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Abstract

Natural language processing (NLP) has been
widely used in quantitative finance, but tradi-
tional methods often struggle to capture rich
narratives in textual data, leaving potentially
informative signals under-explored. Large lan-
guage models (LLMs) offer a promising alter-
native as they are able to extract nuanced se-
mantics. In this paper, we ask whether seman-
tic signals extracted by LLMs from corporate
disclosures predict abnormal returns (alpha) be-
yond broad market movements and common
risk factors. We introduce a simple framework,
LLM as extractor, embedding as ruler, which
extracts context-aware, metric-focused textual
spans and quantifies semantic changes across
consecutive disclosure periods using embed-
ding similarity. This allows us to measure the
degree of metric shifting — how much firms
move away from previously emphasized met-
rics, referred to as moving targets. In portfolio
and cross-sectional regression tests against a
recent traditional baseline, our method yields a
moving-targets signal that delivers significant
risk-adjusted alpha. Qualitative analysis sug-
gests that these gains stem from preserving con-
textual qualifiers and filtering out non-metric
terms that traditional approaches often miss.

1 Introduction

Natural language processing (NLP) has been
widely adopted for quantitative investment in fi-
nance due to its ability to identify complex patterns
and relationships in financial text (Li et al., 2023;
Lee et al., 2024; Cao et al., 2025). Traditional ap-
proaches based on named entity recognition (NER)
and text classification have been shown to extract
alpha from financial text (Frankel et al., 1999; Tet-
lock, 2007; Matsumoto et al., 2011; Loughran and
McDonald, 2011, 2016). In this context, alpha
refers to abnormal returns that are not explained by

*Corresponding author.

“Blackstone

1,11

5].P. Morgan  ®Fidelity Investments

8State Street Investment Management
0University of Florida

HUNIST

broad market movements or common risk factors.
However, these methods often struggle to capture
rich semantics and nuanced sentiment in corpo-
rate disclosures, leaving potentially informative
signals under-explored. Large language models
(LLMs) have emerged as a promising alternative
because they can extract subtle meaning and con-
textual qualifiers that traditional pipelines tend to
miss (Chen et al., 2022; Lopez-Lira and Tang, 2023;
Guo and Hauptmann, 2024).

In this paper, we ask a concrete question: do se-
mantic signals extracted by LLMs from corporate
disclosures predict alpha? We address this question
by quantifying semantic changes across disclosures
over time, focusing on how firms shift the perfor-
mance metrics they emphasize across consecutive
disclosure periods. To this end, we introduce a
simple and general framework, LLM as extractor,
embedding as ruler. The two components address
complementary challenges. First, we use an LLM
to extract metrics from each disclosure, preserving
contextual qualifiers that NER-based approaches
often collapse. Second, we compare extracted met-
rics across periods using embedding-based seman-
tic similarity, which can identify equivalent metrics
expressed differently. This similarity serves as a
ruler for measuring how the underlying metrics
evolve over time.

To validate our framework, we compare against
the recent baseline proposed by Cohen and Nguyen
(2024). That work introduces an NER-based metric
called moving targets, which captures how firms
strategically shift the performance metrics they
highlight across disclosures. Such metric shifting
has been shown to contain predictive information
about future stock returns. Using an LLM-based
analogue of moving targets derived from our frame-
work, we conduct experiments in a realistic setting
and show that our approach captures information
that traditional NER-based methods fail to quantify,
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leading to improved prediction of excess returns.

Our empirical evaluation follows two standard
protocols in empirical finance. First, we construct
portfolios that buy shares with low metric shifting
and sell shares with high metric shifting, motivated
by prior evidence that greater metric shifting pre-
dicts lower future returns. We then measure portfo-
lio performance after controlling for common mar-
ket factors (Fama and French, 2015). Our method
achieves a significant risk-adjusted alpha, whereas
the NER-based baseline does not exhibit significant
alpha in any specification. Second, we evaluate re-
turn predictability using cross-sectional regressions
of next-month stock returns (Fama and MacBeth,
1973). In the regressions, the moving targets score
derived from our method significantly predicts next-
month returns on the broader 500-firm sample. In
addition, qualitative analysis indicates that these
improvements stem from capturing semantic equiv-
alence and contextual qualifiers that keyword-based
approaches often overlook. Together, these results
demonstrate that LLMs provide a robust mecha-
nism for tracking evolving signals in corporate dis-
closures and for predicting abnormal returns.

