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Abstract

Large language models are increasingly used in legal infor-
mation systems, yet their knowledge is not uniformly dis-
tributed across legal domains. We introduce a knowledge-
probe pipeline that measures whether an LLM exhibits differ-
ential confidence across areas of law. Applying the pipeline
to 1,200 court decisions across three jurisdictions (Germany,
France, Canada), we find that Llama 3.3 70B systematically
under-hedges on social welfare law relative to tax law in
non-English jurisdictions: 49.8% of tax probes elicit admit-
ted uncertainty vs. only 6.8% for social welfare in Germany
(p < 0.0001), with a smaller but significant gap in France
(p = 0.003) and no gap in Canada (English). The pattern is
consistent with the representation of each language in training
corpora and replicates on Qwen3 32B. The model achieves
comparable accuracy in both domains, yet signals false con-
fidence precisely in the legal areas that serve socioeconomi-
cally vulnerable populations. A retrieval-augmented interven-
tion, providing related legal text at query time, closes 87% of
the gap, suggesting the overconfidence stems from a knowl-
edge deficit. We frame this as a form of compounding injus-
tice: already marginalized users receive confidently stated but
unreliable information in legal areas that are historically un-
derserved and underrepresented in NLP, with no signal that
the system’s knowledge is thinner in their area of need than
in other areas of law, which are much better hedged.

Introduction

When a person seeking disability benefits asks a large lan-
guage model (LLM) about their legal rights, the answer they
receive has proven to be far from 100 per cent reliable. The
same unreliability applies to a corporate tax lawyer prompt-
ing to receive information about deductions. Despite these
comparable reliability rates, our research reveals a troubling
asymmetry: the model is far less likely to warn the disability
claimant when it is unsure than it is to warn the tax lawyer.
Both answers may be equally unreliable, but only the tax
answer comes with the necessary caveat.

This paper documents and explains this phenomenon,
which we term selective overconfidence: a pattern in which
an LLM’s willingness to admit uncertainty varies across le-
gal domains even when its accuracy is comparable. We find
that the models we tested hedge their answers substantially

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

more often in tax law than in social welfare law, despite per-
forming at similar levels of accuracy in both. The people
who rely on social welfare law (disability claimants, social
assistance recipients, the unemployed, single parents) are of-
ten those least likely to have access to professional legal
counsel, and therefore more likely to depend on the outputs
received through automated legal information (Chien and
Kim 2025; Ogunde 2024; Legal Services Corporation 2022).
The selective overconfidence we document compounds this
disadvantage: users with the least access to professional le-
gal help receive the worst epistemic service from the systems
they may be tempted to fall back on because of socioeco-
nomic necessity.

The asymmetry is not random but reflects linguistic asym-
metries well known to be persistent in NLP resources (Joshi
et al. 2020). It follows a language-mediated gradient: large
in German, moderate in French, and absent in English. In
Germany, the model admits uncertainty on 49.8% of tax law
probes but only 6.8% of social welfare probes (p < 0.0001).
In France, the gap is smaller but significant (11.2% vs. 6.3%,
p = 0.003). In Canada, where both domains are in En-
glish, no gap exists (p = 0.17). This gradient is consistent
with the availability of legal text in each language: social
welfare law, though it generates far more court cases than
tax law, produces less commercially published commentary
and fewer digitally accessible decisions, particularly in non-
English languages.

These findings emerge from a knowledge-probe pipeline
that we apply to 1,200 court decisions (200 per domain per
country). The pipeline extracts legal knowledge from each
decision, generates questions that test general domain ex-
pertise, obtains blind answers from the model, and judges
those answers against the extracted ground truth. All steps
use the same model, so any systematic tendencies cancel in
the cross-domain comparison.

The finding is not an artifact of a single model. We repli-
cate the experiment on three model families: Llama 3.3 70B
(Meta), Qwen3 32B (Alibaba), and gpt-oss 120B (OpenAl).
Llama and Qwen, despite being trained independently by
different organizations on different data, both hedge signifi-
cantly more on tax law than on social welfare law. The gap is
larger for Llama (43 percentage points) than for Qwen (4.5
points), but both are statistically significant and in the same
direction. The third model, gpt-oss, reveals a different prob-



lem: it almost never hedges in either domain despite lower
accuracy, a form of uniform overconfidence that harms all
users equally. Together, these results suggest that confidence
miscalibration in legal Al is widespread, but takes different
forms across architectures.

Crucially, the selective overconfidence can be reduced. A
simple retrieval-augmented intervention, in which related le-
gal text from the underrepresented domain is provided to the
model at query time, closes 87% of the confidence gap. The
model does not become more accurate; rather, exposure to
the complexity of the domain restores its ability to recognize
what it does not know. This is consistent with the overconfi-
dence being driven by a knowledge deficit: without exposure
to social welfare legal text, the model lacks the context to as-
sess its own ignorance.

We interpret these findings through the lens of compound-
ing injustice (Hellman 2018, 2023). The problem is not only
that LLMs produce erroneous or misleading legal informa-
tion in the domain of social welfare law. It is that they do
so with a level of confidence that can make such informa-
tion difficult for users to evaluate, especially when users
lack access to alternative sources of legal expertise. In this
context, overconfidence becomes socially consequential as
it may prevent individuals from accurately assessing their
legal status, recognizing possible entitlements, or pursuing
claims to which they may be entitled.

Moreover, the problem of overconfidence is unevenly dis-
tributed. Individuals and communities who rely on readily
available sources of legal information, including LLMs, of-
ten do so under conditions of constrained access due to lim-
ited financial resources, limited time, language barriers, dis-
trust of institutions, administrative complexity, or lack of af-
fordable legal support. These conditions are themselves so-
cially patterned. Members of protected or historically disad-
vantaged groups, including along lines of race, gender, age,
disability, migration status, and class, may therefore be more
likely to depend on low-threshold digital information sys-
tems for economic and institutional reasons. In this sense,
the harms of LLM overconfidence may produce a disparate
impact (Barocas and Selbst 2016) where erroneous outputs
impose heavier burdens on those already less able to verify,
challenge, or correct it.

