients around Hurricane Ian. This table reports coefficients from the
event-study specification. The omitted benchmark period is event time −1, the year before Hurricane
Ian. The dependent variable is HAIDiff. The regression includes log deal value, macroeconomic
controls, deal controls, year fixed effects, and acquirer-industry fixed effects. Standard errors are
clustered by year. The insignificant coefficients at event times −5, −4, and −3 suggest no clear
differential trend in the earlier pre-period. The significant coefficient at event time −2 indicates that
the parallel-trends assumption is not fully supported. *** indicate significance at the 1% level.

Event Time Coefficient Std. Error t-Statistic p-Value

−5 0.0039 0.0032 1.248 0.212
−4 −0.0041 0.0029 −1.395 0.163
−3 −0.0051 0.0045 −1.141 0.254
−2 0.0238 *** 0.0031 7.695 <0.001
0 −0.0176 *** 0.0037 −4.812 <0.001
+1 0.0490 *** 0.0049 9.957 <0.001

Figure 7. Event study around Hurricane Ian. This figure plots coefficients from an event-study
specification that interacts the high pre-Ian climate-exposure indicator with event-time indicators
around Hurricane Ian. The event time is measured in years relative to 2022. The omitted benchmark
period is event time −1, the year before Hurricane Ian. The vertical bars represent 95% confidence
intervals based on standard errors clustered by year. The horizontal dashed line marks zero, indicating
no differential change in HAIDiff relative to the omitted benchmark period. The vertical dashed line
marks the omitted benchmark period at event time −1.

We further examine whether treated and control firms differ before Hurricane Ian.
Table 20 reports balance tests using pre-Ian observations. The results show that treated
and control firms differ along several observable dimensions, including deal size, macroe-
conomic conditions, sentiment, hostility, and rumor status. These differences indicate
that high- and low-climate-exposure firms are not identical along observable pre-shock
characteristics, motivating the matched and weighted robustness tests. We complement the
baseline specification with two robustness tests. First, we use propensity-score matching
based on pre-shock firm, macroeconomic, industry, and deal characteristics. Second, we
estimate an inverse-probability-weighted DiD model using ATT weights with propensity
scores trimmed at the 5th and 95th percentiles. Table 21 shows that the coefficient on
HighCCi × PostIant remains positive and statistically significant in both tests, although
the magnitude is smaller than in the baseline specification. These robustness tests show
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that the positive DiD estimate remains after adjusting for observable differences between
high- and low-climate-exposure firms through matching and reweighting. Together, the
baseline DiD, event-study, balance, matching, and weighting results show a consistent
positive association between climate-risk salience and model–market disagreement among
firms with higher pre-existing climate exposure.

Table 20. Pre-Ian balance between high- and low-climate-exposure firms. This table compares
treated and control firms using pre-Ian observations. Treated firms are acquirers with pre-Ian climate
exposure above the median. Control firms are acquirers with pre-Ian climate exposure at or below the
median. The standardized mean difference is the difference in group means divided by the pooled
standard deviation. The imbalance in climate exposure is mechanical because climate exposure
defines the treatment status. The table shows that treated and control firms also differ along several
observable dimensions, motivating the matched and weighted robustness tests reported in Table 21.

Variable Treated Mean Control Mean Std. Mean Diff. t-Statistic

Log deal value 4.5918 3.4147 0.6012 48.038
Climate exposure 0.0015 0.0001 0.8191 66.312
Consumption growth 0.0016 0.0017 −0.0193 −1.785
Industrial production
growth 0.0010 0.0024 −0.1683 −16.089

Total factor
productivity 0.0023 0.0029 −0.0659 −6.364

Term spread 0.0019 0.0004 0.3387 31.354
Default premium 0.0000 0.0000 0.0035 0.351
Expected inflation 0.0000 −0.0000 0.0255 2.669
Market return 0.0056 0.0060 −0.0098 −1.058
Labor income growth 0.0031 0.0037 −0.0893 −8.557
Investor sentiment 0.0357 0.3368 −0.4560 −49.031
Hostile deal 0.0014 0.0045 −0.0576 −7.490
Rumor 0.0182 0.0087 0.0820 7.864

Table 21. Matched and weighted DiD robustness tests. This table reports robustness tests for the
binary Hurricane Ian DiD specification. Column (1) reports the baseline specification with year and
acquirer-industry fixed effects. Column (2) reports a propensity-score matched DiD specification.
Matching is based on pre-shock firm, macroeconomic, industry, and deal characteristics. Column
(3) reports an inverse-probability-weighted DiD specification using ATT weights, with propensity
scores trimmed at the 5th and 95th percentiles. The dependent variable is HAIDiff. Standard errors
clustered by year are reported in parentheses. *** and ** indicate significance at the 1% and 5% levels,
respectively.

