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Abstract

Accurately forecasting large stock price move-
ments after corporate earnings announcements
is a longstanding challenge. Existing methods—
sentiment lexicons, fine-tuned encoders, and
standalone LLMs—often lack temporal-causal
reasoning and are prone to narrative bias,
echoing overly optimistic managerial tone. We
introduce Context-Enriched Agentic RAG
(CARAG), a retrieval-augmented framework
that deploys a team of cooperative LLM agents,
each specializing in a distinct analytical task:
evaluating historical performance, assessing
the credibility of guidance, or benchmarking
against peers. Agents retrieve structured ev-
idence from a Causal-Temporal Knowledge
Graph (CTKG) built from financial statements
and earnings calls, enabling grounded, context-
rich reasoning. This design mitigates LLM hal-
lucinations and produces more objective pre-
dictions. Without task-specific training, our
system achieves state-of-the-art zero-shot per-
formance across NASDAQ, NYSE, and MAEC
datasets, outperforming both larger LLMs and
fine-tuned models in macro-F1, MCC, and
Sharpe, beating market benchmarks (S&P 500
and Nasdaq) for the same forecasting horizon.
The complete code, datasets and prompts are
available at https://github.com/luweihai/
CARAG.

1 Introduction

Corporate earnings calls release a deluge of infor-
mation that profoundly influences financial markets
(Price et al., 2012). These events, featuring man-
agement’s results and guidance, trigger significant
single-day stock price movements. The rich, un-
structured data in these calls—including remarks,
Q&A, and forward-looking statements—presents a
formidable predictive modeling challenge (Chen
et al., 2022; Wu et al., 2023).
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With the remarkable success of deep learning in
various other tasks (Lu et al., 2025; Xie et al., 2026,
2025a; Lu and Yin, 2025; Cui et al., 2025), an in-
creasing body of research has integrated deep learn-
ing architectures into the domain of stock price pre-
diction based on earnings calls. As Transformer
models (Zhu et al., 2026) and pre-training tech-
niques achieve significant breakthroughs across di-
verse fields (Tong et al., 2025; Zhang et al., 2025),
existing methods in forecasting these price shocks
have evolved from lexicon-based sentiment anal-
ysis (Loughran and McDonald, 2011) to domain-
specific transformer models like FinBERT (Araci,
2019), and hierarchical transformers (Koval et al.,
2023). Recent literature shows that graph-based
encoders (Medya et al., 2022; Liu et al., 2024) ex-
cel in mapping hidden relationships between stocks
networks. While these models improved contextual
understanding, they cannot perform sequential log-
ical deduction or fuse insights from heterogeneous
sources. More recent approaches using Large Lan-
guage Models (LLMs) have shown promise to syn-
thesize information from disparate document types
(Chang et al., 2023; Ni et al., 2024). However,
when processing an earnings call transcript in isola-
tion, existing methods, including standalone LLMs,
face two fundamental challenges:

* Deficiencies in Temporal and Causal Rea-
soning. Standalone models are unable to
place new information in its proper historical
context. For instance, they cannot contextual-
ize a firm’s reported 16% sales growth against
its 55% growth in prior quarters, as was the
case for Five Below in Q4 2021. Furthermore,
they lack the capacity to independently ver-
ify management’s claimed drivers for perfor-
mance, often accepting narratives that are in-
tentionally managed to influence perception
(Li, 2010). This absence of structured rea-
soning (Cao et al., 2023), renders the model
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Figure 1: Left: Longitudinal comparison contrasts
Meta’s Q1-22 statement with prior quarters Right: Con-
textual comparison links Meta’s reported losses to Ap-
ple’s Q1-22 call, grounding causal explanations in ex-
ternal disclosures.

incapable of distinguishing genuine corporate
strength from a mere deceleration in growth.

* Monolithic Reasoning and Narrative Bias.
A single model processes information through
a monolithic lens, making it highly suscepti-
ble to polished narratives crafted by manage-
ment and inducing optimistic bias (Cui and
Zhai, 2023). It lacks the dynamic, critical
evaluation of human experts, who synthesize
insights from multiple angles—such as histori-
cal performance and peer comparison—to form
a robust, balanced judgment.

To overcome these limitations, we introduce
Context-Enriched Agentic RAG (CARAG), a
framework that mirrors the division of labor in
fundamental investing—specialists collaborate on
intrinsic valuation and discount-rate work, peer/rel-
ative valuation, and sector-level synthesis—by cou-
pling multi-agent orchestration with a structured
knowledge base (Kadan et al., 2012; Bradley et al.,
2017; Groysberg et al., 2013).

We first construct a Causal-Temporal Knowl-
edge Graph (CTKG) from historical financial
statements and past earnings calls to serve as the
long-term memory. Then, a swarm of specialist
LLM agents collaborates to analyze new earnings
calls. Each agent is assigned a distinct directive,
which evaluates historical performance, assesses
peer-level benchmarks, or reviews past guidance,
querying CTKG to ground their analysis. A final
synthesizer agent integrates these diverse analytical
memos to produce a single, context-aware predic-
tion.

The primary contributions of this work are as
follows:

1. We propose the Context-Enriched Agentic
RAG (CARAG) framework. To our knowl-
edge, this is the first study in this field that
integrates causal reasoning and temporal in-
ference to enhance the accuracy of stock price
prediction.

2. We propose the Causal-Temporal Knowl-
edge Graph (CTKG), which encodes finan-
cial data with temporal and causal structure.
We also introduce a Multi-Agent Reasoning
Framework that analyzes earnings calls from
diverse perspectives to reduce mono-model
reasoning bias.

3. We release a curated dataset linking thousands
of earnings call transcripts with matched finan-
cial statements and multi-horizon price move-
ments, forming a reproducible benchmark
for NLP-finance research.

4. On NASDAQ, NYSE, and MAEC datasets,
our zero-shot framework achieves state-of-the-
art results, outperforming large LLMSs, fine-
tuned encoder models, and audio-text align-
ment models in predicting price shocks. Fur-
thermore, our 2-year backtest yields an annu-
alized return of 36 percent and a Sharpe of
1.64 on a sample of 3158 calls.

2 Related Work

Earnings Call Price Prediction Predicting post-
earnings announcement drift (PEAD)-a market
anomaly where stock prices drift following an earn-
ings surprise (Ball and Brown, 1968)-have evolved
from early methods using sentiment dictionaries
(Stone et al., 1966; Loughran and McDonald, 2011)
and engineered transcript features (Chin and Fan,
2023) to more sophisticated machine-learning ar-
chitectures (Peng, 2025; Wang et al., 2025).
Transformer-based encoders like FinBERT ad-
vanced this analysis but were constrained by input
length, necessitating the truncation of long earnings
call transcripts (Araci, 2019; Huang et al., 2024).
Hierarchical models overcame this by segmenting
transcripts (Koval et al., 2023; Zaheer et al., 2020).
Other modern approaches leverage multitask learn-
ing to predict post-announcement drift (Zhu et al.,
2025) and integrate multimodal data sources for
intra-call predictions (Ghosh et al., 2025).
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More recently, graph-based models such as
StockGNN and ECHO-GL have been developed to
capture inter-firm relationships by creating concept
networks from call transcripts (Medya et al., 2022;
Liu et al., 2024).

Nevertheless, existing methods struggle with
multi-step reasoning and cross-source synthesis.
Our framework fuses earnings-call narratives with
structured financial data to enable temporal and
causal inference beyond monolithic models.

