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OPHUHAHCOBOI'O ITPOI'HO3UPOBAHMUS: TOYHOCTD,
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Annomauus. Llenv uccnedosanus — paszpabomams npogepsaemyo cxemy
OYyeHKUu Oonbuux A3bIK08vix mooeneu (bBAM), npumensemvix 6 ¢hunancosom
npocrozuposanuu. IIpoeedén yenegol CpPABHUMENbHLIL —AHAIU3  BOCHMU
onyonuKo8anuvix pabom o gunancosvix BAM, npoecnozuposanuu u earuoayuu
Modenell; agmopcKue IKCNePUMEHmbl ¢ BPEMEHHbIMU PAOAMU He NPOBOOUTUCD.
Ananuz oaém 6 Kauecmee umoaa cxemy OYeHKU no mpém napamempam (puck
MoOenu, YCMoOUudusoCmy K NepeMeHam YCIo8ull U MOYHOCMb NpOcHO3a) U
mampuyy ucmouyHukos. Hccneoosanus noxazanu: cmagums 6 OOUH PO
pe3yibmamol, NOJLYYeHHble NPU UHBIX HAOOPAX OAHHbIX, BDEMEHHbIX 20PU3OHMAX
UNU YeleBblX NepeMEeHHbIX, He NPUXOOUMCS, PABHO KAK U 2080PUMb O Kayecmee
bAIM, onupasce na mo, umo Oarom 2ubpuonvie molderu 6e3 Heé. B
npeonazaemol cxeme 3AN0JCEHbL Me MUHUMATIbHble OaHHble, KOMOopble
NO360JISII0OM NPOBECMU CPABHEHUE HA 80CNPOUIBOOUMOU OCHO8E U Y8Udemb, 00
KAKUX NOP MOJICHO 00BEPSIMb 8bl800AM U3 UMEIOWELLCSL TUMEePAmypbl.

Kntouesvie cnosa: Oonvuiue  A3biKosble  Mooenu,  QuHancosoe
NPOCHO3UPOBAHUE;, MOYHOCMb NPOSHO3A, YCMOUYUBOCHb, MOOENbHbIU DUCK,

BANUOAYU.
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EVALUATING LARGE LANGUAGE MODELS FOR FINANCIAL
FORECASTING: ACCURACY, ROBUSTNESS, AND MODEL RISK

Abstract. This study develops an auditable framework for evaluating
large language models (LLMs) used in financial forecasting. We compared
eight selected publications on financial LLMs, forecasting methods, and model
validation, no original time-series experiment was conducted. The analysis
produces a source matrix and a three-part framework addressing predictive
accuracy, robustness under changing conditions, and model risk. Findings from
studies with different targets, horizons, and datasets cannot be pooled into a
common ranking, and results for non-LLM hybrid models do not measure LLM
performance. The framework puts comparisons on a reproducible footing, it
specifies the minimum required information and clarifies the boundaries of the
evidence under review.

Keywords: large language models; financial forecasting, forecast

accuracy; robustness,; model risk; validation.

1. INTRODUCTION

Financial institutions often use unstructured text, such as news or
company disclosures, alongside numerical time series. A large language model
may produce a classification or signal from this material, but careful reading of
the text is no substitute for a foolproof forecast of the markets. For that, the
measure of success, the benchmark, and what information is available when a

decision is made must be put forward on their own terms.
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Recent work shows both the difficulties and the potential. Lopez-Lira and
Tang (2026) examined the predictability of stock returns from the news; Xie et
al. (2024) then put financial LLMs through their paces on a variety of tasks and
concluded that forecasting is no easy matter.

What sets an LLM apart from other predictive architectures is key. Even
without a language model, the decomposition-and-LSTM system can deliver
formidable forecasting. One might use the hybrid methods proposed by Dong
and Zhou (2024) or Ozupek et al. (2024) as a baseline, but they should not be
presented as LLM test results. FinGPT is an open-source framework that
prepares financial text and data (Yang et al., 2023).

What then is needed to put an LLM forecast in finance to the test on its
accuracy, model risk, and robustness? The challenge is how to make such an
assessment without mixing evidence from one class of models or task with
another. This paper contributes a source-to-claim matrix and a reporting
framework that separates these three dimensions. It is a focused methodological

analysis, not a claim that the reviewed studies prove one model class superior.
2. MATERIALS AND METHODS

2.1. Research design

We conducted a focused comparative review of a purposive set of eight
publications. This review is not a systematic review or meta-analysis: we did not
conduct exhaustive database search, pool effect estimates, or train independent
models. Its unit of analysis is a published study and the particular claim that
study can support. We distinguished three source roles before synthesis: direct
LLM evaluation in finance; non-LLM forecasting comparators; and general

methodological work on Al or financial model validation.

