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Abstract—Large Language Models (LLMs) may portray discrim-
ination towards certain individuals, especially those characterized
by multiple attributes (aka intersectional bias). Discovering
intersectional bias in LLMs is challenging, as it involves complex
inputs on multiple attributes (e.g. race and gender). To address
this challenge, we propose HINTER, a testing technique that
synergistically combines mutation analysis, dependency parsing
and metamorphic oracles to automatically detect intersectional
bias in LLMs. HINTER generates test inputs by systematically
mutating sentences using multiple mutations, validates inputs via
a dependency invariant and detects biases by checking the LLM
response on the original and mutated sentences. We evaluate
HINTER using six LLM architectures and 18 LLM models
(GPT3.5, Llama2, BERT, etc). We found that 14.61% of the
inputs generated by HINTER expose intersectional bias. Results
also show that our dependency invariant reduces false positives
(incorrect test inputs) by an order of magnitude. We observed
that 16.62% of intersectional bias errors are hidden, meaning,
their corresponding atomic cases do not trigger biases. Besides,
we conduct a human annotation study on HINTER’s discovered
bias in IMDB/LLAMA2. Annotators confirm that 86.7–100% of
HINTER’s discovered biases are genuine discrimination. We also
compare HINTER to MT-NLP for atomic bias. Results show that
MT-NLP and HINTER discover atomic bias at a similar rate,
but HINTER’s atomic test suite is more valid than MT-NLP’s
test suite, according to human annotators. Overall, our work
emphasize the importance of testing LLMs for intersectional bias.

Index Terms—Intersectional Bias, LLM, Fairness Testing

I. INTRODUCTION

Large Language Models (LLMs) have become vital compo-
nents of critical services in society [1]. LLMs are increasingly
adopted in critical domains including NLP, legal, health and
programming tasks [2]. For instance, popular pre-trained
models (e.g., BERT, GPT and Llama) have been deployed
across multiple NLP, legal and coding tasks [3], [4]. Despite
their popularity and effectiveness across various tasks, LLMs
face the risk of portraying bias towards specific individuals [5].
In particular, individuals belonging to demographic groups
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associated with multiple protected attributes may be prone to
bias [6]. Discrimination in LLMs may have serious conse-
quences, e.g., miscarriage of justice in law enforcement [4].

To this end, we pose the following question: How can
we systematically discover intersectional (i.e., non-atomic)
bias in LLMs? An atomic bias occurs when a model behaves
differently for two identical individuals in the same context, that
only differ in one sensitive attribute (e.g., gender). Meanwhile,
intersectional biases involve two or more different sensitive
attributes (e.g., gender and race). As illustrated in Figure 1
and exemplified in Table I, we aim to automatically generate
test inputs that expose intersectional bias. We focus on
intersectional bias relating to individuals (rather than groups)
since individual fairness is more fine-grained and captures the
subtle unfairness relating to specific intersectional individuals.
In contrast, group fairness is more coarse-grained and it often
conceals individual differences within groups.

Discovering intersectional bias is challenging due to its
complex nature and the huge number of possible combinations
of attributes involved. Intersectional bias testing is computa-
tionally more expensive than atomic bias testing. In addition,
ensuring that the generated inputs are valid and indeed expose
intersectional bias is challenging. More importantly, it is vital
to ensure that discovered intersectional biases are new, they are
not already exposed during atomic bias testing. In this work,
we aim to address these aforementioned challenges.

Concretely, HINTER addresses three technical challenges,
namely: (1) test generation– systematically generate inputs
that are likely to uncover intersectional bias; (2) test validity –
automated test input validation w.r.t. original dataset; (3) bias
detection – detect (hidden) intersectional bias at scale. To
address these challenges, we propose HINTER1, an automated
black-box testing technique which synergistically combines
mutation analysis, dependency parsing and metamorphic
oracles to expose intersectional bias (see Figure 2). HINTER
generates test inputs by systematically mutating sentences
via higher-order mutation. Next, it validates inputs via a

1HINTER refers to (1) a tool to “hint” (discover) intersectional bias; and
(2) it is the German word for “behind”, implying that intersectional bias is
hidden behind atomic bias.



Figure 1: HINTER illustration using a Sentiment Analysis

dependency invariant which checks that the parse trees of the
generated input and the original text are similar. Then, HINTER
detects bias by comparing the LLM model outcome of the
original text and the generated input(s). Using 18 LLMs, we
demonstrate the performance of HINTER in exposing (hidden)
intersectional bias. We also investigate whether it is necessary
to perform intersectional bias testing, despite atomic bias
testing. Overall, this paper makes the following contributions:

• We propose an automated intersectional bias testing
technique (HINTER) that employs a combination of multiple
mutations, dependency parsing and metamorphic oracles.