2 Related Work

Financial LLMs. Recently, domain-adapted pre-
trained language models and LLMs have demon-
strated performance gains on standard financial
NLP tasks (Kaur et al., 2023; Du et al., 2024).
Early work focused on further pre-training or fine-
tuning BERT-based models on financial text (Araci,
2019; Liu et al., 2021). Subsequent efforts ex-
panded to large-scale finance-specific LLMs, en-
abling broader applications to complex financial
NLP tasks including question answering (Liu et al.,
2023; Wu et al., 2023; Islam et al., 2023). A parallel
line of work explores instruction-tuning approaches
that evaluate multi-task and zero-shot generaliza-
tion (Xie et al., 2023; Zhang et al., 2023).

Text Analysis on Financial Text. A large body
of research in finance has shown that financial
text contains information predictive of future stock
returns (Tetlock, 2007; Loughran and McDon-
ald, 2011, 2016). In particular, earnings calls
have received attention as a primary channel
through which managers communicate firm per-
formance (Frankel et al., 1999; Matsumoto et al.,
2011). Studies analyzing individual call tran-
scripts have shown that managerial language — such
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Figure 1: Overview of our framework, LLM as extractor,
embedding as ruler. Given two documents D; and D;
from different time periods, an LLM Fjy first acts as
an extractor, identifying context-aware contents from
each document. A pretrained text encoder G then
serves as a ruler, mapping extracted contents into a
shared embedding space and measuring their semantic
similarity to quantify how extracted contents persistence,
disappearance, and emergence.

=

as tone or readability — can predicts excess re-
turns (Price et al., 2012; Mayew and Venkatacha-
lam, 2012; Fu et al., 2021). More recent work shifts
focus from analyzing individual documents to ex-
amining changes in content across earnings call
transcripts (Cohen and Nguyen, 2024), showing
that textual modifications over time carry incre-
mental information for return predictability.

In parallel, a growing literature explores the use
of LLMs in finance, applying LLMs to news ar-
ticles, annual reports, and earnings call transcript
to improve return prediction and portfolio perfor-
mance (Chen et al., 2022; Lopez-Lira and Tang,
2023; Guo and Hauptmann, 2024; Magner et al.,
2025). However, existing studies have primarily
validated LLMs on single-document tasks; their
effectiveness in tracking semantic changes across
documents over time remains unexplored.

3 Backgrounds

Earnings Calls and Performance Metrics. Pub-
licly traded companies hold quarterly earnings con-
ference calls to discuss financial results with ana-
lysts and investors (Tasker, 1998). These calls typi-
cally consist of two parts: a presentation by man-
agement summarizing the quarter’s performance,
followed by a question-and-answer session with
analysts (Frankel et al., 1999). During these calls,
managers highlight specific metrics — quantitative
measures such as revenue or product-specific fig-
ures — to frame the firm’s progress. Because these
metrics are chosen by management rather than ex-
ternally mandated, managers have discretion over
which metrics to emphasize and how prominently
to feature them (Price et al., 2012).
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Figure 2: Illustration of the scoring pipeline using embedding similarity. Suppose that two sets of metrics have
already been extracted from two transcripts D; (current) and D; (previous). First, we encode each metric into a
shared embedding space using a pre-trained text encoder G, obtaining embeddings E; ,,, and Ej; ,,, for quarter

indices ¢ and j. For each metric E; ,,,, we then compute its maximum cosine similarity S’nj to any metric at quarter
1, which tests whether a semantically corresponding metric is still present. Next, we apply thresholding A(-) to
suppress weak matches and treat only sufficiently similar pairs as retained. Finally, we aggregate these similarities
using an averaging operator, quantifying the fraction of previously discussed metrics that are no longer emphasized.

Moving Targets. Cohen and Nguyen (2024) doc-
ument that managers strategically shift their em-
phasis on metrics over time. When a previously
highlighted metric becomes difficult to sustain — for
example, when sales growth stalls — managers often
pivot to emphasizing different metrics, such as cost
savings or inventories. This phenomenon, termed
moving targets, is formally measured as the frac-
tion of previously discussed metrics that are absent
in the current period. In their approach, metrics are
extracted using spaCy (Honnibal, 2017) NER and
compared across periods via rule-based matching;
we refer to this as the method.