LLM Agents Parallel to the evolution of
Large Language Models (LLMs), multi-agent
frameworks have become increasingly prominent,
demonstrating significant efficacy across a diverse
range of applications (Zhang et al., 2025; Chen
et al., 2024; Wei et al., 2025a; Zhao et al., 2025;
Wei et al., 2025b; Xie et al., 2025b). LLM-driven
earnings-call prediction is at its nascent stage.
Early research (Chang et al., 2023) shows a raw
ChatGPT sentiment score in the [-10, 10] range
yields predictive power in forecasting the drift. Fur-
ther research showed improvement in accuracy
when LLMs in wide context jointly read transcripts,
ratios, and prices (Ni et al., 2024), but these stud-
ies exclusively use single shot prompts - without
applying retrieval, iteration, or agent cooperation.

Extensive research has explored the benefits of
cooperative agents equipped with shared mem-
ory and feedback mechanisms, both between and
within agents (Talebirad and Nadiri, 2023; Park
et al., 2023; Han et al., 2024; Guo et al., 2024,
Zhang et al., 2024; Gao et al., 2024; Xu et al.,
2025; Ji et al., 2025). Recent studies in other do-
mains, such as misinformation, have shown that re-
creation-augmented, role-specialized multi-agent
frameworks consistently outperform standalone
LLMs (Li et al., 2024). Systems such as OpenAGI
divide claims into subtasks, share the retrieved con-
text, and achieve state-of-the-art fact checking with-
out supervision (Zhang and Gao, 2023; Ge et al.,
2024). Multi-hop retrievers (MUSER) and graph-
aware GET further improve evidence grounding
(Liao et al., 2023; Xu et al., 2022). In the finan-
cial domain, GraphRAG (Barry et al., 2025) shows
gains in leveraging knowledge graphs with classi-
cal textual retrieval to reduce hallucinations and
improve efficiency in finance-centric QA tasks.

3 Methodology

3.1 Data Preparation of Inputs and Targets

Data Ingestion Our pipeline ingests two data
streams for each firm—quarter pair: first, we ingest
full transcripts (prepared remarks and Q&A) for
NYSE and NASDAQ firms, scraped from Seeking
Alpha, we also ingest structured data — finan-
cial statements : recent income, balance-sheet
and cash-flow statements spanning multiple quar-
ters, parsed from publicly available 10-K and 10-Q
filings on the SEC’s EDGAR database. The tran-
scripts and statement data are strictly sorted by
their publication dates. When the agent analyzes
quarter t, it has access only to transcripts and fun-
damentals dated < ¢. This ensures every prediction
1s made with a realistic information set, eliminat-
ing look-ahead bias. Statistics and details of the
fundamentals data can be found in I.

Prediction Target For an earnings call on trading
day T', we define the k-day forward return (for k €
{1,3,7,15,30}) as rp_y.oqk = (P50 / PSOS) —
1. The prediction target is the sign of this return,
y = sgn(rr_1.7+x) € {—1,1}. We task the Syn-
thesizer Agent with making a direct, zero-shot pre-
diction for enhanced explainability. It outputs a
confidence score s € [0, 10]. This score is then con-
verted to a binary prediction: 1 for scores greater
than 5, and -1 for scores of 5 or less. We evaluate
accuracy by comparing ¢ with y.

3.2 Mitigation of LLM Look-Ahead Bias

LLMs risk hindsight bias, where later knowledge
colors earlier interpretations—for instance, label-
ing NVIDIA’s 2019 call as bullish due to Ampere’s
eventual success, an outcome unknowable at the
time.

We mitigate leakage via named entity mask-
ing, replacing tokens for firms and products (e.g.,
NVIDIA, Ampere) with placeholders so the model
relies on fundamentals rather than brand or future-
informed cues (see Figure 2).

To address temporal leakage, we also test on
2,259 post-cutoff transcripts (Aug 2023-Dec 2024),
ensuring results are not biased by knowledge be-
yond the LLM’s training window (Appendix A).

3.3 Facts Extraction and Delegation

3.3.1 Facts Extraction

Traditional knowledge graph pipelines that produce
static triples (for example, CompanyA, has_CEO,
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# 2 . Facts Extraction and Delegation

Facts Agent Extract and Delegate Facts from Earnings
Calls to individual Agents

~

This quarter (2024-Q4), our Home Sales segment delivered
$573.5 million in revenue, while results indicate a further 2 %
reduction in net loss compared with the prior quarter. Most
importantly, we maintained break-even at the height of COVID

- Fact 1. Home Sales Revenue : $ 573.9 million ]

(g=)
Facts Fact 2. A reduction on net loss by 2% ]
Extraction and
Delegation
Agent Fact 3. Achieved break-even during COVID
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# 3 . Multi-Agent Reasoning

A cluster of 3 Agents respectively query the knowledge
graph for related Facts to interpret the delegated Fact

Q: Does the firm exhibit healthier financial
performance ? |

| {The sales this quarter ]
Historic Performance Agen

Q: Did the firm deliver on their promises
mentioned in the call last quarter ?

C] The firm promised to achieve a target
I @ of 20% reduction in losses last quarter,
Historic Earnings Agent but only achieved 2%

Q: How does the firm’s discussion compare to
similar firms this quarter ?

Value @ Ans: The firm (A) attributes slow growth
to COVID, but other firms in the same
or

industry (B) performed well

Reason
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Our Smart Homes product line, ..., CEO
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o
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Memory Recall ==
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|
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| 2024 Q2 $-37.2 Millions i remainder of the year is cautious. Direction: 6** (1-day returh of = -6.86%)

Q: You are a portfolio manager reading an earnings call transcript ‘
{transcript}, you are given {notes of the 3 agents}, and {memory}, assign a
confidence score from 0 — 10 on if the stock will fall / rise.

| predict that the stock price will drop. Direction: 3 ]

# 1. Data Preparation of Inputs and Targets

Mask entities with NER, extract and Index Facts into the
knowledge graph

#4. Hierarchical Synthesis and Prediction

The summative agent produces a Final Verdict over the call using
the memo produced by the 3 LLM Agents

Figure 2: CARAG. Modules cover retrieval, alignment, multi-agent reasoning, and prediction

John Doe) are ill-suited for the financial domain,
as they overlook the two most critical categories
of information in earnings calls: time-varying dy-
namics and causal claims. Statements like “this
quarter’s profit margin declined sequentially”
“revenue increased due to our new product launch”
are exactly the evidence analysts use to assess the
value of a firm. To capture this information, we
develop a Causal-Temporal Knowledge Graph
(CTKG) populated by a dedicated large-language
model.

Compared to a simple event index or a time-
series database, the unique advantage of the CTKG
is that it not only stores events and metrics but
explicitly captures causal relationships and tempo-
ral dependencies between events. This structured
semantics allows agents to perform deeper multi-
hop reasoning. In contrast, traditional time-series
databases merely store facts and lack the relational
structure necessary for reasoning.

A specialized Facts Extraction and Delegation
Agent orchestrates the creation of facts by parsing
unstructured text into structured output. A Fact is

a 5-tuple: f = (s,q, 7, i, v), whereby s stands for
ticker , ¢ stands for quarter, 7 is the fact’s type,
w is the financial metric and v is its value. Each
Fact is categorized by its nature—Result, Forward-
Looking, Risk Disclosure, Sentiment, or Macro—and
contains the specific metric (e.g., “Revenue”) and
its Value. Specifically, Result facts capture a con-
crete metric stated in an earnings-call transcript or
financial statement. We use financial statements to
supplement Result facts with quarter-over-quarter
(QoQ) or year-over-year (YoY) change.