• Evaluation: We conduct an empirical study to examine the
effectiveness of HINTER using three sensitive attributes, five
datasets, six LLM architectures, five tasks, and 18 models.

• Atomic vs. Intersectional Bias: We demonstrate the need
for intersectional bias testing by showing that 16.62% of
intersectional bias errors are hidden, i.e., their corresponding
atomic tests do not trigger biases.

• Oracle Validation: We validate HINTER’s oracle via a
human annotation study (86.7–100% oracle precision across
groups, 100% mutation validity for atomic mutants).

• MT-NLP Comparison: We compare HINTER to MT-
NLP [7] and found that HINTER’s atomic test suite is more
valid than MT-NLP, according to human annotators.

II. BACKGROUND

Motivating Example: Figure 1 illustrates how HINTER
discovers hidden intersectional bias. Given a dataset (containing
e.g., 1st sentence in Figure 1), we generate higher-order mutants
that expose intersectional bias in the LLM under test. In this
example, the higher-order mutant (4th sentence) exposes a
hidden bias since its corresponding atomic mutations (2nd and
3rd sentences) do not induce any bias. Table I demonstrates
an instance of hidden intersectional bias found by HINTER.
This example shows how intersectional bias is hidden during
atomic bias testing and demonstrates the need for intersectional
bias testing. In this example the original prediction is Negative
and the intersectional mutant’s prediction changes to Positive.
A complementary case where the original is Positive and
the intersectional mutant yields Negative is provided in the
supplementary material.

HINTER Overview: Figure 2 illustrates the workflow of
HINTER. Given an existing dataset (e.g., training dataset),
HINTER first generates bias-prone inputs by employing higher-
order mutations. It mutates a sentence using word pairs
extracted from SBIC [8], a well-known bias corpus containing
150K social media posts covering a thousand demographic
groups2. Second, HINTER ensures that the generated inputs
are valid by checking that it has a similar dependency parse
tree with the original text (see Figure 3). Finally, HINTER’s
metamorphic oracle discovers intersectional bias by comparing
the LLM outcome of the original text and the generated input.
It further detects a hidden intersectional bias by comparing the
outcomes of atomic and intersectional mutants.

Problem Formulation: Given an LLM f , HINTER aims to de-
termine whether the inputs relating to individuals characterized
by multiple sensitive attributes face bias. Thus, it generates a
test suite T that includes individuals associated with multiple
sensitive attributes. Consider Figure 1 that is focused on two
sensitive attributes, “race” and “gender”. HINTER produces
an intersectional bias test suite (TRXG) based on the original
dataset (Orig) by simultaneously mutating words associated
with each attribute (e.g., “black” to “white” and “man” to
“woman” for “race” and “gender” attributes, respectively).
We also produce an atomic bias test suite (TR) by mutating
only a single attribute (e.g., “white” to “black” for “race” only)
at a time. The model outcome (Ot = f(t)) for every test
input (t ∈ TRXG) characterizes how the LLM captures an
intersectional individual t for model f .

This setting allows HINTER to determine the following:

(a) Atomic Bias (aka individual bias) occurs when the LLM
model outcomes (O) for two individuals {t1, t2} are different
((Ot1 ̸= Ot2) even though both individual t1 and t2 are similar
for the task at hand, but only differ by exactly one sensitive
attribute (e.g., gender). Our definition of atomic bias require
that similar individuals should be treated similarly, in line with
previous literature on fairness metrics [9]–[13].

(b) Intersectional Bias occurs when the LLM model outcomes
(O) for two individuals {t1, t2} are different ((Ot1 ̸= Ot2)
even though t1 and t2 are similar for the task at hand, and
only differ by at least two sensitive attributes (e.g., race and
gender). This definition is in line with the ML literature on
intersectional bias [14], [15].

(c) Hidden Intersectional Bias refers to when atomic inputs
(atomicr ∈ TR, atomicg ∈ TG) characterized by the test suites
(TR, TG) are benign (trigger no bias) but their corresponding
intersectional test input (interrXg ∈ TRXG) from the test
suites (TRXG) trigger a bias. In particular, we say there is a
hidden intersectional bias when the LLM model outcomes (O)
for the atomic test inputs (atomicr, atomicg) are similar, but
their corresponding intersectional test input (interrXg) produce
a different outcome – (Oatomicg == Oatomicr ) ̸= (OinterrXg

).
Illustrative examples for definitions (a)–(c), referencing

Figure 1, are provided in the supplementary material.