The injustice is compounded because this disparate im-
pact does not arise on socially neutral grounds. The very
groups most likely to depend on LLM-based legal informa-
tion may already be disadvantaged by prior injustices that
shape their access to legal knowledge, representation, ad-
ministrative support, and institutional trust. When an over-
confident model misstates eligibility, misrepresents legal
standards, or presents uncertain information as authoritative,
it does not merely create a new informational error. It adds
an additional layer of disadvantage to existing social and
epistemic inequalities. In Hellman’s terms, the harm com-
pounds prior injustice (Hellman 2018, 2023). Unequal ac-
cess to reliable legal support makes certain groups more de-
pendent on LLMs, while LLM overconfidence then further
undermines their capacity to understand, claim, and contest
their rights.

In what follows, we first situate the study in relation to

three strands of work: LLM uncertainty and calibration,
LLM evaluation in legal domains, and bias and fairness in
legal AI. We then present our knowledge-probe pipeline and
report the results. The results are organized around five find-
ings: confidence asymmetry, accuracy scores, selected qual-
itative examples, language gradients, and cross-model com-
parison. In the discussion, we show how these empirical
findings can be interpreted as an instance of compounding
injustice, with particular attention to the role of training data
in producing and amplifying this mechanism. We conclude
by developing five implications for the deployment of Al in
legal contexts.

Related Work
LLM uncertainty and reliability

A growing literature measures LLM calibration and how
models express uncertainty about their own answers. Ka-
davath et al. (2022) show that larger models can be rea-
sonably well-calibrated when predicting whether they will
answer multiple-choice questions correctly, and Yin et al.
(2023) find that models can identify some unanswerable
questions but remain below human proficiency. Lin, Hilton,
and Evans (2022) show that a GPT-3 model can be fine-
tuned to produce calibrated verbalized uncertainty (“I am
70% confident”), an approach that requires fine-tuning ac-
cess not available for most deployed LLMs. What matters
for users, however, is not whether LLMs can be calibrated
in principle, but whether they spontaneously hedge in the
answers they actually receive.

Xiong et al. (2024) evaluate confidence-elicitation strate-
gies across five model families and find that LLMs tend
to verbalize overconfidence on specialized tasks. They re-
port that targeted prompting and consistency-aggregation
strategies reduce this tendency, but no single method con-
sistently excels on tasks requiring professional knowledge.
Geng et al. (2024) survey the broader literature, charting
techniques across white-box and black-box settings and not-
ing that calibration evaluation across heterogeneous tasks
and domains remains an open challenge.

Uncertainty connects to other dimensions of LLM relia-
bility. Sharma et al. (2024) document that state-of-the-art Al
assistants consistently exhibit sycophancy, the tendency to
match user beliefs even at the expense of accuracy, across
diverse free-form generation tasks. Loh and Seyfert (2026)
argue that this behavior may itself be linked to uncertainty,
hypothesizing that less confident models are more inclined
to follow user input even when that input contains biases or
falsehoods. This connects calibration to deliberative relia-
bility. A system that cannot reliably signal what it does not
know is more easily steered by what its user wants it to say,
and is therefore harder to deploy as a tool for public reason.
Our measurement of spontaneous hedging contributes to this
broader project of assessing LLM reliability in high-stakes
settings where users may lack alternative reference points.

Prior work asks whether LLMs are calibrated and whether
they remain truthful under user pressure. We ask instead
whether LLMs’ ability to hedge varies systematically across
legal domains, and how that variation tracks language and



training-data representation across three jurisdictions.

LLM evaluation in legal domains

Recent work has benchmarked LLM performance on legal
tasks including bar exams (Bommarito and Katz 2022), con-
tract review (Hendrycks et al. 2021), and legal reasoning
(Guha et al. 2024). Subsequent studies have evaluated LLM
use in legal education (Choi et al. 2024) and the construc-
tion of domain-specialized legal LLMs (Cui et al. 2023). A
parallel line of work has profiled how often LLMs halluci-
nate legal content. Dahl et al. (2024) report error rates be-
tween 58% and 88% on questions about US federal court
cases with foundation models, and Magesh et al. (2025) au-
dit deployed commercial legal Al tools and find halluci-
nation rates between 17% and 33% despite vendor claims
of being “hallucination-free.” These results document what
LLMs get right and wrong about law. They do not tell us
whether the model warns users when it might be wrong.

A persistent limitation of this literature is its reliance on
benchmark tasks that test isolated capabilities such as bar-
exam multiple choice or contract-clause extraction, and on
aggregate accuracy metrics that average over heterogeneous
legal domains. Such evaluations may obscure how perfor-
mance varies across the substantive areas of law that dif-
ferent user populations actually encounter, particularly as
legal information increasingly reaches users through on-
line and Al-mediated channels (Susskind 2023). More-
over, most evaluations focus on English-language, common-
law settings. While multi-jurisdictional legal NLP resources
have begun to emerge (Chalkidis et al. 2023), they remain
English-language and accuracy-focused. To our knowledge,
no prior work compares LLM performance across legal
domains in non-English jurisdictions, nor measures self-
reported confidence rather than accuracy. We do both, across
three jurisdictions.

Bias and fairness in legal Al

Algorithmic bias in legal contexts has been studied ex-
tensively, particularly in relation to recidivism risk assess-
ment (Angwin et al. 2016) and criminal sentencing (Ry-
berg and Roberts 2022; Lippert-Rasmussen 2022; Madden
et al. 2017). Scholars have also shown how algorithmic
decision-making can automate inequality, especially in the
domain of social welfare, where it contributes to what Eu-
banks (2018) calls the “digital poorhouse”. With the rise
of generative Al, however, the locus of concern shifts from
algorithmic decision-making to the legal information that
consumer-facing Al systems produce. Bender et al. (2021)
argue that large language models can amplify harms through
scale, opacity, and the absence of grounded reference. Simi-
larly, Hofmann et al. (2024) show that language models can
encode covert racial bias triggered by dialect features, with
downstream effects on judgments in employment, criminal
sentencing, and related domains.