Each Fact node is linked to its corresponding
Ticker and Quarter nodes. As shown in the
knowledge graph in the center of fig. 2, the His-
toric Performance and Historic Earnings Agents
anchor on Ticker A and traverse the graph longi-
tudinally backward along the green-colored time-
line of successive Quarter nodes (from 2024-Q4
to 2024-Q3) to construct a complete performance
history. The Competitor Agent starts instead from
a focal Quarter node, (2024-Q4), and fans out lat-
erally through the purple peer links to all tickers
that share that quarter (Firm B). The schema for the
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facts and the corresponding knowledge graph can
be found in the Appendix fig. 7. More examples of
facts can be found in J.

To model causality, a Fact is connected to a sep-
arate Reason node via an HAS_REASON relationship.
This Reason node serves a crucial dual function.
First, the node may store the exact justification
provided by the company’s management during an
earnings call. For instance, if management states
there is a “Positive outlook for continued growth”,
that exact phrase is captured as a Reason. Second,
the node can store the LLM’s own analytical inter-
pretation. For example, the LLM may paraphrase
“Phenomenal week learning from customers” in the
earnings call to a structured Reason: ‘Indicates a
positive sentiment towards customer relationships
and feedback.’

Each Fact node is stored in Neo4j, and its 1,536-
dimensional embedding is indexed for semantic
similarity searches. By separating the what (the
Fact node) from the why (the Reason node), we
encourage diversity in analysis. It allows agents
to query for all firms reporting a certain metric,
thereby enabling a meta-analysis of how different
management teams frame similar results.

3.3.2 Facts Delegation

Let each extracted fact be represented as f; =
(7i,¢;). Define a routing function: ¢ : F —
P(A), A = {AHP, AgEg, ACOMP} that
maps each fact to one or more downstream agents.
Each downstream agent works with a pre-filtered,
highly relevant stream of information. For exam-
ple, a fact of type “Result” (e.g., a reported revenue
figure) would be delegated to the Historic Perfor-
mance Agent, which compares it to the firm’s own
past results. In contrast, a “Forward-Looking” fact,
such as a management projection, would be routed
to the Historic Earnings Agent, tasked with as-
sessing the credibility and groundedness of man-
agerial claims, and such facts are prime candidates
for its scrutiny. Similarly, a “Risk Disclosure” fact
is sent to the Competitor Agent to determine if
the risk is firm-specific or sector-wide, and to the
Historic Earnings Agent to evaluate the specificity
and transparency of the disclosure.

3.4 Multi-Agent Reasoning

Operating in parallel, a cluster of three specialist
LLM agents query the CTKG to produce analytical
memoranda (Memos), which serve as inputs for a
final synthesis stage.

3.4.1 Historic Performance Agent.

The design of this agent is motivated by the prin-
ciple that the intrinsic value of a firm, as reflected
in its financial statements, serves as a long-term
anchor for its stock price (Ou and Penman, 1989).

For an extracted fact as the S-tuple:f =
(s,q,T, u,v), with semantic embedding is v € R,
Let H(s,p) = {f = (s,¢,7,p,0/) : ¢ <
q}, be the history of the same ticker—metric pair.
The agent defines cosine similarity o(v,v,) =
(v,v7)/(||v]|||v-]])- It then retrieves k most sim-
ilar historical records

k
Ni(f) = argtop (v, vp).
heH (s,m)

For a new fact f = (s, q, RESULT, i1, v) let f~1 =
(s,q—1,RESULT, 1, v~ 1) be the recent prior fact
having Type = Result with the same ticker s and
metric L.

Using the historical facts, the agent then pro-
duces a structured comparison that flags trend
shifts, contextualizing a firm’s current reported re-
sults against its own historical performance. The
agent computes the period-on-period change with
value v: Av = v —v1, 6 = %, then,
the agent scrutinizes reasons behind the change.
Define the mapping rho : F — R which assigns
to each extracted fact f € F its corresponding
REASON node = p(f) € R. The agent assesses
tuple (d¢, 7), by inspecting the reason r behind per-
formance, it flags instances where management’s
commentary fails to reconcile the current figure
with its historical benchmark. Citing an evidence
in our corpus, when Codexis (CDXS) reported a
FY-2019-Q4 gross margin of 47 %, the agent sur-
faced the prior-year figure of 51 % and correctly
highlighted a profitability erosion despite double-
digit top-line growth.

3.4.2 Historic Earnings Agent.

Grounded in classic attribution theory (Heider,
1958; Kelley, 1967), this agent operates on the
premise that management claims backed by ver-
ifiable, quantitative evidence are perceived as more
credible, and grounded statements elicit stronger
market reactions and analyst revisions than unsup-
ported rhetoric (Mayew et al., 2015).

Similar to the Historic Performance agent, the
Historic Earnings agent retrieves the k£ most similar
facts but differently, it retrieves all types of facts,
not limited to Type = Result. The Historic Earnings
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Agent is tasked with evaluating whether forward-
looking guidance from previous calls was beaten,
or missed. Citing another example, in Newmark
(NMRK) Q1-2021, management guided to 20 % to
25 % FY revenue growth yet delivered only 4.1 %
in the 1st quarter; the agent flagged a high risk of
under-delivery.

3.4.3 Competitor Analyst Agent.

A substantial body of empirical finance literature
establishes that industry and sector affiliations are
primary drivers of return comovement. Studies
show that factors in the global industry can ex-
plain more cross-sectional variance than geography
(Cavaglia et al., 2000; Baca et al., 2000; Heston
and Rouwenhorst, 1994; Moskowitz and Grinblatt,
1999).

Drawing on this principle, the Competitor Ana-
lyst Agent is designed to evaluate a firm’s perfor-
mance not in isolation, but in direct comparison
to its peers. Let U be the universe of tradable
firms and S = {s1,...,s11} the GICS sectors,
with each firm i € U tagged by o(i) € S. For a
focal firm ¢*, its sector peer set is P(i*) = {j €
U\ {i*} o(7) = o(i*)}. Consider the focal
fact f* = (i*, ¢*, pu, v*) with metric p. Its predi-
cate class collects all peer-firm facts for the same
quarter,

p(fY) ={f =0.¢" pv;) €F : je P>}

From this class the agent retrieves the k most
cosine-similar facts. It then forms the sector bench-
mark and computes the firm’s performance devi-
ation from the sector benchmark. The agent also
analogously derives information from verbal de-
scriptions and sentiment based facts.

3.5 Hierarchical Synthesis and Prediction

To integrate the specialist agents’ outputs, we intro-
duce a higher-level synthesizer agent that performs
meta-level reasoning. The synthesizer ingests the
analytical memos produced by the 3 agents and
maintains a rolling memory

He = {(gtfk; Tt—k, utfk)}szlv

where 3; 1 € R is the forecast it issued &k quarters
earlier, r;_, is the realised excess return, and u;_j
is the accompanying textual verdict. From this in-
formation the synthesizer produces two sentences:
(i) a summary that concisely states supporting ev-
idence; and (ii) a direction together with a confi-
dence score s; € [0, 10], where s, = 0 denotes the

strongest conviction of a price decline and s; = 10
denotes the strongest conviction of a price increase.

4 Experiments

4.1 Experimental Design

Dataset Curation To support full reproducibility,
we curate and release two new corpora of earnings
calls for companies listed on the NASDAQ and
NYSE, each paired with their corresponding finan-
cial statements. We use these datasets to bench-
mark our approach against text-only baselines.
They are provided in the supplementary material.

To evaluate the predictive power of financial fun-
damentals against audio signals, we benchmark
our framework against state-of-the-art audio-text
alignment models on the MAEC dataset (Li et al.,
2020). We replace the dataset’s audio tracks with
our quarter-matched financial statements, hold-
ing all other settings constant. This isolates the
performance contribution of financial-statement
grounding relative to acoustic alignment. De-
scriptive statistics for all datasets are provided in
table 1.