Following their definition, we refer to this mea-
sure as the moving targets (MT) score, computed
as

MT, — > (Missing Metri?sl- | Metrics;_4) 0

> Metrics;_4

where ¢ indexes the fiscal quarter, Metrics; is the set
of performance metrics mentioned in quarter ¢, and
1 — 4 refers to the same fiscal quarter one year prior
(e.g., Q1 2024 vs. Q1 2023). Missing Metrics; de-
notes metrics that were mentioned in ¢ — 4 but are
absent in 7. Higher values indicate greater depar-
ture from previously emphasized metrics.

4 Method

To test whether LLMs can better capture the mov-
ing targets, we employ the LLM as extractor, em-
bedding as ruler framework. Fig. 1 shows the over-
all pipeline. The LLM serves as an extractor that
identifies metrics from transcripts while preserving
contextual qualifiers. The embedding model serves
as a ruler that measures semantic distance between
metrics across periods, enabling comparison even
when equivalent metrics are expressed differently.

Extractor: Metric Extraction. Let D; denote
the earnings call transcript of a firm at quarter in-
dex i. We extract performance metrics using a pre-
trained LLM Fj: given a task-specific prompt and
the entire transcript D; as input, the model outputs
a set of mentioned metrics. We denote the obtained
set as 7; = {Tj1,...,T; N, }, where N; denotes
the number of metrics extracted from quarter ¢. Un-
like NER-based approaches that often extract only
generic terms, the LLM can capture metrics ex-
pressed through complex phrases while preserving
contextual qualifiers (e.g., “North America cloud
revenue” rather than just “revenue”).

Ruler: Semantic Similarity Scoring. The orig-
inal moving targets score counts the fraction of
metrics from j = ¢—4 that are absent at 7 via key-
word matching. However, this fails when semanti-
cally equivalent metrics are expressed differently
across quarters (e.g., “sales growth” vs. “revenue
increase”). To address this, we use embeddings as
a ruler to measure semantic distance. We illustrate
the concept of our framework in Fig. 2.

We encode each extracted metric using a pre-
trained text encoder G, obtaining embeddings
Ein, = Gy(Tin,) € R?. For each previous met-
ric T}j ; and its embedding Ej; ,, ., we compute its
maximum cosine similarity to any current metric:

Snj = H’}laX COS(Ei,nia Ej,"j)
T

2

Note that raw cosine similarity does not directly
correspond to semantic equivalence: pairs below a
certain threshold are effectively dissimilar, while
pairs above another threshold are highly similar.
To reflect this, we apply a piecewise-linear trans-
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formation h(-):

0 if S, < a
Snj = h(gny) = SZ];;O( ifa< Snj <pB 3)
1 if S, > B

This maps low similarities to O (dropped) and high
similarities to 1 (retained), reducing noise from
ambiguous middle-range scores.

Finally, the embedding-based MT score is de-

fined as:
N.

1 J
MTizl—ﬁjZ_:Snj 4)
n;=1

Since Snj ~ 1 when a metric is retained and
Sn; ~ 0 when dropped, this formulation yields
the fraction of metrics that are absent — matching
the original definition. We refer to this approach
as the LLM-based method. We provide a running
example in Appendix A that walks through this
pipeline end-to-end on an actual pair of consecu-
tive earnings calls.

5 Experiments

In this section, we empirically evaluate whether
LLM-based method of moving targets leads to bet-
ter prediction of excess returns. Sec. 5.1 documents
our experimental setup. Sec. 5.2 describes the re-
sults. Codes are available at this GitHub repository.

5.1 Experimental Setup

Data. Our experimental setup follows Cohen and
Nguyen (2024). The primary sample covers firms
in the S&P 100 index from January 2010 to Decem-
ber 2024, yielding 5,615 firm-quarter observations
across 64 quarters; we focus on this universe be-
cause LLM-based extraction over full earnings-call
transcripts is computationally costly. To verify that
our findings are not an artifact of this choice, we
replicate the entire pipeline on a broader sample of
the firms in the S&P 500.