These concerns resonate with broader critiques of techni-
cal approaches to fairness (Barocas, Hardt, and Narayanan
2023). More specifically for the legal domain, Selbst et al.
(2019) cautions that purely technical fairness interventions
often fail to account for the sociotechnical contexts in which

legal decisions are made. This critique is consistent with our
finding that confidence behavior cannot be assessed inde-
pendently of the legal domains and language ecosystems in
which it occurs. Existing benchmark regimes have likewise
been criticized as too crude to provide sufficient accountabil-
ity (Raji et al. 2021), prompting the development of alter-
native audit and accountability frameworks, including end-
to-end internal auditing (Raji et al. 2020) and operational
tools for measuring fairness in deployed systems (Bird et al.
2020).

Less attention, however, has been paid to informational
bias: the possibility that Al-based legal information systems
provide systematically less reliable service for some areas
of law than for others. A related question, which researchers
are only beginning to investigate, concerns the social ef-
fects of language modeling bias: the structural tendency of
Al systems to represent and process some languages with
greater precision, reliability, and nuance than others due
to inequalities in linguistic resources, data availability, and
training materials. Such bias may affect social groups dif-
ferently, thereby both reflecting and compounding existing
social and informational inequalities (Bella et al. 2024). In
this paper, we measure one such inequality: the differential
expression of uncertainty across legal domains. We further
provide an interpretation of its social origins and normative
significance.

Multilingual LLLM performance

Joshi et al. (2020) systematically map the linguistic-diversity
gap in NLP by showing that only a small fraction of
the world’s languages are meaningfully represented in lan-
guage technology research. Their analysis links this exclu-
sion to the uneven distribution of linguistic resources and
to the way research attention in NLP follows already well-
resourced languages. This finding resonates with Bender
(2011), who criticizes the field’s frequent claim to language-
independence and argues that truly language-independent
NLP would require substantially more linguistic and typo-
logical sophistication than is usually built into system design
and evaluation.

Subsequent work shows that this imbalance persists in
contemporary large language models. Ahuja et al. (2023)
evaluate generative Al models across a broad multilingual
benchmark and find that performance remains uneven across
languages and tasks, with persistent challenges for low-
resource languages. Lai et al. (2023) similarly show that
ChatGPT’s multilingual performance varies substantially
across 37 languages and multiple NLP tasks, with high-,
medium-, low-, and extremely low-resource languages not
benefiting equally from the model’s general capabilities.
These studies suggest that multilingual capacity in LLMs
should not be inferred from fluent performance in English
or other high-resource languages.

A related strand of work shifts the focus from aggregate
performance to the normative and sociotechnical meaning
of linguistic bias. Blodgett et al. (2020) argue that work
on “bias” in NLP often lacks conceptual clarity and insuf-
ficiently specifies what kinds of system behavior are harm-
ful, to whom, and why. This is important for our purposes



because linguistic bias in legal information systems cannot
be understood only as a technical deviation from benchmark
accuracy; it must also be assessed in relation to the social
conditions under which users depend on language technolo-
gies. Kathunia et al. (2024), for example, show in the domain
of sentiment analysis that model performance varies across
multilingual settings and translation-to-English pipelines, il-
lustrating how English can function not only as a domi-
nant training language but also as an evaluative intermediary
through which other languages are processed.

Finally, recent work has begun to theorize the epistemic
and sociocultural consequences of such asymmetries. Helm
et al. (2024) argue that language modeling bias can lead
to epistemic injustice when concepts, meanings, or world-
views from less dominant language communities become
less expressible or less intelligible. Olojo et al. (2025), in
turn, show how machine translation systems in Nigeria can
flatten sociocultural meaning, mishandle linguistic nuance
such as diacritics, and reproduce hierarchies between ma-
jority and minority languages. Taken together, these studies
highlight how language-related model failure concerns the
social organization of linguistic visibility, the loss of con-
textual meaning, and the unequal distribution of epistemic
authority.

Our contribution builds on this literature by showing that
degradation does not manifest only as lower accuracy, which
evaluators can in principle verify against a ground truth. It
also appears as a failure of uncertainty expression. In the
cases we examine, models do not merely provide less reli-
able answers in some legal domains and language settings,
but fail to signal that their answers may be unreliable. This
matters because end users encounter the generated reply
without necessarily having the legal knowledge, linguistic
resources, or external reference points required to recognize
that a hedge, caveat, or uncertainty marker is missing. This
finding is especially consequential as it disproportionally re-
gards legal domains such as social welfare law, where af-
fected users are often already positioned in conditions of
heightened institutional dependency and constrained access
to professional legal support.

Method
Knowledge-probe pipeline

Our pipeline has four stages, all executed by the same model.
Using a single model for all stages means that any systematic
tendencies (e.g., a general reluctance to admit uncertainty)
affect both domains equally within each jurisdiction, and the
cross-domain comparison remains valid. Our primary analy-
sis uses Llama 3.3 70B; we replicate on two additional mod-
els in Section Cross-model comparison.

1. Ground-truth extraction. Given a court decision, the
model extracts structured legal knowledge: the core legal
issue, the legal test applied by the court, and key statutes
with section numbers. This structured output serves as
the reference against which blind answers are later eval-
vated. The prompt is in the language of the decision
(German for Germany, French for France, English for
Canada).

Table 1: Question types used in the analysis.

Type Tests Example

Legal test How  courts “What is the legal test for deducting
reason gift-contract payments as operating ex-

penses?”

Statute What the law “What does § 9 Abs. 1 EStG provide?”
says

Procedural How the sys- “What is the standard of review for a BFH
tem works appeal?”

2. Question generation. From the extracted ground truth,
the pipeline generates three questions per case, each tar-
geting a different dimension of legal knowledge (Ta-
ble 1). A legal-test question asks how courts reason about
a particular issue (e.g., “What is the legal test for de-
ducting gift-contract payments as operating expenses?”).
A statute question asks what a specific provision says
(e.g., “What does §9 Abs.1 EStG provide in German
law?””). A procedural question asks how the judicial sys-
tem works (e.g., “What standard of review applies when
a BFH decision is appealed?”). All three types test gen-
eral domain expertise that does not require access to the
specific court decision from which the question was de-
rived.

3. Blind answering. In a separate call with no case context,
the model answers each question using only its paramet-
ric knowledge. The prompt explicitly instructs the model:
“If unsure, say so.” This instruction is identical across
domains, so any baseline tendency to hedge or not hedge
applies equally to tax and social welfare probes.