Baseline Model Families We benchmark against
two text-only baseline families across the NAS-
DAQ and NYSE datasets: (1) Zero-shot LLM
baselines with transcript-only input: These
include (a) the Loughran—-McDonald dictionary,
(b) GPT-40-mini, (c) GPT-3.5-turbo, (d) a two-
agent LangGraph pipeline (Wang and Duan, 2024)
that simulates analyst—critic interaction, and (e)
a Graph-of-Thoughts (GoT) variant (Zhou et al.,
2023) that expands reasoning by generating diverse
hypotheses and selecting the top-ranked output.
These baselines use no structured financial context
and operate solely on call transcripts. Lastly, we
ablate against a (f) wide-context ablation baseline:
a strong baseline that provides GPT-40-mini with
both transcripts and financial statements as input.

(2) Supervised text encoder baselines: These
include (a) FinBERT (Huang et al., 2024), a 110M-
parameter BERT variant trained on financial fil-
ings and transcripts, and (b) Hierarchical FinBERT
(Koval et al., 2023), which segments long tran-
scripts into sentence-aligned chunks (with L €
32,64, 128), encodes them via FinBERT, and ag-
gregates using a lightweight Transformer.

(3) Audio-text alignment models: The third
family of baselines comprises multimodal systems
designed to integrate acoustic and textual signals
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Table 1: Descriptive statistics of our curated NASDAQ and NYSE corpora and the MAEC corpora

Exchange Date span # Transcripts # Tickers Tmin Tmed Tmax
NASDAQ 2019-05-23 — 2023-02-09 1,772 507 1,416 7,059 8,061
NYSE 2019-05-21 — 2023-02-22 1,386 470 771 7,006 7,924
MAEC 2015-02-25 — 2018-06-21 2,725 963 420 1,994 9,081

Table 2: Multi-horizon Macro-F1 and MCC over 10 runs. Improvement is the differential between our model and

the best baseline; significance via paired ¢-test at 5%.

NASDAQ NYSE
F1 (%) MCC (%) F1 (%) MCC (%)
Method +1bd +3bd +7bd +15bd +30bd +1bd +3bd +7bd +15bd +30bd +1bd +3bd +7bd +15bd +30bd +1bd +3bd +7bd +15bd +30bd
LM 409 41.7 40.5 395 37.0 29 50 38 2.6 -04 444 444 445 447 424 83 77 65 55 34
40-mini 473 474 46.5 458 43.8 119 11.7 10.8 9.8 8.8 49.0 49.1 50.0 51.0 49.3 154 140 144 148 134
3.5-turbo 439 44.1 430 420 408 80 83 72 6.0 74 48.0 47.7 48.0 482 456 152 140 12.8 11.7 9.2
LangGraph  35.6 35.7 353 349 330 36 34 50 66 64 36.1 362 358 354 335 41 39 55 71 69
GoT 41.3 41.7 425 432 417 43 42 7.0 100 6.0 44.0 428 435 440 448 99 60 60 60 92
WideCtx 48.1 482 472 464 445 124 12.0 11.1 102 9.1 49.6 49.7 50.5 51.6 499 15.7 144 148 15.1 137
FinBERT 53.4 533 532 53.1 53.0 11.8 11.3 10.7 100 9.6 53.6 53.4 53.0 52.7 52.6 13.5 12.8 12.7 126 12.1
HierFinBERT 53.5 52.1 52.2 523 52.0 114 109 103 9.7 9.2 53.7 53.5 528 51.9 51.8 13.0 125 123 12.0 11.5
Ours 55.7 55.1 54.2 53.5 53.2 13.7 12.6 11.5 10.6 10.1 57.4 57.0 57.2 57.5 56.3 16.2 152 154 15.6 13.9
Improv. (%) +4.1 +3.4 +1.9 +0.8 +0.4 +10.5 +5.0 +3.6 +3.9 +52 +69 +6.5 +7.9 +9.1 +7.0 +3.2 +5.6 +4.1 +33 +1.5
(p)-value (%) 3.0 35 38 42 42 35 39 39 39 39 23 23 22 22 23 39 35 37 39 39

Panel B - MAEC benchmark — Comparison of our model against models that use audio data

F1 (%) MCC (%)

Method +1bd +3bd +7bd +15bd +30bd +1 bd +3 bd +7 bd +15 bd +30 bd
MDRM 48.7 52.0 51.0 53.7 559 19 28 27 28 63
StockGNN  53.0 51.1 52.0 526 552 40 43 50 64 6.0
ECHO-GL 544 543 544 549 573 67 63 60 67 69
Ours 58.7 579 57.0 552 57.6 17.6 16.0 140 88 10.0
Improv. 43 36 26 03 03 109 9.7 80 2.1 3.1
(p)-value (%) 2.2 23 3.0 42 42 37 37 37 30 23

from earnings calls. For this comparison, evalu-
ated on the MAEC dataset, we include: (a) MDRM
(Qin and Yang, 2019), a deep regression model that
fuses audio and transcript inputs; (b) StockGNN
(Medya et al., 2022), which employs a gated graph
neural network to model intra-transcript structure
via co-occurrence graphs; and (c) ECHO-GL (Liu
et al., 2024), a dynamic heterogeneous graph learn-
ing framework that links entities such as stocks,
sentences, and topics through attention-based ag-
gregation.

Model Configuration and Evaluation Each spe-
cialist agent in our framework is powered by GPT-
4o-mini. We demonstrate that a coordinated system
of these lightweight models achieve superior pre-
dictive accuracy compared to larger, monolithic
baselines. All model interactions employ deter-
ministic decoding by setting temperature = 0

and top_p = 1. During the retrieval step, each
of the three agents queries the five most similar
facts (k = 5) from the knowledge graph. For per-
formance benchmarking, we follow the methodol-
ogy of prior work (Liu et al., 2024) and use the
macro-F1 score and Matthews Correlation Coef-
ficient (MCC) as our primary evaluation criteria,
assessed across multiple forward-looking horizons.

Overall Performance Against Baselines Perfor-
mance comparison with text-only baseline families
for the NASDAQ and NYSE datasets are shown in
Panel A of table 2.

(01) Our model substantially outperforms
other zero-shot LLLMs in macro-F1, achieving
over a 17% improvement against a transcript-only
GPT-40-mini on both NASDAQ and NYSE. Cru-
cially, it also surpasses a strong wide-context base-
line that was given the same raw transcripts and
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financial statements. This demonstrates that the
performance gains stem not just from more data,
but from our framework’s structured reasoning: the
explicit temporal-causal extraction and multi-agent
synthesis via the CTKG provide complementary
predictive power beyond what is achievable with a
monolithic model and a large context window.

(02) Our model outperforms text-based en-
coder models. At the +1-day horizon, our
zero-shot agent surpass fine-tuned Hierarchical Fin-
BERT by +2.2 absolute F1 points (+4.1%) and +2.3
MCC (+20.2%) on NASDAQ and +3.7 absolute F1
points (+6.9%) and +3.2 MCC (+24.6%) on NYSE,
despite using no task-specific training.

Third, we benchmark our approach against
audio-text-alignment models, as shown in Panel
B of table 2.

(03) Financial fundamentals is a far more
potent predictor than acoustic cues As shown
in Panel-B of table 2, our zero-shot framework
now tops the strongest multimodal competitor,
ECHO-GL, at the +1-day horizon by +4.3 abso-
Iute F1 points (+7.9%) and +10.9 MCC points
(+162.7%). This margin is achieved even though
ECHO-GL-and every other baseline—is supervised
and specifically retrained for each forecast win-
dow, whereas our model remains zero-shot across
all horizons. The result highlights how ground-
ing language models in fundamental financial evi-
dence yields substantially richer predictive insight
than augmenting transcripts with acoustic features
alone.