Evaluation Protocols. To assess whether the
moving targets scores carry economically mean-
ingful predictive power, we adopt the evaluation
framework of Cohen and Nguyen (2024), which
consists of two complementary analyses.

First, we construct a portfolio strategy based on
the moving targets score and compare portfolio re-
turns. Following Cohen and Nguyen (2024), we
sort firms into quintiles based on their most recent
moving targets score and form equal-weighted port-
folios. Q1 contains firms with the lowest scores,

Table 1: Statistics of dataset. We use earnings call
transcripts from firms listed in S&P 100 index, spanning
January 2010 to December 2024.

Statistic Value
Sample period Jan. 2010 — Dec. 2024
Number of quarters 64
Number of firms 100
Firm-quarter observations 5,615
Returns observations 16,675

Table 2: Comparison of the top 10 most frequent miss-
ing targets extracted by the NER-based and LLM-based
methods.

LLM-based Method

Rank Target Frequency | Rank Target Frequency
1 the % 4460 1 market share 706
2 a % increase 3845 2 share repurchases 589
3 the range 3474 3 revenue growth 582
4 % growth 3456 4 pricing 562
5q3 3006 5 cash flow 535
6 q4 2853 6 quarterly revenue growth 517
7 the % range 2801 7 yearly guidance 484
8 year 2716 8 free cash flow 480
9 the quarter 2499 9 dividend 458

10 share 2400 10 quarterly earnings per share 455

while Q5 contains firms with the highest scores. We
then compute the return spread between Q5 and
Q1. A significantly negative Q5-Q1 spread indi-
cates that firms dropping more targets subsequently
underperform. To account for other factors that
may drive returns, we report risk-adjusted alphas
using the Fama—French three-factor and five-factor
models (Fama and French, 1993, 2015).

Second, we test whether the moving targets
score significantly predicts next-month stock re-
turns using Fama-MacBeth cross-sectional regres-
sions (Fama and MacBeth, 1973), a standard pro-
tocol in empirical finance for testing whether a
variable predicts future returns. Each month, we
regress individual stock returns on the moving tar-
gets score and control variables. We then average
the monthly coefficient estimates across time. A
significantly negative coefficient on the moving
targets score indicates that more target shifting pre-
dicts lower subsequent returns.

5.2 Results

NER and LLM extract qualitatively different
metrics at the aggregate level. Tab. 2 compares
the top 10 most frequent missing targets extracted
by each method. The NER-based method predomi-
nantly captures surface-level patterns such as “the
%, “a % increase”, and “the range”, which lack
context and do not correspond to meaningful perfor-
mance metrics. In contrast, the LLM-based method
extracts concrete business metrics such as “market
share”, “revenue growth”, “cash flow”, and “free

cash flow” — terms that align with the definition
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NER-based Method LLM-based Method

) . . . L . . And of course, we benefited from the acquisition of Wimm-Bill-Dann, which is a critical addition to our
And of course, we benefited from the acquisition of Wimm-Bill-Dann, which is a critical addition to our

: . o . Russia business that further strengthened our already strong position in this key developing market.
Russia business that further strengthened our already strong position in this key developing market.

. . Importantly, we also continue to generate strong = cash flow LLM_TARGET .Management
Importantly, we also continue to generate strong cash flow. A Management NER_TARGET operating
operating cash flow LLM_TARGET exceeded $6 billion. And as a result, we were able to return $5.6
cash flow exceeded $6 billion. And as a result, we were able to return $5.6 billion in cash to our

billion in ~cash LLM_TARGET to our shareholders through = share repurchases LLM_TARGET and

shareholders through share repurchases and ~ dividends NER_TARGET .
dividends LLM_TARGET .

Figure 3: Comparison of extracted metrics between NER-based and LLM-based methods on a PepsiCo Q4 2011
earnings call transcript. The panel shows the same transcript excerpt with NER extractions (left) and LLM extractions
(right). Green highlights indicate NER-extracted terms; purple highlights indicate LLM-extracted metrics. Given
the same passage discussing cash flow performance, NER extracts only “Management” and “dividends”, missing the

operating cash flow”, “cash”,

CLINT3

key financial metrics mentioned. In contrast, LLM correctly identifies “cash flow”,
“share repurchases”, and “dividends”.