4. Judging. In a further separate call, the model evaluates
the blind answer against the ground truth. The primary
output is a binary classification: did the blind answer ad-
mit uncertainty? The judge also assigns accuracy scores
(1-5) on whether the answer identifies the right legal
standard, cites the correct statutory provision, and is spe-
cific rather than vague. These scores serve as a secondary
check, allowing us to verify that any confidence asymme-
try is not simply explained by one domain being easier
than the other.

Measuring admitted uncertainty. The binary “admitted
uncertainty” indicator is our primary outcome variable. The
judge classifies a blind answer as admitting uncertainty
when the answer contains explicit hedging language, such
as “I"m not entirely certain,” “I am unsure about the specific
details,” or “I cannot confirm.” An answer that states a legal
proposition without qualification, even if wrong, is classi-
fied as not admitting uncertainty. We measure the rate of
admitted uncertainty per domain (the proportion of probes
in which the model hedges) and compare this rate between
tax and social welfare law within each jurisdiction.

Judge validation. To validate the binary admitted-
uncertainty classifier, we drew a stratified subsample of 50
probes per jurisdiction (25 tax / 25 social welfare, bal-
anced on the judge’s labels) and had two annotators in-



Table 2: Data sources by jurisdiction and domain.

Country Domain  Court / Source n
Germany  Tax Finanzgerichte / BFH* 200
Germany  Social Bundessozialgericht® 200
France Tax Conseil d’Etat, fiscal® 200
France Social Conseil d’Etat, social® 200
Canada Tax Tax Court of Canada® 200
Canada Social Social Security Tribunal® 200

3openlegaldata.io  ®Legifrance Open Data  ©A2AJ

dependently code each probe under two explicit rubrics:
a strict rubric counting only literal uncertainty statements,
and a liberal rubric also counting conditionality and warn-
ings a non-expert would notice. Inter-rater agreement be-
tween annotators was substantial-to-perfect (Cohen’s k =
0.83-1.00); judge-human agreement was substantial-to-
near-perfect (k = 0.73-0.96) across all six cells (three juris-
dictions x two rubrics). Where judge and humans disagreed,
the error was predominantly judge over-counting hedging on
boilerplate phrases such as generic recommendations to con-
sult a professional. Full numbers in Table 8.

Defining overconfidence. We use “overconfidence” to mean
a mismatch between the model’s hedging behavior and its
actual accuracy. A model that admits uncertainty at similar
rates across domains of similar accuracy is well-calibrated
in this sense. A model that hedges less in one domain with-
out being more accurate there is selectively overconfident: it
signals reliability it has not earned.

Data

We apply the pipeline to court decisions from three jurisdic-
tions, using 200 tax law cases and 200 social welfare cases
per country (Table 2).

Germany. Tax cases are drawn from Finanzgerichte (tax
courts) and the Bundesfinanzhof (Federal Fiscal Court). So-
cial welfare cases are from the Bundessozialgericht (Fed-
eral Social Court), covering disputes over disability bene-
fits, unemployment insurance, and social assistance under
the Sozialgesetzbuch (SGB). All decisions are in German.

France. Both domains come from the Conseil d’Etat, the
supreme administrative court. Tax cases involve disputes un-
der the Code général des impdts. Social cases involve aide
sociale, RSA (revenu de solidarité active), disability bene-
fits (AAH), and social security. Decisions are downloaded
as XML from the open-data portal of the French administra-
tive judiciary. All decisions are in French.

Canada. Tax cases are from the Tax Court of Canada.
Social welfare cases are from the Social Security Tribunal,
covering CPP disability, employment insurance, and old age
security appeals. All decisions are in English.

Retrieval-augmented mitigation

If the confidence gap is caused by missing knowledge in the
model’s training data, then providing relevant legal text at
query time should reduce it. We test this using retrieval-
augmented generation (RAG): instead of answering from

Table 3: Admitted uncertainty rates by jurisdiction and do-
main (n = 600 probes per cell, i.e., 200 cases x 3 ques-
tions). Two-proportion z-test comparing tax vs. social wel-
fare within each jurisdiction.

Country Tax unc.  Social unc. z p
Germany  49.8% 6.8% 16.53  <0.0001
France 11.2% 6.3% 2.96 0.003
Canada 24.5% 28.0% —1.38 0.17

memory alone, the model first receives excerpts from related
court decisions, then answers the question.

In our setup, this works as follows. We assemble a sepa-
rate retrieval corpus of 100 tax and 100 social welfare de-
cisions from the same German courts, with no overlap with
the 400 decisions used for probing. We split each decision
into passages of approximately 500 words. When the model
receives a probe question, we search these passages for the
three most relevant ones using BM25, a keyword-matching
algorithm that ranks passages by term overlap with the ques-
tion. These passages are prepended to the prompt as contex-
tual information before the model generates its answer.

Crucially, the retrieval corpus never contains the specific
case from which the question was derived. The model re-
ceives related legal material from the same domain (relevant
statutes, legal standards, terminology) but not the answer
itself. This tests whether domain-level context is sufficient
to restore appropriate hedging behavior. We run this experi-
ment on Germany only, where the confidence gap is largest,
and compare the same probes with and without retrieval.

Statistical analysis

For each jurisdiction, we compare the proportion of probes
in which the model admits uncertainty between the two do-
mains using a two-proportion z-test. We also report mean
accuracy scores across the three judging criteria to verify
that any confidence asymmetry is not simply explained by
differential accuracy.

Results
Confidence asymmetry

Table 3 presents the main results. In Germany and France,
the model admits uncertainty at significantly higher rates on
tax law probes than on social welfare probes. In Canada, no
significant difference exists.

The magnitude of the asymmetry appears to track the un-
even representation of particular language-domain combi-
nations in the model’s training ecology. German legal text
in the area of social welfare law is likely far less visible
in web-scale corpora than German tax law, which overlaps
more substantially with commercial, financial, and adminis-
trative text. French legal text seems better represented than
German in this respect, but still less extensively than En-
glish. In English, both legal domains are sufficiently repre-
sented for the asymmetry to disappear. This pattern offers a
concrete case of language modeling bias where the issue is
not simply that one language is “supported” while another



Table 4: Mean accuracy scores (1-5) by jurisdiction and do-
main. Test: whether the answer identifies the right legal stan-
dard. Stat.: whether the correct statutory provision is cited.
Spec.: whether the answer is specific rather than vague.