Token Usage, Graph-Query Latency, and LLM
Latency The four-agent swarm incurs a median
inference cost of just $0.0040 per filing. Processing
for a complete filing completes in 157 seconds
on average. This speed profile supports real-time
usage. Full token usage and latency breakdown can
be found in Appendix 8.

Tackling Class Imbalance in Zero-Shot LLM
Forecasts When we only feed the GPT-40-mini
model with static transcript information, it attains a
respectable 54 % balanced-accuracy on NASDAQ
and 56% on NYSE, its macro-F1 drops to 47 %
and 49 %, respectively. A closer look at fig. 3 re-
veals that the transcript-only model over-predicts
positives (red) as management emphasizes posi-
tives and downplays negatives. Meanwhile, our
model (right) produces a more symmetric distri-
bution. To illustrate the root cause of the class
imbalance, we provide an example to contrast the

Variant NASDAQ NYSE MAEC

Full Model (Ours, ZS) 55.7 574 58.7

w/o HistoricPerformance 54.2 (| 2.7%) 55.6 (] 3.1%) 57.1 (1 2.7%)
w/o CompetitorAnalyst  55.3 (] 0.7%) 56.7 (] 1.2%) 58.1 ({ 1.0%)
w/o HistoricEarnings 54.8 (L 1.6%) 56.3 (L 1.9%) 57.7( 1.7%)
w/o KnowledgeGraph 543 (] 2.5%) 553 (] 3.7%) 56.8 (] 3.2%)
w/o Memory 5521 0.9%) 57.3( 0.2%) 58.4 (] 0.5%)

Table 3: Ablation study: Macro-F1 scores. Declines are
in red; improvements (if any) would appear in blue.

verdicts of a transcript-only baseline with those of
our agentic system in the Appendix B.

Transcript Only - NASDAQ (0-10) Ours - NASDAQ (0-10)
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Figure 3: Raw predictions, transcript-only against our
model

Ablation Study Table 3 reports the macro-F1
scores obtained after disabling each context module
in turn while keeping every other component intact.
The steepest decline occurs when the Knowledge
Graph is removed. Both Historic_Performance and
Historic_Earnings—also provide substantial lift. In
contrast, ablating either the short-term Memory
buffer or the Competitor_Analyst module causes
only marginal erosion. These results show that
graph-aligned context is essential, and temporally
grounded agents outperform cross-sectional com-
petitor cues.

To rigorously validate the necessity of the multi-
agent architecture, we expand our ablation study
to compare the full framework against monolithic
and weighted variants. Specifically, we evaluate:
(1) Single-Agent CTKG, where the synthesizer’s
prompt and all three specialist prompts are merged
into a unified instruction for a single model with
access to the graph; and (2) Weighted Synthesis,
where the final decision is a weighted average of di-
rectional scores (0—10) from the three agents rather
than a synthesized reasoning step.

Results in table 4 demonstrate that the CTKG-
only single-agent model consistently underper-
forms the full multi-agent framework, degrading
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Macro-F1 by 2.1% on NASDAQ and 2.4% on
MAEC. This suggests that role separation is cru-
cial; forcing a single context window to handle
historical baselining, peer comparison, and attribu-
tion simultaneously dilutes the reasoning quality.
Furthermore, the standalone performance of indi-
vidual agents (e.g., Only HistoricPerformance) lags
significantly behind the collective system, confirm-
ing that no single view is sufficient for market pre-
diction. Finally, the Weighted Synthesis strategy
yields inferior results compared to our hierarchical
textual synthesis, indicating that the synthesizer
agent adds value by resolving conflicts logically
rather than merely averaging numerical scores.

Table 4: Expanded ablation analysis comparing the Full
CARAG model against single-agent monolithic variants,
individual agent performance, and heuristic synthesis
strategies. Values denote Macro-F1 scores with relative
percentage decline in parentheses.

Variant NASDAQ NYSE MAEC
Full Model (Ours) 55.7 57.4 58.7
Architectural Variants

CTKG-only 54.5(( 2.1%)) 56.2((} 2.1%)) 57.3((} 2.4%))

Weighted Synthesis ~ 55.3 (] 0.7%)) 57.1 (1 0.5%)) 57.6 ({ 1.9%))

Standalone Agent
Only HistoricPerf.
Only Competitor
Only HistoricEarn.

544 (] 2.3%)) 55.1 (L 4.0%)) 57.2 (] 2.6%))
53.2((L 4.5%)) 542 ((] 5.6%)) 56.7 (| 3.4%))
54.1 (L 2.9%)) 54.9 (L 4.4%)) 57.1 (| 2.7%))

Backtest Results We run a backtest assuming
execution of signal computed using data on day
T at T+ 1. We find our strategy (blue) to yield
an annualized return of 35.83% and Sharpe of
1.64, beating transcript-only gpt-3.5-turbo (annu-
alized return of 13.64% and Sharpe of 0.64) and
LM dictionary (annualized return of -16.69% and
Sharpe of -0.47). Over the same period, the S&P
500 posted an annualized return of 1.80% with a
Sharpe ratio of 0.19, while Nasdaq recorded an
annualized return of -8.94% and a Sharpe ratio of
-0.24, beating market benchmarks (S&P 500 and
Nasdaq). The optimization algorithm used by the
backtest can be found in the Appendix .

5 Conclusion

In summary, we present the CARAG architec-
ture that couples specialist LLMs with a Causal—
Temporal Knowledge Graph to forecast post-
earnings price shocks. Experiments on NAS-
DAQ, NYSE, and MAEC corpora deliver consis-
tent macro-F1 and MCC improvements across mul-
tiple prediction horizons without task-specific fine-

1246-Day Rolling Sharpe (annualised)
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Figure 4: 2-year backtest on our dataset of 1772 NAS-
DAQ transcripts and 1386 NYSE transcripts

tuning, achieving a consistent and superior Sharpe
in 2-year backtest. Future work will scale the agent
swarm with larger open-source pretrained language
models and examine CTKG-aware pre-training to
further deepen temporal-causal reasoning. One
may also test appending a lightweight numerical
regressor to the Synthesizer’s output, producing en-
semble scores that combine symbolic and statistical
signals.

6 Limitations

While our proposed framework demonstrates
strong empirical performance, several limitations
remain.

First, our system was implemented under budget
constraints, relying exclusively on GPT-40-mini as
the backbone model. Although this choice high-
lights the efficiency and cost-effectiveness of our
approach, it precludes direct comparison against
open-source large language models, which may fa-
cilitate broader reproducibility and transparency.
Future work should evaluate the framework with
open-source backbones to better isolate the benefits
of the agentic architecture itself.

Second, our fact extraction pipeline assumes
management statements can be grounded against
structured fundamentals. In practice, validation
of extracted facts against ground truth at the time
of the call would require access to proprietary
vendor data (e.g., Compustat, IBES) that provide
benchmarked metrics. These datasets are not im-
mediately available at call release time, limiting
their utility for real-time prediction. While our
Causal-Temporal Knowledge Graph partially ad-
dresses this gap, a more rigorous fact-checking
pipeline remains an open challenge.
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A Results after model’s knowledge cut-off

To provide a more robust evaluation that completely
mitigates LLM lookahead bias, we repeat the ex-
periments after gpt-40-mini’s knowledge cut-off
(August 2023-December 2024, 2259 transcripts).
Results are reported separately for macro-F1 (ta-
ble 5) and MCC (table 6).

Table 5: Panel A1 — Macro-F1 (%) after GPT-40-mini
knowledge cut-off (August 2023—-December 2024, 2259
transcripts).

