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Abstract

Large language models have shown great potential as fore-
casting tools in finance and economics, but backtesting per-
formance is subject to look-ahead bias if the period overlaps
with an LLM’s training window. Prompt-based attempts to
avoid look-ahead bias require that LLMs understand chronol-
ogy. We test LLMs’ ability to understand and enforce chrono-
logical order in three types of tasks: sorting randomly shuf-
fled historical events; conditional sorting of events defined
by some conditions; and anachronism detection based on in-
tersections of multiple timelines. Our experiments use events
that we first confirm are known to the LLM; this ensures that
we test chronological understanding on an LLM’s pretrained
internal knowledge. Across three LLM families— GPT-4.1
(standard), GPT-5 (hybrid-reasoning), and Claude 3.7 Sonnet
(large-reasoning, with and without Extended Thinking), we
find that performance degrades rapidly with problem com-
plexity but improves greatly for reasoning models with test-
time extended reasoning. These patterns are important for the
real-time application of LLMs in finance.

Code — https://github.com/kennywong524/chronollm

Introduction

Large language models (LLMs) have shown potential as
forecasting tools for finance and economics. Typical appli-
cations ask LLMs to predict the direction of stock prices
based on text data, such as news reports or company earn-
ings calls. Evaluating the performance of any forecasting
method requires backtesting the method on historical data.
Yet backtesting of LLM forecasts is subject to look-ahead
bias (Glasserman and Lin (2024), Sarkar and Vafa (2024))
when the backtesting period overlaps with the LLM’s train-
ing window: the LLM may be asked to predict an outcome it
has already seen. Leakage of post-event information embed-
ded in the LLM’s pre-training corpus can inflate estimated
forecast performance with poor out-of-sample results.
Various methods have been proposed to measure and mit-
igate this problem. The simplest approach is to limit testing
to an LLM’s post-training period (as in, e.g., Halawi et al.
(2024), Lopez-Lira and Tang (2024)). This approach elimi-
nates look-ahead bias, but it severely limits the testing win-
dow. Building models trained using only text available up to
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fixed dates in the past (Sarkar and Vafa (2024), (He et al.
2025)) provides a secure way to wall off future information,
but it is computationally demanding and limited to training
using time-stamped documents. For users, the most conve-
nient solution would be to wall off future information by
instructing an LLM to respond using only information avail-
able up to a fixed date. Sarkar and Vafa (2024) and Lopez-
Lira, Tang, and Zhu (2025) find leakage in examples of this
approach. More basically, a prompt-based instruction like
“use only information from before 2016 presupposes that
an LLM understands what “before 2016” means.

Prior approaches to NLP temporal testbeds (e.g.,
TimeQA (Chen, Wang, and Wang 2021), TRAM (Wang
and Zhao 2024), TimeBench (Chu et al. 2024), and
ChronoSense (Islakoglu, Yates, and de Rijke 2025)) seek to
isolate and evaluate an LLM’s performance on specific com-
ponents of temporal reasoning, often using newly crafted,
hypothetical scenarios and specially designed instructions
to probe narrow inference types. We step back and ask a
more fundamental question: Do LLMs understand chronol-
ogy? Before asking an LLM to avoid leakage of future infor-
mation in responding to new data, we want to evaluate how
well the LLM understands chronological constraints in data
on which it has been trained.

Methodology

We test performance on three task types: (1) Chronolog-
ical sorting (putting shuffled events in chronological or-
der); (2) Conditional sorting (selecting events that meet a
specified condition and ordering those chronologically); (3)
Anachronism detection (distinguishing possible vs. impossi-
ble events based on historical timing). For (2), we run paired
trials on the same shuffle under two regimes: (i) self-filtering
& sorting (the model filters events based on the condition,
then orders them) and (ii) given-names & sorting (the model
just chronologically orders the provided filtered events, pre-
sented in the same shuffled order as (i)). We evaluate results
on both non-reasoning and reasoning models from multiple
families (OpenAI’s GPT-4.1, GPT-5 series with various rea-
soning effort and Anthropic’s Claude Sonnet 3.7 with and
without extended-thinking). We design our tests around ba-
sic historical facts, which are first confirmed to be “known”
by the LLM. The three categories of tests above also allow
us to vary problem complexity along distinct dimensions.