Score (1-5)
Country  Domain Test Stat. Spec.
Germany  Tax 3.03 383 3.79
Social 265 3.09 342
France Tax 227 247 381
Social 242 259  3.68
Canada Tax 3.01 379 4.18

Social 239 3.5 3.81

is not, but that models represent and process some linguisti-
cally and institutionally specific forms of knowledge with
greater precision than others. In this sense, the observed
domain-specific asymmetry does not merely indicate uneven
model performance but exemplifies how language modeling
bias can produce epistemic injustice by differentially shap-
ing which forms of legal knowledge are responsibly articu-
lated and represented through Al-mediated systems (Helm
et al. 2024; Loh 2024).

Accuracy scores

Table 4 shows mean accuracy scores across the three judg-
ing criteria. Within each jurisdiction, scores are comparable
across domains, confirming that the confidence asymmetry
is not driven by one domain being objectively easier.

In Germany, social welfare scores are slightly lower than
tax scores (e.g., statute: 3.09 vs. 3.83), yet the model hedges
less on social welfare, the opposite of what calibrated uncer-
tainty would predict. In France, scores are essentially equal
across domains, yet a significant confidence gap persists. In
Canada, social welfare scores are somewhat lower, and the
model hedges at comparable rates. The key finding is that
accuracy differences do not explain the hedging pattern: the
model is not hedging more where it performs worse.

Qualitative examples

To illustrate what selective overconfidence looks like in
practice, we present two German probes with comparable
accuracy scores but different hedging behavior.

Tax law (model hedges, accuracy 1.0/5). When asked
“What does § 11 Abs.2 VergnStGBR provide in German
law?” (VergnStGBR! is the Brandenburg state amusement
tax law, now repealed) the model responds: “VergnStGBR
is not a well-known or widely cited statute in German law.
I couldn’t find any information on this specific statute.” It
then adds: “I’m unsure about the exact content and applica-
tion of § 11 Abs. 2 VergnStGBR.” The answer scores 1 on all
accuracy criteria, but the hedging language gives the user a
clear signal to verify elsewhere.

!'Vergniigungsteuergesetz fiir das Land Brandenburg.

Table 5: Confidence asymmetry across model families (Ger-
many, 2004200 cases). All models use the same probe ques-
tions.

Model Tax unc. Soc. unc. z P
Llama 3.3 70B (Meta) 49.8% 6.8% 16.53 <0.0001
Qwen3 32B (Alibaba) 18.8% 14.3% 2.10 0.036
gpt-oss 120B (OpenAl) 0.5% 0.5% 0.00 1.0

Social welfare law (model does not hedge, accuracy
1.3/5). When asked “Was regelt § 160 Abs.2 SGG?” (What
does § 160(2) of the Social Courts Act provide?), the model
responds confidently: “§ 160 Abs.2 SGG regelt die Befug-
nis der Sozialgerichte, Beweise zu erheben” (it governs the
authority of social courts to take evidence). This is incor-
rect; § 160(2) SGG actually governs the grounds for ap-
peal to the Federal Social Court. Yet the answer contains
no hedging language. On the contrary, it concludes: “Ich bin
mir in dieser Antwort sicher” (I am certain of this answer).
The prompting person without legal training is deceived into
trusting the answer given.

Both answers are comparably wrong, but only the tax
answer signals its unreliability. The social welfare user re-
ceives a confidently stated falsehood.

The language gradient

The confidence gap (tax uncertainty rate minus social uncer-
tainty rate) decreases monotonically: 43.0 percentage points
for German, 4.9 for French, and —3.5 for English (i.e.,
no gap). This gradient is consistent with the availability
of legal text in each language. English accounts for ap-
proximately 41% of Common Crawl content, while German
and French each account for roughly 5-6%.%> Within these
smaller shares, the imbalance between commercially pub-
lished tax law and less widely published social welfare law
is amplified, as we discuss under Training data as structural
cause below.

Cross-model comparison

To test whether the confidence asymmetry is specific to
Llama or generalizes across model families, we repeat the
German experiment (200 tax + 200 social welfare cases,
same questions) on two additional models: Qwen3 32B (Al-
ibaba) and gpt-oss 120B (OpenAl). Table 5 presents the re-
sults.

Llama and Qwen exhibit the same pattern: both hedge
significantly more on tax law than on social welfare law,
with Llama showing a larger gap (43.0 points) than Qwen
(4.5 points). The finding thus generalizes across two inde-
pendently trained model families from different organiza-
tions (Meta and Alibaba), with different architectures and
parameter counts.

OpenAlT’s gpt-oss 120B presents a different picture. It ad-
mits uncertainty on fewer than 1% of probes in either do-
main, despite scoring lower on accuracy than both Llama

2Common Crawl statistics, https://commoncrawl.github.io/cc-
crawl-statistics/plots/languages, accessed April 2026.



Table 6: Mean accuracy scores by model (Germany, all do-
mains pooled).

Model Test Stat. Spec.

Llama3.370B 2.84 346 3.60
Qwen3 32B 258 3.13  3.65
gpt-oss 120B 202 239 283

Table 7: Effect of retrieval-augmented generation on the
German confidence gap.

Tax unc.  Social unc. z P

No retrieval 49.8% 6.8% 16.53  <0.0001
With retrieval ~ 43.5% 37.8% 2.00 0.046

Condition

and Qwen (Table 6). This model does not exhibit selective
overconfidence. It exhibits uniform overconfidence: confi-
dently wrong across the board. The social welfare users we
are concerned about are still poorly served, but through a dif-
ferent mechanism. Rather than receiving selectively worse
epistemic treatment than tax law users, they receive the same
poor treatment as everyone else.

These results suggest two distinct failure modes in legal
Al systems. Selective overconfidence (Llama, Qwen) cre-
ates a differential in epistemic service: one group of users
receives substantially more hedging than another. Uniform
overconfidence (gpt-oss) harms all users equally but may be
harder to detect, since cross-domain comparisons reveal no
asymmetry. Our pipeline is designed to detect the first fail-
ure mode; detecting the second requires comparing absolute
accuracy against hedging rates, not just the gap between do-
mains.