Method +1bd +3bd +7bd +15bd +30bd
LM 405 398 395 405 39.7
3.5-turbo 342 31.8 308 327 31.7
WideCtx 60.4 59.7 58.7 59.1 57.5
FinBERT 589 585 582 583 58.1
HierFinBERT 59.7 593 589 59.0 58.7
Ours 63.6 63.1 624 61.6 60.9
Improv. (%) +53 +5.7 +59 +42 +3.7

Table 6: Panel A2 — MCC (%) after GPT-40-mini knowl-
edge cut-off (August 2023—-December 2024, 2259 tran-
scripts).

Method +1bd +3bd +7bd +15bd +30bd
LM 9.7 8.5 7.8 8.7 54
3.5-turbo 8.5 7.0 6.4 6.4 5.2
WideCtx 27.5 259 20.0 203 17.5
FinBERT 225 220 215 217 20.9
HierFinBERT 23.6 23.0 22.6 228 21.9
Ours 28.6 27.7 264 24.0 22.6
Improv. (%) +4.0 +69 +16.8 +53 +3.2

The results after the gpt-40-mini knowledge
cut-off confirm that our framework’s improvements
are not an artifact of latent hindsight information.
Across both Macro-F1 (table 5) and MCC (table 6),
our method consistently outperforms all baselines
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by a non-trivial margin. Even under the stricter,
leakage-free evaluation regime, the CARAG main-
tains its advantage. The model’s performance edge
is attributable to its temporal—causal reasoning and
structured fact grounding, rather than to knowledge
embedded in the pretraining corpus.

B Explainability

To illustrate the root cause of class-imbalance, we
contrast the verdicts of the transcript-only baseline
with those of our agentic system for the MicroVi-
sion call (fig. 5), whereby the stock fell —29 %
the next trading day. The example shows that
transcript-only models tend to echo the upbeat lan-
guage of senior management and therefore overpre-
dict positive outcomes. In contrast, our framework
surfaces a widening net loss and increasing operat-
ing expenses, yielding a prediction that aligns with
the actual negative return (Direction score 4 vs. 8).

Transcript-Only Agent Ours

MicroVision Long Range Lidar Sensor
o Revenue @ Netincome + EBITDA

T

CFO 'y : “The engineeri
team, just days ago, completed the A-
Sample hardware and development
platform . This feat was
something that some said they couldn’t
do, much less do on schedule.”

CFO Commentary : “The result is a first-
quarter gross profit of $484,000 (...) our
net loss was $6.2 million

Historical Agent Surfaces : (2020-Q1)
Gross Profit: -$25,200, Net Profit: $215,460

Based on the positive outlook provided in the (...) with significant improvements in revenue
Verdict earnings call transcript, including and gross profit compared to the previous year,
achievements in automotive but a notable increase in net loss and operating
, potential impacts, and future  expenses. Given these factors, the stock price is
product roadmap, it is likely that the stock  likely to experience a slight decline as investors
price will increase (...). Direction : 8 digest the mixed results, Direction: 4

Figure 5: Case Study on the MicroVision (2021-Q1)
Call

C Hyperparameter Sensitivity

The highest macro—F} scores occur when each
agent retrieves five historical facts and five peer
facts in fig. 6. Increasing kpjs from 5 — 10 yields
small gains on the dense U.S. datasets, whereas
increasing kcomp beyond 5 slightly degrade perfor-
mance on MAEC, as shown in fig. 6.
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Figure 6: Hyperparameter Sensitivity across all datasets

D Details of the Backtest

We evaluate the predictive signals in a simulated
trading strategy that is strictly market neutral.
Specifically, we run a backtest assuming execution
of signals computed using information available on
day T at T'+ 1. The optimizer is implemented in
MOSEK and solves a second-order cone program
(SOCP) that balances expected return against risk
under explicit neutrality and exposure constraints.

We estimate a diagonal covariance matrix for
individual stock risk over a half-year look-back
window, denoted X;,. Writing >, = Lth for its
Cholesky factorization, the daily portfolio x5 €
RY is obtained from:

max pﬁxh
Xp

s.t. 1Txh =0 (market neutrality),

|Lpxpll2 < 0 (ex-ante volatility cap),

[xnll1 < G* (gross-exposure cap),

The neutrality constraint 17 x;, = 0 ensures the
portfolio maintains zero net market exposure on
every trading day. This eliminates systematic beta,
so portfolio performance reflects only the alpha in
the signals rather than coincidental market direc-
tion. The gross-exposure cap limits leverage, while
the ex-ante volatility cap provides risk control by
bounding total portfolio risk ex ante.

We set 0* = 10% and G* = 200%. This con-
figuration yields a long—short, dollar-neutral, risk-
managed strategy. By design, it isolates predictive
content in the signals: any excess return or Sharpe
ratio achieved cannot be attributed to passive mar-
ket drift, but must stem from the model’s ability to
anticipate cross-sectional return differences.

E Facts and Knowledge Graph Schemas

Figure 7: An example of a Result Fact for Axon (ticker:
AXON) from Q4 2023.

Key Value

embedding [-0.0115..., 0.0115...]

metric "Annual Recurring Revenue (ARR)"
quarter "2023-Q4"

ticker "AXON"

type "Result”

value "USD 697 million”
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Each Fact node is associated with both a Ticker
and a Quarter node, ensuring temporal and firm-
level alignment. The schema defines six relation-
ship types. The REPORTS_IN edge connects a ticker
to a quarter, while HAS_FACT links a quarter to
its reported facts. Each fact is connected back to
the firm through the FOR_FIRM relationship and to
its corresponding value via HAS_VALUE. Explana-
tory context is preserved through EXPLAINED_BY,
which links a fact to its reason node. Finally,
QoQ_COMPARES relates facts across consecutive
quarters for the same metric, annotated with a per-
centage change attribute (delta_pct) to capture
quarter-over-quarter dynamics.

E.1 CTKG Topology and Construction

To quantify the richness of the structured long-term
memory, we analyze the topological properties
of the constructed Causal-Temporal Knowledge
Graph. The CTKG transforms unstructured tran-
scripts into a dense network of financial logic. As
detailed in table 7, the graph encodes hundreds
of thousands of nodes across the three datasets.
Specifically, the MAEC graph is the most exten-
sive, containing over 400,000 nodes and 440,000

edges.

The graph construction process explicitly mod-
els dependencies. Node-level features capture
discrete entities such as Facts, Reasons, and
Metrics, while Link-level features (Edges) map
the relational structure, such as causal attribu-
tions (EXPLAINED_BY) and temporal grounding
(REPORTS_IN). The density of HAS_REASON edges
(equal to the number of Facts) ensures that every
quantitative claim is semantically grounded in qual-
itative management commentary.

F Latency Benchmarking

Agent Input Output Graph-Query LLM
(tokens) (tokens) (sec) (sec)
CompetitorAnalyst 719 653 38.6 3.8
HistoricPerformance 1,160 715 49.1 11.8
HistoricEarnings 1,012 444 16.3 6.4
Main_Agent 15,580 242 26.6 4.7
Total 18,471 2,054 130.6 26.7

Table 8: Per-earnings-call tokens and median latencies

G Datasets Contributed

This work contributes several new datasets for earn-
ings call analysis. The full datasets will be open-
sourced upon the acceptance of the paper, currently,
a selection of them is included in the supplemen-
tary material. They include - Enhanced Earnings
Call Datasets, a curated collection of 1,386 earn-
ings calls from NYSE-listed companies is available,
with each record containing the full transcript, asso-
ciated quarterly financial data, and labels indicating
post-earnings price movements. A parallel dataset
containing 1,772 earnings calls from NASDAQ-
listed companies can also be found.