Table 3: Calendar-time portfolio excess returns and 3-factor / 5-factor alphas based on Moving Targets. (A) reports
results using the NER-based extraction method, while (B) reports results using the LLM-based extraction method.

ko kok

t-statistics are in parentheses. *,

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

Q1 Q2 Q3 Q4 Q5 Q5-Q1
Excess Return 0.0156 0.0131 0.0111** 0.0132 0.0135 -0.0031
(4.38) (3.85) (3.19) (3.99) (3.94) (-1.48)
3-Factor Alpha 0.0047*** 0.0027** 0.0017 0.0040™** 0.0039** -0.0018
(3.43) (2.12) (1.15) (2.88) (2.47) (-0.89)
5-Factor Alpha 0.0045*** 0.0028™* 0.0016 0.0040™** 0.0041** -0.0014
(3.26) (2.19) (1.07) (2.79) (2.54) (-0.70)

(B) LLM-based method
Excess Return 0.0148*** 0.0131*** 0.0128™** 0.0132*** 0.0117*** -0.0041**
4.75) (3.84) (3.60) (3.65) (3.50) (-2.08)
3-Factor Alpha 0.0056* ** 0.0036* ** 0.0024* 0.0029°* 0.0018 -0.0048*
(3.89) (2.63) (1.89) (1.91) (1.22) (-2.40)
5-Factor Alpha 0.0055*** 0.0038*** 0.0026™* 0.0032** 0.0013 -0.0052**
(3.71) (2.78) (2.02) (2.02) (0.87) (-2.55)

of forward-looking performance indicators. This
difference suggests that LLM-based extraction bet-
ter leverages contextual understanding to identify
targets that reflect genuine strategic emphasis.

Individual examples confirm that LLM captures
metrics NER misses. Fig. 3 illustrates a rep-
resentative example from an earnings call tran-
script. Given the same passage discussing cash
flow performance, the NER-based method extracts
only “Management” and “dividends”, missing the
key financial metrics mentioned. The LLM-based
method correctly identifies “cash flow”, “operating
cash flow”, “cash”, “share repurchases”, and “divi-
dends” — metrics that also appear among the most
frequent targets in Tab. 2. This demonstrates that
the LLM’s ability to capture contextually meaning-
ful metrics at the individual level translates to more

informative signals at the aggregate level.

LLM-based method yields stronger portfolio
returns than the NER-based baseline. Tab. 3
presents calendar-time portfolio excess returns
and alphas sorted by the moving targets score.
Panel (A) shows that the NER-based method ex-

hibits a negative Q5—Q1 spread: excess return of
—0.31% (t = —1.48), 3-factor alpha of —0.18%
(t = —0.89), and 5-factor alpha of —0.14% (t =
—0.70). In contrast, Panel (B) shows that the LLM-
based method yields a significantly negative spread:
excess return of —0.41% (¢t = —2.08), 3-factor al-
pha of —0.48% (t = —2.40), and 5-factor alpha
of —0.52% (t = —2.55), all significant at the 5%
level. This indicates that firms with high target
shifting reliably underperform those with low tar-
get shifting. The stronger predictability suggests
that LLM-based extraction captures semantically
meaningful changes that the NER-based approach
misses. We note that the direct monthly difference
between the two Q5-Q1 series (LLM minus NER)
is not itself statistically significant (f = —1.15);
the contribution is thus not that the LLM signal
beats the NER signal head-to-head, but that the
LLM signal survives standard asset-pricing tests

! Alphas are reported before transaction costs. Given the
strategy’s one-way turnover of 26-28% per leg per month,
about 80% of the gross alpha would be realized at costs real-
istic for S&P 100 mega-caps (10 bps per dollar traded), and
roughly half at 25 bps.
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Table 4: Fama—MacBeth regressions of individual firm-
level stock returns on Moving Targets and standard
return predictors. (A) reports results using the NER-
based extraction method, while (B) reports results using
the LLM-based extraction method. We include stan-
dard controls for known return predictors: Log(Size),
Log(BM), Ret(-1,0), and Ret(-12,-1). ¢-statistics are
shown in parentheses.