Retrieval-augmented mitigation

Table 7 shows the effect of providing retrieved legal context
on the German confidence gap. Without retrieval, the model
admits uncertainty on 49.8% of tax probes but only 6.8%
of social welfare probes, a 43-point gap. With retrieval, the
social welfare uncertainty rate rises to 37.8%, closing 87%
of the gap.

Tax uncertainty decreased moderately (49.8% to 43.5%),
while social welfare uncertainty rose sharply (6.8% to
37.8%). The asymmetry in this response is itself informa-
tive. In tax law, where the model already has substantial
knowledge, retrieved context acts as confirmation, slightly
increasing confidence. In social welfare law, where the
model has less knowledge, retrieved context exposes the
complexity of the domain, prompting the model to recognize
the limits of what it knows. A residual gap of 5.7 percentage
points remains marginally significant (p = 0.046), suggest-
ing that simple keyword-based retrieval does not fully close
the gap. More sophisticated retrieval methods or larger re-
trieval corpora may reduce it further, but even minimal re-
trieval achieves the bulk of the correction.

One might expect retrieval to make the model more confi-
dent, not less: more information should mean better answers.
For tax law, this is what happens. The model already has

substantial knowledge of the domain, retrieval provides con-
firmatory context, and hedging decreases slightly. For so-
cial welfare law, the opposite occurs. Without retrieval, the
model has so little domain knowledge that it does not even
recognize the complexity of the area. It answers from vague
associations and sounds confident. When given actual so-
cial welfare legal text, it encounters detailed statutory provi-
sions and legal standards that reveal the gap between what it
knows and what the domain requires, and it begins to hedge.
The effect is analogous to a student who thinks an exam was
easy until flipping through the textbook and realizing how
much the subject contains. This asymmetric response to re-
trieval is itself evidence that the confidence gap originates
in a knowledge deficit: the model’s overconfidence in social
welfare law reflects not a tendency toward assertiveness, but
an inability to recognize what it does not know.

From a practical standpoint, retrieval thus serves a dual
purpose: it may improve the accuracy of the model’s an-
swers, but even when it does not, it restores appropriate un-
certainty signaling. Legal Al systems operating in underrep-
resented domains could retrieve domain-specific legal text
before generating responses, even when the retrieved text
does not directly answer the user’s question.

Discussion

Selective overconfidence as an instance of
”’compounding injustice”

Most work on bias in Al focuses on disparities in accuracy: a
system that predicts recidivism less accurately for one racial
group, or a hiring tool that scores women lower than men
(Allhutter et al. 2020). These disparities are serious, but they
are at least visible. An audit can measure them. What we
document here is different. The model’s accuracy is compa-
rable across domains. The disparity is not in what the model
gets right, but in what it fells users about what it might be
getting wrong. This selective overconfidence is harder to de-
tect than accuracy bias, and potentially more dangerous, be-
cause the misinformed users have no signal that anything is
amiss.

To be sure, the model itself does not discriminate against
individuals; it reflects a form of language modeling bias
(Helm et al. 2024), in which commercially viable legal do-
mains leave a larger digital footprint in training corpora
than domains serving vulnerable populations. A disability
claimant in Germany who asks an LLM about § 160 of the
Social Courts Act receives a confident, detailed, and com-
pletely wrong answer, complete with the assurance “I am
certain of this answer.” A taxpayer asking about an obscure
provision of the Brandenburg amusement tax law receives
a frank admission: “I’'m unsure about the exact content and
application of this statute.” Both answers are wrong, but only
one warns the user.

The access-to-justice literature makes clear why this mat-
ters. Low-income individuals overwhelmingly lack adequate
legal assistance (Chien and Kim 2025). Self-represented lit-
igants, who increasingly turn to LLMs for legal guidance,
are precisely those “who lack any form of legal training or
knowledge” and for whom “inherent deficiencies in LLMs



may mean that LLMs do more harm than good” (Ogunde
2024). When the model sounds confident, these users have
neither the legal literacy to spot the error nor the resources
to seek a second opinion. The selective overconfidence thus
falls hardest on those least equipped to detect it. Recent liti-
gation illustrates the stakes. A US disability claimant relied
on ChatGPT to challenge a settled benefits claim, leading
to Nippon Life v. OpenAl (Robert 2026); a self-represented
UK taxpayer presented nine Al-fabricated decisions in Har-
ber v HMRC [2023] UKFTT 1007 (First-tier Tribunal (Tax
Chamber) 2023).

This constitutes a form of disparate impact in the sense of
an unintentional statistical discrimination that disadvantages
protected groups (Behrendt and Loh 2022). In our case, it is
not an algorithmic discrimination strictly speaking (Barocas,
Hardt, and Narayanan 2023), as the disparate impact does
not directly depend on the statistical output of the LLMs,
but rather on the disparate dependency on the LLM usage.
However, since the LLM contributes to this disparate im-
pact, we will refer to it as an Al-related disparate impact.
Disparate impacts of this kind are recognized as legally rel-
evant statistical discrimination in many legal orders. Rather
than relying on anti-discrimination law, however, we argue
that this disparate impact is morally wrong because it ”com-
pounds” (Hellman 2018, 2023) prior injustices that make
members of protected categories more likely to lack the ed-
ucational and financial means to afford adequate legal assis-
tance. Even though the LLMs treat all users alike, the prior
injustices result in a disparate impact for members of such
protected groups due to historical and structural discrimi-
nations, thereby involuntarily compounding the “history of
mistreatment” (Hellman 2018, p. 120) that those groups
have suffered in the past.

This mistreatment can be perpetuated or exacerbated by
LLMs “either by making the harm caused by the prior in-
justice worse or by causing it to lead to a new harm in an-
other sphere of life” (Hellman 2018, p. 113). For this to
be the case, the lower uncertainty signaling in the realm of
social welfare law would have to exacerbate historical dis-
criminations that now make members of certain protected
groups more vulnerable to this unequal uncertainty signal-
ing. In other words, they would have to be more likely to
rely on LLMs for legal information with regard to social
welfare law, because they are statistically worse off than the
average population as a result of these historical discrimi-
nations. They are therefore a) more likely to have to apply
for some kind of social welfare, and/or b) do not have the
means to pay for professional legal information. For many
protected groups, it is well researched that they in the past
were victims of such a prior direct discrimination that leaves
them on average more destitute than the rest of the popula-
tion, e.g. through practices of racial segregation under Jim
Crow, or sexist employment policies of the past (Anderson
2010; Goldin 2021; Pateman 1989; Powers and Faden 2019;
Rothstein 2017). As a result, it is feasible to assume that
they are subjected to both disadvantages a) and b), thereby
exacerbating the mentioned historical discriminations.