G.1 Financial Statements

Complementing the earnings-call data is a com-
prehensive Financial Statements Directory, which
contains quarterly financial data for all companies
represented in the call datasets, covering over 1,500
unique tickers with as much as 20 years of histori-
cal data for each. For every company, three funda-
mental financial statements are provided, offering
a holistic view of financial health. These include
the income statement (_income_statement.csv),
which details revenues, costs, and profitability;
the balance sheet (_balance_sheet.csv), which
outlines assets, liabilities, and equity; and the
cash-flow statement (_cash_flow_statement.csv),
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Table 7: Topological statistics of the constructed Causal-Temporal Knowledge Graph (CTKG). The table details
node cardinality (Panel A) and relational edge distributions (Panel B).

Panel A: Node Level Features

Dataset Transcripts Tickers Facts Reasons Values Metrics Quarters Total Nodes
NASDAQ 1,772 507 79,775 44,300 79,775 79,775 18 285,922
NYSE 1,386 470 55,738 34,650 55,738 55,738 18 203,738
MAEC 2,725 963 109,417 68,125 109,417 109,417 20 400,084
Panel B: Edge Level Features (Links)
Dataset FOR_FIRM HAS_VALUE EXPLAINED_BY HAS FACT REPORTS_IN - Total Links
NASDAQ 79,775 79,775 79,775 79,775 1,772 - 320,872
NYSE 55,738 55,738 55,738 55,738 1,386 - 224,338
MAEC 109,417 109,417 109,417 109,417 2,725 - 440,393

which reports on operating, investing, and financ-

ing activities.

H Agent Prompt Templates

The following sections reproduce the exact prompts
supplied to each specialist agent. Placeholders in
curly braces (e.g., {self_ticker}) are populated

at runtime.

H.1 Fact Extraction Agent

Keep your analysis concise. Do not discuss areas not
mentioned.

H.3 Historical Earnings Agent

Fact Extraction Agent

You are a financial analyst tasked with extracting struc-
tured facts from a company’s earnings call transcript.
Company Ticker: {ticker}

Quarter: {quarter}

Transcript Text: {raw_text}

TASK:

1. Read the text and identify all quantifiable
statements, key performance indicators (KPIs),
forward-looking guidance, and qualitative as-
sessments of performance.

2. For each identified statement, create a JSON
object with the keys: ‘statement®, ‘metric®,
‘value‘, and ‘type‘.

Your output must be a JSON list of these structured
fact objects.

J

H.2 Comparative Peers Agent

-

Historical Earnings Agent

You are analyzing a company’s earnings call transcript
against its own past earnings calls.

Current Facts: {json.dumps(fact, indent=2)}
Current Quarter: {current_quarter}

Historical Facts: {json.dumps(related_facts,
indent=2)}

Your Task:

1. Validate Past Guidance: For every forward-
looking statement from past quarters, state if
the firm met, beat, or missed that guidance in
{current_quarter}. Reference concrete num-
bers (e.g., “Revenue growth was 12% vs. the
10% guided in 2024-Q3”).

2. Compare Results: Compare the current results
being discussed to historical ones, referencing
concrete numbers.

3. Provide Evidence: Format each evidence line
as:
* metric: historical statement — current result.

4. Highlight Unexpected Outcomes: Identify
where management did not address an impor-
tant historical comparison or where results di-
verged sharply from trends. Explain why this
matters.

%

Comparative Peers Agent H.4 Financials-Statement Agent

You are analyzing a company’s earnings call transcript
alongside statements made by similar firms.

Firm Ticker: {self_ticker}

Firm’s Facts: {json.dumps(facts, indent=2)}
Peer_Facts: {json.dumps(related_facts,
indent=2)}

Your Task:

* Describe how the firm’s reasoning about its own
performance differs from other firms, for each

fact if possible.

¢ Cite factual evidence from historical calls.
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Financials-Statement Agent

You are reviewing a company’s earnings call transcript
and comparing a key fact to its historical financial
statements.

Current Fact from quarter: {json.dumps(fact,
indent=2)}

Similar Past Facts: {json.dumps(similar_facts,
indent=2)}

Your Tasks:

* Direct Comparison: Compare the current fact
to each past fact. Note the quarter, metric, and




value. Highlight trends.

¢ Supported Outcomes: Identify where manage-
ment’s comments are confirmed by the financial
data.

¢ Unexpected Outcomes: Highlight results that
management did not address or that diverge
from historical trends. Explain the importance
to investors.

Focus on improvements in bottom-line performance
(e.g., net income). Note: Figures may be stated in ten-
thousands (wan) or hundreds of millions (yi). Account
for these scale differences.

- J
H.5 Synthesis & Prediction Agent

Synthesis & Prediction Agent

You are the final arbiter in a multi-agent financial anal-
ysis system. Synthesize findings from three specialist
agents to predict the stock price reaction.

Analyses Received:

¢ Pee Analysis: {peer_analysis_summary}

« HistoricalAnalysis:
{historical_analysis_summary}

¢ FinancialsAnalysis:
{financials_analysis_summary}

TASK:

1. Synthesize Findings: Write a one-paragraph
executive summary integrating insights from all
three analyses.

2. Identify Key Drivers: List the top 3-5 critical
factors (positive or negative) that will likely
influence investor sentiment.

3. Predict Price Shock: Based on the evidence,
classify the outcome as: ‘Positive Shock®,
‘Negative Shock‘, or ‘Neutral‘.

4. Justify Prediction: Provide a concise,
evidence-based rationale for your prediction,
referencing specific agent analyses.

N /

I Key Metrics Extracted from the
Financial Statements

To keep the structured input tractable yet economi-
cally comprehensive, we distill the ~15 line-items
available in each quarterly balance sheet, income
statement, and cash-flow statement down to fifteen
core metrics (table 9). These metrics gives the
swarm of agents an information-rich view of firm
fundamentals that can be compared longitudinally
and cross-sectionally within the Causal-Temporal
Knowledge Graph. These metrics are embedded as
Fact nodes in the CTKG and linked to their respec-

tive Quarter and Ticker nodes, allowing agents to
reason over temporal trends and peer benchmarks
when forming price-move predictions.

Economic theme Line-items ingested

Balance-sheet strength Cash and cash equivalents; Ac-
counts receivable; Inventory;
Property, plant and equipment;
Short-term debt; Total current
liabilities; Total liabilities; To-
tal shareholders’ equity

Net profit; Gross profit; Depre-
ciation and amortization

Net cash flow from operating
activities; Net cash flow from
investing activities; Net cash
flow from financing activities
Diluted earnings per share
(common stock)

Profitability & margins

Cash-flow drivers

Per-share performance

Table 9: Unified set of fifteen financial-statement met-
rics passed to downstream reasoning agents.

J Example Facts Extracted from
Earnings Call

Below we provide an example of facts extracted
from a single earnings call (ALTO, 2023-Q3) from
the fact extraction agent. For each fact we report
the rype and the agents it is routed to. We provide
around 1000 of such calls with associated facts in
the supplementary information.

* Adjusted EBITDA: $4.7 million. Type: Re-
sult. Agents: Historic Performance. Reason:
Positive adjusted EBITDA compared to nega-
tive $20.6 million in 2022.

* Gross Profit: Improved over the same pe-
riod in 2022. Type: Result. Agents: Historic
Performance. Reason: Due to strong crush
margins.

* Production Volumes: Lower than anticipated.
Type: Result. Agents: Historic Performance.
Reason: Due to unusually high unscheduled
downtime.

* Specialty Alcohol Sales: 85 million gallons.
Type: Result. Agents: Historic Performance.
Reason: Tracking closer to this figure despite
lower consumer demand.

» Corn Basis Levels: Increased by $0.31 vs.
prior period. Type: Result. Agents: Historic
Performance. Reason: Illustrates a sharp in-
crease sequentially.
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* Derivative Losses: $3.7 million. Type: Re-
sult. Agents: Historic Performance. Reason:
Resulted from adverse impacts on hedging
strategy.