Baseline DiD Matched DiD IPW DiD
Variables (1) (2) (3)

HighCC × PostIan 0.0374 *** 0.0136 *** 0.0155 **
(0.0122) (0.0037) (0.0061)

Observations 4375 1424 4375
Log deal value Yes Yes Yes
Macroeconomic
controls Yes Yes Yes
Deal controls Yes Yes Yes
Year fixed effects Yes Yes Yes
Industry fixed effects Yes Yes Yes

6. Discussion
The results reveal two levels of interpretation. The prediction results provide the

strongest evidence in the paper. MergerLLM improves the detection of withdrawn deals
relative to several benchmark models, especially in recall and F1-score. This finding is
important because merger withdrawals are rare but economically meaningful events.

The model–market disagreement results provide a different type of evidence. HAIDiff
compares a model-implied completion probability with a transformed announcement-
return-based signal. The climate-exposure results show that this disagreement measure is
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larger for firms with greater climate exposure. This pattern suggests that climate-exposed
deals are settings in which model-based and market-based assessments differ more strongly.

The interpretation of HAIDiff depends on the construction of the market-based signal.
Announcement returns are useful because they are observed around the deal announcement
and reflect market reactions to the transaction. However, they also capture expected
synergies, financing terms, overpayment concerns, liquidity, arbitrage constraints, and
risk premia. For this reason, HAIDiff can be read as a proxy for disagreement between
model-implied completion probabilities and announcement-return-based signals.

The Hurricane Ian analysis supports this interpretation from an event-based perspec-
tive. Around a period of heightened physical climate-risk salience, firms with higher
pre-existing climate exposure experience larger increases in model–market disagreement.
Because climate exposure is not randomly assigned and because treated and control firms
may differ along other dimensions, the event results should be interpreted as suggestive
evidence on climate-risk salience. In addition, the event-study results do not fully rule
out differential pre-Ian dynamics. Matching and inverse-probability weighting reduce
observable differences between high- and low-climate-exposure firms, but they do not
eliminate all identification concerns.

7. Conclusions
In this paper, we propose MergerLLM, an LLM-based framework for predicting

merger withdrawals from serialized deal characteristics and text-based firm information.
The framework converts each M&A record into a natural-language representation and
fine-tunes a language model for the binary classification of completed versus withdrawn
deals. The empirical results show that MergerLLM improves the detection of the rare
withdrawal class relative to several machine-learning and deep-learning benchmarks,
especially in recall and F1-score, while maintaining competitive ROC AUC and PR AUC.
At the same time, merger withdrawals remain difficult to predict: the model still misses
a meaningful share of withdrawn deals, and its raw predicted probabilities should be
interpreted cautiously unless further calibration is applied.

We also examine whether MergerLLM’s predicted merger-success probabilities contain
economic information. Sorting deals by predicted success probabilities produces positive
return spreads between high- and low-predicted-success acquirers. Calendar-time portfolio
tests show positive returns and some positive risk-adjusted alphas, although the strength
of the evidence varies across factor specifications and subperiods. Because the portfolio
tests do not fully account for transaction costs, short-selling constraints, liquidity, bid–ask
spreads, deal duration, delisting, and other implementation frictions, we interpret these
results as evidence that MergerLLM predictions contain economic information, not as
definitive evidence of implementable merger-arbitrage profitability.

The climate-risk analysis extends the prediction exercise by studying when model-
implied completion probabilities and market-based signals diverge. We find that firm-level
climate exposure is positively associated with HAIDiff, and similar results appear when
we use a target-CAR-based alternative disagreement measure. Around Hurricane Ian,
model–market disagreement increases more for firms with higher pre-existing climate
exposure. These findings suggest that climate-exposed deals are associated with larger
gaps between model-based and market-based assessments around merger announcements.