In addition, while dependency on social welfare may not
constitute a "new harm in another sphere of life”, this may

very well be true for LLMs and dependency on LLMs for
legal information. The “new harm” in this case is not the
being underserved with respect to legal information per se,
but being underserved by a tool that promises to equalize
the disadvantages caused by disparate access to professional
legal information. After all, companies developing and de-
ploying LLMs claim that they can help with all kinds of
personal and professional issues. If members of historically
disadvantaged groups believe these promises, they are be-
ing disadvantaged in another “sphere of life”, namely their
interactions with LLMs.

In order to compound a prior injustice - either by exacer-
bating it or by moving it to another sphere of life - the agents
developing or employing the LLM do not have to be respon-
sible for the prior injustice themselves. Instead, they violate
a duty of justice to victims of prior injustice by compound-
ing that prior injustice. As a result, developers and employ-
ers incur a moral responsibility for these disparate impacts.
This includes a responsibility to due care not to compound
prior injustices, and revise compounding outputs as soon as
they receive notice of them.

Training data as a source for selective
overconfidence

The language gradient in our results is consistent with train-
ing data composition as the dominant structural driver. LLM
training corpora are dominated by English-language text,
with progressively less representation for other languages
(Joshi et al. 2020). Within any given language, commer-
cially relevant domains (tax, finance, contracts) generate
more publicly available text than social welfare domains
(disability benefits, social assistance), which are often han-
dled by under-resourced tribunals that publish fewer deci-
sions and less legal commentary.

Concrete evidence supports this asymmetry, though not
in the way one might expect. German social courts actu-
ally handle far more cases than tax courts, roughly six to
ten times as many first-instance filings per year (Statistis-
ches Bundesamt (Destatis) 2024). The asymmetry lies not
in case volume but in digital publication and commercial
ecosystem. The Bundesfinanzhof has published all decisions
online since 2010, including those not designated for offi-
cial publication (Bundesfinanzhof 2024); the Bundessozial-
gericht publishes only those decisions it has designated for
publication. On openlegaldata.io, the largest open German
legal database (Ostendorff, Blume, and Ostendorff 2020),
tax courts contribute roughly twice as many decisions as
the BSG (as of March 2026). More importantly, German
tax law supports a large commercial publishing ecosystem:
at least 15-20 specialized journals (DStR, NWB, IStR, and
others), dedicated publishers (Otto Schmidt, Haufe, Stoll-
fuss), and a professional audience of approximately 100,000
tax advisors (Bundessteuerberaterkammer 2024) who gen-
erate continuous demand for commentary, practice guides,
and newsletters. Social welfare law has roughly 5-7 spe-
cialized journals and a much smaller professional reader-
ship. Web-crawled training corpora like Common Crawl fa-
vor well-linked domains with high centrality scores (Baack
2024). Commercial tax law publishers, with their extensive



web presence, are likely to score higher on such metrics than
the smaller social welfare law community, amplifying the
gap. The result is that LLMs trained on web data encounter
disproportionately more German tax law text despite social
courts handling more cases, a structural inequality that is in-
visible to users.

Non-English social welfare law is thus underrepresented
at two levels. First, non-English languages receive less over-
all coverage in web-crawled corpora, which explains why no
confidence gap appears in English (where both domains are
well-covered). Second, within non-English languages, the
commercial publishing asymmetry between tax and social
welfare law means the model encounters far more of one do-
main than the other. The model, having seen less social wel-
fare text, has less knowledge, but its confidence-signaling
mechanisms do not proportionally adjust. The model does
not know what it does not know. Our RAG experiment is
consistent with this explanation: when the model is given ac-
cess to social welfare legal text at query time, the confidence
gap shrinks by 87%, suggesting that exposure to domain-
specific text restores appropriate hedging behavior.

Implications for legal AI deployment

Our findings have practical implications for the deployment
of LLMs in legal information systems that are direct results
of the moral requirement of developers and deployers not to
compound historical injustices:

1. Domain-specific calibration is needed. Current LLMs
should not be deployed with uniform confidence across
legal domains without domain-specific uncertainty cal-
ibration, particularly in non-English jurisdictions. LLM
outputs should use uncertainty language that is appropri-
ate to users of different demographics and educational
and Al literacy backgrounds.

2. Uncertainty audits should be standard. Before deploy-
ing a legal Al tool, developers should audit not just ac-
curacy but the model’s uncertainty behavior across the
domains it will serve.

3. Retrieval mitigates overconfidence. Our RAG experi-
ment suggests that providing domain-specific legal text at
query time reduces the confidence gap by 87%, even with
a simple keyword-based retrieval method. Legal Al sys-
tems serving underrepresented domains should consider
retrieval from authoritative legal sources as a mitigation
strategy.

4. Vulnerable populations require extra safeguards. Le-
gal Al tools serving social welfare domains should in-
clude explicit disclaimers or mandatory second-opinion
recommendations, whether or not retrieval augmentation
is in place.

5. Prioritize public-interest governance of legal Al Sys-
tems that answer legal queries about citizens’ rights
should operate under public-benefit, non-commercial, or
public-interest governance schemes with strict data pro-
tection requirements.