2https://maartensap.com/social-bias-frames/



Table I: Hidden Intersectional Bias Errors found by HINTER in GPT3.5 using the IMDB/Sentiment Analysis. Mutations are
marked in bold text and underlined. Bias (✘) is characterized by changes in GPT3.5 predictions. (“-” = Not Applicable, ✔ =
No Bias/Benign, ✘ = Bias detected) A changed prediction constitutes a fairness violation. Two inputs differing only in sensitive

attributes should yield the same prediction from a fair model, otherwise a difference in prediction is detected as bias.

ID
Sensitive Mutations Test/Mutant

Test Cases Exposing Hidden Intersectional Bias
GPT3.5

Bias
Attributes Type Prediction

19
37

5

- - Original
”... There is a special heaven reserved for people who make the world laugh . ..

Negative -
British moviegoers will recognise the fat one from Cannon and Ball ... ”

Race British→ Pakistani Atomic I
”... There is a special heaven reserved for people who make the world laugh . ..

Negative ✔
Pakistani moviegoers will recognise the fat one from Cannon and Ball ... ”

Gender people→trans women Atomic II
”... There is a special heaven reserved for trans women who make the world laugh . ..

Negative ✔
British moviegoers will recognise the fat one from Cannon and Ball ... ”

Race & people→trans women
Intersectional

”... There is a special heaven reserved for trans women who make the world laugh ...
Positive ✘

Gender British→ Pakistani Pakistani moviegoers will recognise the fat one from Cannon and Ball ...

Figure 2: Workflow of HINTER showing its detection of atomic
and intersectional biases in LLMs using a metamorphic oracle.

(d) Atomic vs. Intersectional Bias: We determine the
differences between intersectional bias and atomic bias testing
by inspecting the outcomes of our test suites (O(TRXG) vs
O(TR) vs O(TG)). We inspect whether original inputs and
mutations producing the atomic test suites (TR or TG) trigger
the same biases as the intersectional bias test suites (TRXG).

Definition of Terms. In this paper, we use the following terms:
• Metamorphic-relation violation: a test case where the model

output changes between original and mutant.
• Bias (or discrimination): a metamorphic-relation violation

that a human annotator judges as discriminatory.
• Task-equivalent mutant: a mutant whose meaning is preserved

w.r.t. to the original text, according to human annotators.
• Hidden intersectional bias: defined in (c) above and cross-

referenced in RQ6.
• Benign change: a test case where no bias is detected.

III. HINTER APPROACH

Figure 2 illustrates the workflow of our approach. Given, as
inputs, an existing dataset, sensitive attribute(s) and bias dictio-
nary, the output of HINTER is the bias-prone test suite which
contains mutations of the original dataset and intersectional
biases it detects. HINTER detects (hidden) intersectional bias
in the following three main steps:
Step 1: Higher-order Mutation: HINTER transforms each
original input into a bias-prone mutant via higher-order
mutation. It replaces word(s) in the original input with sensitive
words using the bias-prone dictionary. Our mutation operates
on the full input string (spanning one or more sentences). When

a term to mutate, or in the case of intersectional replacement,
multiple terms appears in different sentences, replacements
can occur in multiple sentences within the same text. Our bias
dictionary is automatically extracted from the SBIC corpus [8]
and The bureau of Label Statistics [16]. It contains a set of
bias-prone word-pairs for each sensitive attribute, e.g., the pair
(“man”:“woman”) mapped to the gender attribute.

A step-by-step example of HINTER’s mutation process (race
× gender) is provided in the supplementary material.

Step 2: Dependency Invariant Check: The parse tree details
the structure, POS and dependency relations among words in
the text (e.g., Figure 3). The main goal of this step is to check
that the following invariant holds – the parts of speech (POS)
and dependency relations (DR) of the generated inputs are
similar to the original input. The intuition is that the generated
inputs need to have a similar grammatical structure with the
original input to preserve the intention and semantics of the
original text. We apply invariant checking (InvCheck) on the
both original and generated inputs (e.g., lines 19, 26 and 27
of algorithm 1).

Similarly, in atomic bias testing, the original input and
modified input (mutant) are split into sentences, respec-
tively. Next, the algorithm checks that the invariant check
(invariantCheck) is passed. InvCheck first splits each
text into sentences and confirms that both texts have the same
number of sentences. For each sentence, it generates the parse
trees for the original input and the generated test input and
checks that the parse trees of both inputs are similar. It checks
that each sentence in the generated input conforms to the
parts of speech (POS) and dependency relations (DR) of its
corresponding sentence in the original input.

This comparison is performed using
tolerantTableComp, which tolerates small insertions
or deletions (e.g., “man” → “disabled man”) within a
bounded divergence to validate structural consistency between
original and generated sentences. Details are provided in the
supplementary material in the artifact.