Table 5: Extended results tested on a broader sample of
500 U.S. public firms, using a different LLM (GPT-5.4)
and embedding model (text-embedding-3-small).
Panel A reports the Fama—MacBeth coefficient on the
MT score with full controls; Panel B reports monthly
returns and alphas of the equal-weighted Q5—Q1 long-
short portfolio. ¢-statistics in parentheses; **p < 0.05.

LLM-based method

(A) B) Panel A: Fama—MacBeth regression
LLM-based method MT coefficient —0.0108"* -0.0326""
(—2.20) (—2.35)
Ret
Panel B: Calendar-time portfolio (05—Q1)
Mt Score 0.0107 -0.0370 Excess return —0.0008 -0.0024**
(1.10) (-0.95) (—0.41) (—2.53)
Log (Size) -0.0015 -0.0072 3-factor v —0.0012 -0.0036
(-0.42) 137 (—0.64) (—2.56)
: : 5-factor av —0.0014 -0.0044"*
Log (BM) -0.0016 -0.0037 (—0.72) (—2.44)
(-0.36) (-0.71)
Ret (-1,0) 0.0404 -0.0501 Table 6: Ablation study isolating the source of the gains
(0.98) (-0.81) tested on the S&P 100 firms. Each row varies only the
Ret (-12,-1) -0.0019 0.0006 extractor (NER vs. LLM) and the matcher (rule-based vs.
(-0.22) (0.06) embedding), holding the embedding ruler, sample, and
Constant 0.0129 0.1200 evaluation pipeline fixed. Cells report monthly returns
0.29) (1.53) and alphas of the equal-weighted Q5—Q1 long-short
R-squared 0.3897 0.3915 portfolio. ¢-statistics in parentheses; **p < 0.05.
N 5,615 5,615 Extractor  Ruler Excessret.  3-Factor «  5-Factor
. NER Stri —0.0031 —0.0018 —0.0014
where the NER signal does not. e (-1.48)  (-0.89)  (—0.70)
NER Embedding —0.0009 —0.0022 —0.0024
. . (—0.44) (-1.12) (—1.20)
LLM-based method shows better predictive LLM String 20,0022 —0.0005  —0.0001
‘ —cecti : (—1.03)  (=0.24)  (—0.04)
power in cross-sectional regressmns. Tab‘. 4 LM Embedding 00041 000487  -0.0052°
reports Fama-MacBeth regression results testing (—2.08)  (—2.40)  (—2.55)

whether the moving targets score predicts next-
month stock returns. Column (A) shows that the
NER-based method rather yields a positive coeffi-
cient on the moving targets score, suggesting no re-
liable predictive relationship. In contrast, Column
(B) shows that the LLM-based method produces a
negative coefficient of —0.0370, though not statis-
tically significant on this sample (t = —0.95); the
primary cross-section averages only ~34 firms per
month, limiting the power of this test. The coeffi-
cient becomes significant on the broader 500-firm
sample (Tab. 5 below), consistent with the portfolio
analysis.

Results generalize beyond specific firms and
model choices. Tab. 5 examines whether our
findings are tied to the S&P 100 universe or to
a particular model configuration. The LLM-based
method continues to deliver a significantly neg-
ative Q5-Q1 spread, with an excess return of
—0.24% (t = —2.53), a 3-factor alpha of —0.36%
(t = —2.56), and a 5-factor alpha of —0.44%
(t = —2.44), whereas the NER-based baseline
remains insignificant in every specification. The

Fama-MacBeth regressions show the same pattern:
the LLLM-based score yields a larger and signifi-
cant coefficient (—0.0326, ¢t = —2.35) than the
NER-based score (—0.0108, t = —2.20), and the
larger sample sharpens statistical significance over-
all. These results indicate that our findings are not
an artifact of the firm universe, the choice of LLM,
or the embedding model.