2.2. Source selection and extraction

The set contains three direct financial-LLM sources (Lopez-Lira & Tang,

2026; Xie et al.,, 2024; Yang et al., 2023), two non-LLM forecasting
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comparators (Dong & Zhou, 2024; Ozupek et al., 2024), and three contextual or
validation sources (Cao, 2022; Cummins et al., 2023; Remlinger et al., 2023).
We selected sources that address at least one of the following: a financial LLM
application, a financial forecasting benchmark, or the validation of predictive
financial models. We excluded studies from unrelated application domains as
evidence for financial forecasting. We extracted only claims relevant to the
source’s actual task.

For each publication, we extracted the following fields: model class,
financial task, type of input, target forecast and horizon (if applicable),
evaluation design, comparison baseline, robustness evidence, and model-risk
implications. We used “Not established by this source” whenever the
publication did not directly test a proposed claim. This prevents an application
paper or a general discussion of Al from being misrepresented as a controlled

LLM forecasting benchmark.

2.3. Evaluation procedure

Accuracy was defined relative to the specified prediction target.
Directional stock-movement classification may use balanced accuracy or related
classification measures; continuous price or return forecasts may use MAE or
RMSE after disclosing the output scale. These metrics are examples of what a
future experiment might report; we did not compute any new metric here.
Benchmark comparison requires identical assets, observation periods, target
definitions, decision timestamps, and forecast horizons.

We assessed robustness by how far a study reports performance under
changes in sample period, market regime, text source, prompt formulation, or
missing/noisy inputs. We assessed model risk through disclosures relevant to
information leakage, model/data drift, interpretability, reproducibility,
validation, and human oversight. We marked a source as offering direct
evidence only for a condition it examined. The authors assigned no numeric

robustness or risk scores.
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2.4. Comparability and scope

The authors did not numerically compare reported errors across studies. A
lower RMSE does not imply superiority if the series, units, horizon, or test
windows differ. Financial sentiment classification, stock-return prediction, and a
general financial question-answering benchmark are different tasks. Likewise,
we used non-LLM hybrids only to specify candidate baselines. The literature
selection is intentionally small; conclusions are restricted to the studies and task

distinctions set out below.
3. RESULTS

3.1. Source-to-claim matrix

Table 1 records which role each source can legitimately play in the

analysis. It reports no invented performance values. The classifications result

from applying the source-role and task criteria described in Section 2.

Table 1. Role of the reviewed publications in evaluating LLM-based

Publication

Lopez-Lira &
Tang (2026).

Xie et al.
(2024).

Yang et al.
(2023)

Dong & Zhou
(2024); Ozupek
et al. (2024)

financial forecasting

Model and task

Stock return and
reaction prediction
from the news

Forecasting and other
financial LLM work
with FinBen

The FinGPT
framework for an LLM
in finance, together
with its data pipeline

Time-series models of
a non-LLM hybrid
nature

Permitted inference

The evidence for LLM forecasting is
limited to the news task at hand; it does

not serve as a market benchmark of any
kind.

You will find a direct cross-task LLM
benchmark here, but do not conflate
stock-return studies with task-specific
scores.

As for architecture and data curation,
there is no general case for better forecast
returns.

Some comparators may be used in
forecasting, yet their results are not due to
the LLMs.
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Publication Model and task Permitted inference

Cao (2022); e What is offered is context on risk controls
. Model validation in the .
Cummins et al. financial sector via Al and deployment, not a straight test of
(2023) LLM forecasts.
The use of expert In short, a concept for comparison,

Remlinger et

al. (2023). aggregation to forecast nothing more than an evaluation of the

in finance LLM.

One can see a category error in the manuscript as it was previously put
forward. In that iteration, hybrid time-series models were put on a par with
LLMs, and numerical scores unrelated to one another were juxtaposed. Do away
with them and what is left is a more circumscribed result, yet one that can be
audited; 1t offers direct evidence for some LLM financial tasks where there is no

basis for a common ranking of every architecture under review.

3.2. Accuracy and task definition

In their 2026 paper, Lopez-Lira and Tang examine the stock market’s
reaction to firm-specific news headlines as an LLM would. They define the task
as a text-based prediction exercise. Then Xie et al. (2024) put 21 LLMs through
their paces on 42 datasets and 24 financial tasks; they find LLMs do not fare as
well on forecasting and other complex work as they do on information
extraction or textual analysis. One need not see these as at odds, since the
scoring, data, and targets differ. Neither study authorizes importing an error
value from a hybrid price-series model as a score for ChatGPT or FinGPT.