These implications follow from the fact that legal Al sys-
tems do not fail uniformly across domains, languages, and

user groups. Domain-specific calibration is necessary be-
cause a model that appears reliable in one legal area may
be overconfident in another, especially where legal texts
are less available, less standardized, or less represented in
training data. Uncertainty audits should therefore become
part of legal Al evaluation where developers need to as-
sess whether the model’s hedging, caveats, and expressions
of doubt correspond to the actual reliability of its answers.
Our retrieval-augmented experiment suggests one concrete
mitigation route: grounding model responses in authorita-
tive, domain-specific legal sources can substantially reduce
overconfidence, even when retrieval is implemented in a rel-
atively simple way. However, technical mitigation alone is
insufficient in domains such as social welfare law, where
users may face financial constraints, language barriers, ad-
ministrative complexity, or limited access to professional le-
gal support. For this reason, systems serving vulnerable pop-
ulations require additional safeguards, including clear warn-
ings, escalation pathways, and recommendations to seek
qualified information. More broadly, public-facing legal Al
should not be treated as an ordinary commercial service. Be-
cause such systems may shape whether citizens understand,
claim, or abandon legal rights, they should also be subject to
licensing, public-interest governance, independent auditing,
and strict data protection standards.

Limitations

While we test three model families, our cross-jurisdictional
analysis uses only Llama 3.3 70B; future work should ex-
tend the multi-model comparison to France and Canada.
The knowledge-probe pipeline uses the same model for all
stages, which means hallucinations can occur at each step. In
ground-truth extraction, the model may misidentify statutes
or fabricate case citations from the source decision. In judg-
ing, it may misclassify whether the blind answer hedged or
assign incorrect accuracy scores. These errors are likely to
affect both domains similarly within each jurisdiction, since
the same model processes tax and social welfare probes. If
the model hallucinates at similar rates across domains, such
errors add noise (reducing statistical power) but do not create
directional bias. We cannot fully rule out domain-dependent
hallucination rates, but the replication of the same pattern
on Qwen3 32B, a separately trained model, makes it un-
likely that the finding is an artifact of one model’s failure
mode. As an additional check on the judging step, we val-
idate the LLM judge against two human annotators on a
50-probe stratified subsample per jurisdiction (Appendix);
judge—human agreement is substantial-to-near-perfect (Co-
hen’s k = 0.73-0.96).

Our classification of French court decisions into tax and
social welfare relies on keyword matching, which may intro-
duce noise, though the requirement of at least two domain-
specific keywords with no keywords from the other domain
reduces misclassification.

We examine only tax vs. social welfare law. Other le-
gal domains that serve vulnerable populations (immigration,
criminal defense, housing) may exhibit similar patterns and
warrant investigation.



Conclusion

We find that LLMs exhibit selective overconfidence in so-
cial welfare law across non-English jurisdictions: they know
roughly the same amount about both domains but hedge
significantly less on the one that serves vulnerable popula-
tions. The effect appears in two independently trained model
families (Llama 3.3 70B and Qwen3 32B) and scales with
training-data representation, creating a language-mediated
gradient from German (large gap) through French (moder-
ate gap) to English (no gap). A third model (gpt-oss 120B)
reveals a complementary failure mode, uniform overconfi-
dence across all domains, suggesting that the problem takes
different forms across architectures. A simple retrieval-
augmented intervention closes 87% of the gap in the most af-
fected jurisdiction, suggesting that selective overconfidence
stems largely from a knowledge deficit and pointing toward
a practical remedy.

These findings raise a broader concern. The training data
behind LLMs reflects not just what has been written, but
what has been published, digitized, and made commercially
viable online. Tax law benefits from a large advisory in-
dustry that produces vast amounts of web content. Social
welfare law, which serves people who cannot afford pro-
fessional representation, generates far less. When LLMs are
trained on this corpus, they inherit its inequalities, and they
pass them on to users in a particularly insidious form: not
as visible errors, but as false confidence. The person asking
about disability benefits receives an answer that sounds just
as authoritative as the one about tax deductions. Only one of
them comes with a warning.

Combining a knowledge-probe pipeline with the concept
of compounding injustice, our findings provide empirical ev-
idence for this extended mechanism and an interpretation of
its social relevance. The model does not discriminate against
users directly; it discriminates between legal domains. But
those domains are not socially neutral. Social welfare law
serves people in situations of economic vulnerability, peo-
ple who are more likely to turn to automated legal tools and
less able to independently assess whether an LLM’s answer
is reliable (Chien and Kim 2025). When the model hedges
on tax law but not on social welfare law, it is not making
a judgment about who deserves caution. It is reflecting the
structure of its training data, in which commercially pub-
lished tax commentary vastly outweighs the sparser digital
footprint of social welfare jurisprudence. The result is that
an asymmetry in web publishing becomes an asymmetry in
epistemic service, denying the more vulnerable group the re-
source of knowing what the system does not know.

As LLMs become embedded in legal information infras-
tructure, the question is not only whether they get the law
right, but whether they tell users when they might be getting
it wrong. Our results suggest that, for the legal domains that
matter most to vulnerable populations, they do not. Closing
this gap is partly technical, partly institutional, and partly a
question of who legal Al is built for.

Appendix: Validation of the
admitted-uncertainty classifier

We validated the LLM judge against two human annotators
on a stratified subsample of 50 probes per jurisdiction (25
tax / 25 social welfare, sampled from the production runs
and balanced on the judge’s labels). Each annotator indepen-
dently coded every probe under two explicit rubrics: a strict
rubric counting only literal uncertainty statements (e.g., “I
am not sure”), and a liberal rubric also counting condition-
ality and warnings a non-expert would notice (e.g., ““it de-
pends on the specific facts,” “consult a lawyer”). The rubrics
were translated into the language of the annotated probes.

Table 8: Validation x on 50-probe stratified samples per ju-
risdiction. Inter-rater = between the two human annotators;
judge—human = average across the two annotators.

Jurisdiction Rubric  Inter-rater x  Judge-human &
Germany Strict 1.000 0.789
Germany Liberal 0.880 0.820
France Strict 0.960 0.940
France Liberal 1.000 0.960
Canada (English)  Strict 0.940 0.768
Canada (English)  Liberal 0.834 0.917

Inter-rater x between annotators is substantial-to-perfect
across all cells, indicating the rubric is reliably teachable.
Judge—human & is substantial-to-near-perfect, with the low-
est value (0.768, Canada strict) still in the substantial range.
Where judge and humans disagreed, the error was pre-
dominantly one-sided: the judge labeled YES on borderline
phrases (such as generic recommendations to consult a pro-
fessional) that both annotators read as standard disclaimer
rather than explicit uncertainty. Our reported domain hedg-
ing rates are therefore upper bounds on the true human-
defined rates.
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