Overall, the paper’s main contribution is predictive. It shows that serialized tabu-
lar and textual M&A data can improve rare-event merger-withdrawal prediction. The
model–market disagreement analysis provides an economic application of these predic-
tions, and the climate-exposure results identify one setting in which model-based and
market-based assessments differ more strongly.
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Appendix A

Table A1. Key variable definitions.

Variable Description

acqCAR3 Acquirers’ cumulative abnormal returns over three days.
DEAL VALUE The total volume (i.e., transaction value) of the M&A deal in $ billion.
Whiteknight Indicator equal to one if the acquirer is a white knight.
RUMOR Rumor Flag: ”Y” indicates that the transaction is currently or originally began

as a rumor.
Multibidder Multibidder flag: 1 if the number of bidders is more than 1; 0 otherwise.

Hostile Hostile deal flag; “Hostile” means the board officially rejects the offer but the
acquirer persists with the takeover.

TPUBLIC
Public status code of the target firm at the time of the announcement. This
variable identifies whether the target is publicly listed, privately held, a
subsidiary, or has another ownership status.

AMV
Acquirer Market Value: Calculated by multiplying the total number of acquirer
shares outstanding times the acquirer’s stock price 4 weeks prior to
announcement date ($mil).

CHA Challenging Bid Flag: Yes/No flag set to ‘Y’ where a third party launched an
offer for the target while this original bid was pending.

TBUSINESSL Target business description.
ABUSINESSL Acquirer business description.

PSOUGHT Percentage of common, or common equivalent, shares outstanding sought by
the acquirer in this transaction.

CONSID Consideration Description: Text description of consideration offered and sought.

con The monthly growth of real personal consumption expenditures on nondurable
goods and services per capita.

tfp The quarterly percentage change in total factor productivity.
ipg The monthly growth rate of industrial production.
term the yield spread between the 20-year and 1-year Treasury bonds.

def the default premium measured as the monthly change in the yield spread
between the BAArated and AAA-rated corporate bonds.

dei The change in monthly expected inflation estimated following Fama and
Gibbons.

sent Baker and Wurgler (BW) sentiment measure on various market anomalies
mkt the value-weighted excess returns of the stock market.
lab The log growth rate in nominal labor income per capita.

HAIDiff MergerLLM’s predicted probability of merger success minus the scaled
market-based signal derived from residualized acquirer announcement returns.

TargetCARDiff MergerLLM’s predicted probability of merger success minus the scaled target
cumulative abnormal return over the announcement window [−1,+1].

CC Exposure Firm-level climate change exposure based on earnings-call discussions of
climate-related opportunities, physical risks, and regulatory shocks.

HighCC Indicator equal to one if the acquirer’s pre-Ian climate exposure is above the
median of the pre-Ian distribution.

PostIan Indicator equal to one for deals announced on or after 28 September 2022.

https://doi.org/10.3390/jrfm19070488

https://doi.org/10.3390/jrfm19070488


J. Risk Financial Manag. 2026, 19, 488 36 of 38

Table A2. Descriptive statistics of variables in model–market disagreement analysis.

Variable Mean SD p50 p25 p75

HAIDiff 0.79617 0.16966 0.83608 0.83066 0.83916
CC Exposure 0.00081 0.00195 0.00029 0.00012 0.00069
con 0.00158 0.00760 0.00141 −0.00040 0.00300
ipg 0.00103 0.00909 0.00139 −0.00235 0.00530
tfp 0.00209 0.00936 0.00177 −0.00224 0.00581
term 0.00123 0.00524 0.00000 −0.00103 0.00185
def 0.00002 0.00110 −0.00000 −0.00043 0.00040
dei 0.00123 0.00373 0.00073 0.00011 0.00174
mkt 0.00577 0.04245 0.01084 −0.01847 0.03100
lab 0.00304 0.00762 0.00302 0.00124 0.00434
sent −0.00736 0.59262 −0.15562 −0.33513 0.14945
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