A valid accuracy claim therefore needs four labels next to any numerical
result: the target (for example, direction rather than price), horizon, test period,
and baseline. It should also state whether an LLM produced the output directly
or whether a separate forecasting model used LLM-derived text features. The
reviewed sources establish the necessity of this distinction; the present article

does not estimate a new accuracy rate.
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3.3. Robustness and risk controls

The rapid evolution of financial information demands a current, well-
constructed data pipeline, as Yang et al. (2023) note in their FinGPT study. As
Xie et al. (2024) argue, assessing performance on any one task is insufficient;
after all, the capabilities tested by language understanding are not the same as
those for decision-making or forecasting. Sensitivity checks on inputs and
prompts, out-of-period evaluation, and open handling of new market conditions
are needed. This article puts forward such measures as requirements rather than
stress tests.

One must also be mindful of uncertainty in model parameters and their
distribution when validating a financial model (Cummins et al., 2023). When the
forecast is LLM-assisted, an additional practical control is auditing the
information at hand. It is incumbent that every piece of data, be it an article,
filing, or a feature derived from the market, was in existence prior to the time of
the simulated decision. Any impressive outcome hinging on information made
public after the fact would not prove a model’s utility for forecasting. Human
review and documented model updates remain relevant when an output supports

a consequential financial decision (Cao, 2022).

3.4. Derived evaluation framework

The synthesis yields a three-stage reporting framework. The study first
defines the financial decision and measures accuracy against a same-task
baseline. It next probes robustness across periods, regimes, prompts, and data
quality. Finally, it documents leakage checks, validation, drift monitoring,
reproducibility, and oversight. A model should not receive a composite score
where one dimension was not measured; the missing dimension should be
disclosed. Table 2 translates this framework into a reproducible reporting

checklist.
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Table 2. Minimum information for a controlled future LLM forecasting

comparison
Dimension  Required report Reason
Target; units; horizon; chronological ~ Ensures reported gains
Accuracy train/test split; baseline; metric; apply to the same decision
uncertainty and test data.
: o : Reveals whether
Market periods; volatility regimes;
. performance holds up
Robustness  prompt variants; text-source changes;
.. .. under reasonable changes
missing/noisy input tests . "
in use conditions.
: : . Makes forecast
Timestamp audit; model/version rovenance and
. . v
Model risk  record; leakage checks; drift P

operational limits

monitoring; human review .
inspectable.

4. DISCUSSION

The source matrix changes how we interpret literature. Evidence that a
particular LLM extracts useful information from headlines does not establish
that every LLM reliably forecasts prices. Evidence that a non-LLM hybrid
predicts a financial series well does not establish the value of language
modeling. Both are relevant to designing a future head-to-head test, but they
occupy different positions in the causal chain: text interpretation may create
features, while a forecasting system maps available features to a target.

The proposed framework also explains why accuracy alone is incomplete.
Even when a reported metric improves, a deployable method must remain useful
when the information environment changes and must be evaluated without
future information leaking into past predictions. The robustness and risk
columns are therefore separate reporting obligations; not arbitrary penalties
attached to an accuracy score. No threshold or weighting is proposed because
the acceptable trade-off depends on the financial decision, the cost of an error,

and whether a human can intervene.
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The study has three limitations. Selection was purposive rather than
exhaustive; some relevant financial LLM evaluations may not appear in the
matrix. The authors did not re-estimate full numerical performance on a shared
dataset. The framework is conceptual and has not been validated by a
prospective user study or controlled backtest. It should be treated as an
evaluation protocol for future work, not proof that a particular model is safe or

profitable.

5. CONCLUSION

A credible evaluation of LLMs for financial forecasting must define the
target, data availability, horizon, baseline, and validation period before it reports
predictive accuracy. The reviewed literature contains direct LLM evidence for
specific financial tasks and useful non-LLM comparators, but it does not support
a pooled ranking of the models discussed in this article. The original
contribution is a source-to-claim matrix and a three-stage reporting framework
that couples accuracy with robustness and model-risk checks.

Future research should test the named LLM and non-LLM baselines on
the same time-stamped financial dataset, using a chronological holdout and pre-
specified measures. It should repeat the evaluation across market regimes and
disclose prompt sensitivity, information leakage checks, and model updates.
Until those conditions are met, limit comparative claims to the exact task and

evidence each source reports.
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