The gains originate from the LLM extractor.
Our method differs from the NER-based base-
line along two dimensions — the extractor (LLM
vs. NER) and the matcher (embedding vs. string
matching). Thus, we run an ablation that varies
each component in isolation, holding the sample,
embedding ruler, and evaluation pipeline fixed
(Tab. 6). Pairing the NER extractor with the em-
bedding matcher moves the Q5-Q1 5-factor al-
pha only partway toward our method (—0.24%,
t = —1.20) and fails to reach significance, remain-
ing closer to the NER-with-string-matching base-
line (—0.14%, t = —0.70) than to the LLM-based
method (—0.52%, t = —2.55). This is consistent
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with the qualitative evidence in Tab. 2, as the NER
method extracts noisy, context-free spans, and a
softer matching criterion cannot recover a persis-
tent signal from targets that are not informative
enough to begin with.

6 Conclusion

This study investigated whether LLMs can effec-
tively track evolving signals in corporate disclo-
sures by comparing an LLM-based framework
against a NER-based baseline on the moving tar-
gets phenomenon. Our results show that LLM-
based extraction combined with semantic similarity
yields stronger return predictability. Our findings
support the view that LLMs can capture meaning
beyond surface-level wording, offering a more ro-
bust approach to quantifying semantic changes in
financial text.

Limitations

We restrict the sample of our primary analysis to
S&P 100 firms due to computational costs. Extend-
ing the analysis to a broader set of firms, particu-
larly smaller firms with different disclosure prac-
tices, would be a valuable direction for future work.
In addition, our framework depends on the quality
of LLM extraction and embedding models; eval-
uating across different size of model choices or
open-sourced models would help verify robustness.
Lastly, we demonstrate predictive gains but do not
investigate why LLM-based tracking better cap-
tures return-relevant information; understanding
the underlying economic mechanisms is a valuable
direction for future work. Our extractors are recent
LLM:s applied to 2010-2024 transcripts, raising a
potential memorization concern. We mitigate this
by design — the LLM never observes returns or
compares periods. We acknowledge that memo-
rization cannot be fully ruled out; re-extraction on
anonymized transcripts is left to future work.
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Table 7: LLM prompt templates used in our method to extraction of targets. Note that the terms label and rarget are
used in the prompt to refer to what we denote as metrics in the main text.

System

Prompt <task>

From the provided inputs, extract all performance metric and target labels

and classify them into two separate lists according to the section

in which they were mentioned:

— presentation: items mentioned in the prepared presentation or opening remarks

— analyst_qa: items mentioned during analyst question and answer sessions

The term "performance metric and target labels" includes every explicitly stated

financial result, non—financial result, and key business indicator discussed or mentioned. Both GAAP and

non—GAAP labels if explicitly distinguished.

## Section classification

— presentation: items mentioned in prepared remarks/opening statements before Q&A begins.

Typical speakers: executives with "— Executives" in the name, before the first analyst question.

— analyst_qa: items mentioned during the Q&A (analyst questions and executive answers after Q&A starts).
Q&A typically starts after an Operator prompt like "[Operator Instructions]" or when an analyst first speaks
(speaker label contains "— Analysts") and continues until the call ends.

— Operator—only lines do not themselves contain items, but they can mark Q&A start.

— Include only labels explicitly stated in content

— Deduplicate near—duplicates to one normalized target per section

</task>

<inputs>earnings—call transcript as indexed JSON dialog</inputs>

<output>

— target:

— Short noun phrase only

— =xQuarter results:# prefix with "Quarterly" and do NOT include any years or quarter numbers

— sxFiscal—year results:sx prefix with "Yearly" and do NOT include any years

— xxGuidance/targets/other indicators:s: no period prefixes unless inherently part of the label; avoid dates,
years, and quarter numbers

— No numbers, units, currency symbols, or percent signs anywhere

— Prefer consistent terminology across products/segments

— index: integer index of the utterance containing the quote

</output>

<format>

{

"presentation”: List[Dict],
"analyst_ga": List[Dict]

1

The dictionary must follow the following structure:

i

"target": str # Normalized short label for the metric/target according to the rules
"index": int # Zero—based index of the utterance in the transcript where the quote appears

H

</format>

A Appendix

Implementation details. For our main analysis, we use Gemini-2.5-Pro for metric extraction and
text-embedding-3-large for semantic comparison. For the additional experiments on the broader
500-firm sample, we instead use GPT-5. 4 for extraction and text-embedding-3-small for comparison,
verifying that our findings do not depend on a specific model choice. We set « = 0.4 and 5 = 0.6 for
thresholding in Eq. 3: « is placed at the top of the similarity range observed for unrelated metric pairs
and 3 at the bottom of the range for paraphrase pairs, so that h(-) zeroes out spurious matches and fully
credits genuine ones (see Tab. 8 for illustrative pairs from each regime). The last part of this appendix
reports sensitivity of the main results over the full («, #) grid and a held-out selection protocol. Table 7
shows the full system prompt used to extract metrics in our proposed method.