Annual Adjusted EBITDA Target (mid-
2026): Over $65 million. Type: Forward-
Looking. Agents: Historic Earnings. Reason:
Completion of near-term projects.

Annual Adjusted EBITDA Target (2027):
Approximately $125 million. Type: Forward-
Looking. Agents: Historic Earnings. Reason:
Yeast, CCS, and other long-term initiatives.

* 2024 Contracting Season: On pace to ex-
ceed 2023 delivered gallons. Type: Forward-
Looking. Agents: Historic Earnings. Reason:
At premiums to fuel-grade ethanol.

Specialty Alcohol Sales (2024): Targeting
90 million gallons. Type: Forward-Looking.
Agents: Historic Earnings. Reason: Based on
current contracting progress.

Repair and Maintenance Costs: Significant
increases incurred. Type: Risk Disclosure.
Agents: Competitor Analyst, Historic Earn-
ings. Reason: Adversely impacted production
volumes.

L]

Supply Chain Constraints: Materially im-
pacted installation costs. Type: Risk Disclo-
sure. Agents: Competitor Analyst, Historic
Earnings. Reason: Increases of over 70%
from original estimates.

Capital Market Environment: Challenging.
Type: Risk Disclosure. Agents: Competitor
Analyst, Historic Earnings. Reason: Affecting
project funding and prioritization.

Customer Demand: Lower than expected.
Type: Risk Disclosure. Agents: Competitor
Analyst, Historic Earnings. Reason: Impact-
ing sales and profitability.

Overall Tone: Positive. Type: Sentiment.
Agents: None (kept for synthesis). Reason:
“We remain enthusiastic about our prospects
and confident in our long-term growth strat-

ER]

cgy.

* Management’s Confidence: Optimistic.
Type: Sentiment. Agents: None (kept for syn-
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thesis). Reason: “We continue to chip away
at it and make good progress.”

* Economic Environment: Current conditions
affecting timelines. Type: Macro. Agents:
None (context only). Reason: “Based on the
current economic environment.”

* Market Demand: Reflective of buyers man-
aging inventory. Type: Macro. Agents: None
(context only). Reason: “Customer commit-
ments are not solely based on market de-
mand.”

* Winter Buying Patterns: Deep seasonal de-
cline from Q3. Type: Macro. Agents: None
(context only). Reason: Seasonal trends af-
fecting sales.

» Cash Flow from Operations: $23 million.
Type: Result. Agents: Historic Performance.
Reason: Reported for the third quarter.

* Quarterly Capital Spend: $7 million. Type:
Result. Agents: Historic Performance. Rea-
son: Year-to-date plant investment totaled $25
million.

» Cash Balance: $26 million. Type: Result.
Agents: Historic Performance. Reason: As of
September 30, 2023.

 Total Loan Borrowing Availability: $118
million. Type: Result. Agents: Historic Per-
formance. Reason: To support business oper-
ations and growth.

 Operating Line of Credit: $53 million. Type:
Result. Agents: Historic Performance. Rea-
son: Part of total loan borrowing availability.

* Term Loan Facility: $40 million. Type: Re-
sult. Agents: Historic Performance. Reason:
Part of total loan borrowing availability.

 Additional Loan Request Option: Up to $25
million. Type: Result. Agents: Historic Per-
formance. Reason: Available for operations.

* Future Uptime and Reliability: Expected
benefits from repairs. Type: Forward-
Looking. Agents: Historic Earnings. Reason:
Completed during the quarter.

* Operational Challenges: Intermittent. Type:
Risk Disclosure. Agents: Competitor Analyst,



Historic Earnings. Reason: Subject to various
market challenges.

e Corn Qil Yield Improvements: Achieved at
Pekin dry mill. Type: Result. Agents: His-
toric Performance. Reason: Through process
optimization unique to ICM design.

¢ Carbon Capture and Sequestration Project:
Progressing with partner. Type: Forward-
Looking. Agents: Historic Earnings. Reason:
Designing pipeline and sequestration system.

K Example Analysis from the Synthesis
and Prediction Agent

Below we provide an example of input from a sin-
gle earnings call (ALTO, 2023-Q2) ingested into
the final synthesis and prediction agent.

Direct Comparison The current facts show an
adjusted EBITDA of $16 million, positive operat-
ing cash flow, production capacity utilization of
81%, a cash balance of $23 million, and total loan
borrowing availability of up to $114 million. These
figures reflect operational strength and improved
liquidity.

Most Similar Past Facts Past performance pro-
vides useful context. Net cash flow from financ-
ing activities was negative at -$221.50 thousand,
which marks a shift towards better cash flow man-
agement. Net profit stood at $22.11 million, higher
than the current adjusted EBITDA of $16 million,
underscoring profitability as an ongoing challenge.
Diluted earnings per share was 0.30, suggesting
continued focus on profitability. Operating costs
of $353 million highlight the scale of expenses
relative to EBITDA. Cash and cash equivalents of
$21.20 million were lower than today’s $23 million,
signaling stronger liquidity. Gross profit was $8.85
million, considerably below the current EBITDA,
showing improved efficiency. Net cash flow from
operating activities was $9.64 million, while to-
day’s positive figure indicates better cash gener-
ation. Finally, total current liabilities of $14.94
million contextualize obligations relative to liquid-

ity.

Notable Trends The increase in cash balance
from $21.20 million to $23 million points to im-
proved liquidity management. The shift to posi-
tive operating cash flow reflects greater efficiency,
while adjusted EBITDA growth indicates stronger

operations, though still below historical net profit
levels.

Supported Outcomes Management’s emphasis
on achieving positive operating cash flow is val-
idated by these results. Confidence in EBITDA
improvements is also justified, though there is still
room to enhance profitability.

Validate Past Guidance Forward-looking state-
ments projected over $65 million in incremental
annual EBITDA from capital projects by 2025, and
approximately $125 million from CCS and other
initiatives by 2026. While not directly comparable
to current figures, ongoing projects and initiatives
suggest progress toward these goals.

Compare Results Discussed Operating cash
flow is positive in 2023 compared to $9.64 mil-
lion in 2022. Net income is also positive, showing
an improvement over the $22.11 million recorded
in 2022. Capital expenditures reached $8 million,
a substantial investment indicating focus on trans-
formation.

Supporting Evidence Operating cash flow im-
proved from $9.64 million to positive in 2023. Net
profit also improved from $22.11 million to posi-
tive net income. Capital expenditures of $8 million
highlight a commitment to long-term transforma-
tion.

Analysis vs. Comparable Firms ALTO empha-
sizes optimism and leadership transition, unlike
peers that rely primarily on financial reporting.
Regulatory alignment under the Low Carbon Fuel
Standard is framed as a long-term advantage, while
peers stress immediate financial impacts. Infla-
tionary pressures and rising corn prices are openly
acknowledged by ALTO, unlike peers. Market dis-
cipline is highlighted as margin support, whereas
peers omit it. ALTO communicates with a positive
tone, in contrast with peers’ results-driven style.
CapEXx is framed as transformational, with empha-
sis on year-to-date investments, while peers provide
little discussion. ALTO also highlights share repur-
chases as part of capital strategy, a theme absent in
peer reporting.

Conclusion ALTO highlights management senti-
ment, strategic investments, and market conditions,
distinguishing itself from peers who focus narrowly
on financial results. The company delivered ad-
justed EBITDA of $16 million, capacity utilization
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of 81%, and positive operating cash flow in 2023.
Management’s optimism, combined with capital
projects and favorable regulatory shifts, suggests a
positive trajectory for earnings growth.
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