Key Results

Our main finding is that LLM performance on our chronol-
ogy tasks degrades quickly with problem complexity. Table
1 summarizes GPT-4.1’s results with shuffled lists of U.S.
presidents. (We have obtained similar results on other col-
lections of historical events.) GPT-4.1’s performance on or-
dering drops drastically with list sizes. The exact match rate
(EM) is nearly perfect on very short lists (e.g., n = 2),
drops to roughly half on small lists (e.g., n ~ 10), and is
effectively zero on longer lists (n > 25). The model of-
ten omits or adds extra presidents’ names to the responded
list, with increasing prevalence at larger list sizes. Interest-
ingly, complexity is not a simple function of list length:
models can do better listing all presidents in order than sort-
ing a random subset of n=20; in Table 1, Spearman’s p,
Kendall’s 7, and Cayley distance are U-shaped in n. Or-
dering a complete set of events, at least approximately, ap-
pears to be easier than ordering a random subset for the
LLM. Performance improves substantially for models with
extended reasoning, which achieve near flawless results, as
seen in Figure 1 which shows that Claude 3.7 Sonnet with
Extended Thinking (ET) and GPT-5 at medium/high rea-
soning effort achieve perfect chronological ordering across
all list sizes (100% exact match), whereas GPT-5 at mini-
mal/low reasoning effort, its non-reasoning variant (latest),
and Claude 3.7 without ET behave similarly to GPT-4.1. In-
terestingly, poor performance at high complexity kicks in at
problem scales much smaller than those seen in other tasks
(math, coding, or QA benchmarks), suggesting that reason-
ing about chronology of real events may be inherently diffi-
cult. Table 2 illustrates the result of the conditional sorting
task where non-reasoning GPT-4.1 failed entirely at filter-
ing, producing no valid trials. In contrast, Claude 3.7 Son-
net (Extended Thinking) and GPT-5 (medium) filtered al-
most perfectly and achieved near-perfect ordering accuracy.
Once models successfully performed the filtering step, their
ordering performance improved—suggesting that the added
difficulty of conditional sorting mainly comes from filter-
ing, and that reasoning-driven self-selection can actually en-
hance chronological reasoning.

Our results include several more novel findings and con-
tributions: (i) reasoning models consistently outperform

Exact match Spearman’s p Kendall’s 7 Cayley

w SE n SE m SE I

2 096 0.04 0998 0.00 0997 0.00 0.00
5 087 008 0973 0.02 0960 0.03 0.20
10 0.36 0.11 0961 0.02 0932 0.02 1.72
15 0.20 0.09 0960 0.01 0927 0.02 3.27
20 0.10 0.07 0971 0.01 0929 0.01 6.20
30 0.00 0.00 0963 0.01 0948 0.02 6.60
40 0.00 0.00 0993 0.00 098 0.01 3.10
43 0.00 0.00 1.000 0.00 1.000 0.00 0.05
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Figure 1: Exact Match rate by list size across various rea-
soning model families. Error bars are 2 s.e. around mean.

base models across all three task families and all the eval-
uation metrics we study, and their performance generally in-
creases with larger test-time reasoning budgets; (ii) errors
often concentrate in the middle of lists, with more-salient
starting and end points acting as anchors; and (iii) a basic
anachronism detection task defined by two events proves
easy for the LLMs, but performance declines on tests de-
fined by the intersection of multiple events.

Conclusion

Models show a workable but brittle grasp of chronology un-
less test-time reasoning is enabled, weakening prompt-based
mitigation against look-ahead bias. Our findings identify key
complexity drivers but are limited by our event sets, partial
model coverage, and the need to better understand GPT-5’s
automatic reasoning modes.

Filtering accuracy (OHIOORVIRGINIA)

Model Acc. TNcorrect Ttotal ET?
Claude 3.7 Sonnet 0.02 2 100 No
Claude 3.7 Sonnet 0.98 98 100 Yes
GPT4.1 0.00 0 100 N/A

GPT-5 (medium) 1.00 100 100 N/A
Ordering metrics (Claude 3.7 Sonnet + ET)

Metric Value Teorrect Thotal Cond.
Spearman’s p 0.997 99 100 Given
Kendall’s 7 0.995 99 100 Given
Exact match 0.82 82 100 Given
Spearman’s p 1.000 100 100 Self
Kendall’s 7 1.000 100 100 Self
Exact match 0.97 97 100 Self

Table 1: GPT-4.1 performance means and standard errors for
ordering a random list of n U.S. presidents chronologically.
EM collapses beyond small n despite high rank correlations.
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Table 2: Conditional sorting on OHIOORVIRGINIA: filter-
ing accuracy across models and ordering performance for
Claude 3.7 Sonnet with Extended Thinking (ET).
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