Running Example We illustrate the full pipeline on the same PepsiCo call as Fig. 3. We take the LLM
extractor’s actual outputs for Q4 2010 (104 metrics) and Q4 2011 (121 metrics), compute each Q4 2010
metric’s maximum cosine similarity among the Q4 2011 metrics (Eq. 2), and apply the thresholding A(-)
of Eq. 3 with (a, 8) = (0.4,0.6). Tab. 8 shows representative rows from each regime of A(-).
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Table 8: Running example: PepsiCo Q4 2010 metrics matched against Q4 2011 metrics. S‘nj is the maximum cosine
similarity (defined in Eq. 2) and S,,, its thresholded value (defined in Eq. 3) with (o, 8) = (0.4, 0.6).

Regime Q4 2010 metric Best Q4 2011 match Sn;  Sh,
. . yearly core constant currency eps core  constant-currency eps 0.886 1.00
R;rt;ur}l;gs‘éla growth growth
parap yearly worldwide snacks volume yearly snacks volume growth 0.866 1.00
interest expense net interest cost 0.647 1.00
Genuine dro g series fit launch new product sales 0.319 0.00
P sodium reduction in potato chips global snacks results 0.364 0.00
Ambiguous middle naked juice sales liquid refreshment beverage mar- 0.467 0.33
zone ket share
wimm-bill-dann transaction eps eps (usd basis) 0.518 0.59
impact

Table 9: Q5-Ql five-factor alpha (¢-statistic) for each («, 3) pair; setup identical to Tab. 3. fConfiguration used in
the main text.

a\g 0.4 0.5 0.6 0.7 0.8
0.2 —0.0021 —0.0053 —0.0056 —0.0062 —0.0051
. (—0.72) (—2.64) (—2.75) (—3.00) (—2.40)
0.3 —0.0027 —0.0053 —0.0053 —0.0064 —0.0051
. (—0.91) (—2.61) (—2.61) (—3.11) (—2.42)
0.4 . —0.0047 —0.0052t —0.0065 —0.0046
- (—2.33) (—2.55) (—3.16) (—2.21)
05 . o —0.0047 —0.0058 —0.0051
. (—2.31) (—2.75) (—2.53)

Threshold Sensitivity and Held-Out Selection Table 9 examines whether the main result is sensitive
to the choice of thresholds. We re-estimate the Q5—Q1 five-factor alpha reported in Table 3 for every
admissible («, 3) pair on the grid o € {0.2,0.3,0.4,0.5} and 5 € {0.4,0.5,0.6,0.7,0.8}, subject to
a < . The result is remarkably stable: all 17 specifications produce negative alphas, and 15 are
statistically significant at the 5% level. The only two insignificant estimates occur when 8 = 0.4. At this
low upper threshold, nearly every metric is classified as retained (the mean score exceeds 0.97), leaving
little cross-sectional variation with which to distinguish firms. The baseline choice of («, 3) = (0.4, 0.6)
is therefore conservative rather than result-maximizing. Raising the upper threshold to 0.7, for example,
strengthens the Q5-Q1 alpha to —0.65% per month (+ = —3.16). Thus, the main finding is not specific to a
particular threshold choice but persists across a broad range of economically reasonable parameterizations.

We further address the possibility that the result reflects in-sample threshold selection. Using only
portfolio returns through December 2016, we select the («, 3) pair with the most negative alpha t-
statistic and then evaluate that choice exclusively over 2017-2024. This procedure selects (0.3,0.7) and
yields a held-out five-factor alpha of —0.66% per month (¢ = —2.36). Importantly, the paper’s baseline
specification, (0.4,0.6), also performs similarly over the same held-out period, producing an alpha of
—0.57% per month (t = —2.04). These results indicate that the main finding is not an artifact of ex post
threshold tuning and remains economically and statistically meaningful out of sample.
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