HINTER discards inputs whose parse trees are noncon-
forming to the parse tree of the original inputs, i.e., fail our
dependency invariant check. However, if the parse tree of the



Algorithm 1 Intersectional Bias testing

1: {Input: Dataset C, LLM M , Dictionary P , Attributes S1, S2}
2: {Output: test suite T , intersectional bias E & hidden bias H}
3: Function HINTER(C, M , P , S1, S2)
4: Tlist = [], Elist = [], Hlist = []
5: {Test suite T , intersectional bias E & hidden bias H lists}
6: for c in C do
7: O[c]←M(c) {Store LLM outcome for the original text}
8: P1 = P [S1], P2 = P [S2]
9: {Get word pairs for attributes S1, S2 from dictionary P}

10: for p1 in P1 do
11: for p2 in P2 do
12: if p1[0], p2[0] in c then
13: t1 ← c.replace(p1[0], p1[1])
14: {First Atomic Mutation using Bias list P1}
15: t2 ← c.replace(p2[0], p2[1])
16: {Second Atomic Mutation using Bias list P2}
17: m← t1.replace(p2[0], p2[1])
18: {Intersectional (Higher-order) Mutation}
19: if InvCheck(c,m) then
20: {Dependency invariant check}
21: Tlist ∪m {Store mutant in test suite}
22: if M(m) ̸= O[c] then
23: {Metamorphic Test Oracle}
24: Elist ← Elist ∪ (m, c,M(m), O[c])
25: {Store bias inducing mutant}
26: if InvCheck(c, t1) then
27: if InvCheck(c, t2) then
28: if M(t1) ≡ O[c] ≡M(t2) then
29: Hlist ∪m {Store hidden bias}
30: return Tlist, Elist, Hlist

generated input (i.e., mutant) conforms with that of the original
input, then HINTER adds such inputs to the resulting test suite
(line 21 of algorithm 1). We refer to such inputs, that pass the
dependency invariant check, as valid/generated inputs.

Figure 3 shows a valid mutant (b) and a discarded mutant (c).
The extended walkthrough is in the supplementary material.

Step 3: Metamorphic Test Oracle: Figure 2 illustrates how
HINTER detects intersectional bias. After the invariant check
(Step 2), HINTER (algorithm 1) feeds the generated test input
and its corresponding original input (line 7) into the LLM
under test separately and compares the LLM outputs (line
22). HINTER detects intersectional bias (aka error), when an
intersectional mutant produces a different model outcome from
the original test input (line 24). Formal definitions of benign
change and the metamorphic property are in the supplementary
material. The oracle does not assume the model’s output for
the original input is correct. The bias is flagged whenever the
outcome changes between the original, regardless of whether
the original or the mutant is correct with respect to ground
truth (dataset labels). Consider the original input and generated
mutants in Figure 1, these inputs are similar in the context of
the sentiment analysis task. Consequently, all four inputs should
produce the same outcome, i.e., a “positive” label/prediction.
We say that a hidden intersectional bias is detected (lines 22,
28-29 of algorithm 1) when there is an intersectional bias but
its corresponding atomic mutants are not exposing any bias.

Figure 2 illustrates a hidden intersectional bias workflow.

A step-by-step oracle walkthrough for the example in
Figure 1 is provided in the supplementary material.

(a) Original input

(b) Valid input generated by HINTER

(c) Invalid input discarded by HINTER’s dependency invariant

Figure 3: Examples illustrating how HINTER’s dependency
invariant check works using a review from the IMDB dataset.
It shows (a) an original input; (b) a valid mutation generated
by HINTER; and (c) an invalid mutation discarded by HINTER.
The invalid case changes the object pronoun’s part-of-speech
(POS) from PRP (him or her) to PRP$ (his), violating
the required POS and dependency match of HINTER. POS
acronyms are explained in the the supplementary material.

Table II: Details of Datasets for Training and Bias Testing
Dataset Task Details Training Setting Bias Testing

Task Class. (#Labels) Train Val. Test (Full dataset)
ECtHR Judgment Pred. Multi-Label (10+1) 9,000 1,000 1,000 11,000
LEDGAR Contract Class. Multi-Class (100) 60,000 10,000 10,000 80,000
SCOTUS Issue Area Pred. Multi-Class (14) 5,000 1,400 1,400 7,800
EURLEX Document Pred. Multi-Label (100) 55,000 5,000 5,000 65,000
IMDB Sentiment Analysis Binary (2) - - - 50,000

IV. EXPERIMENTAL SETUP

Research Questions (RQs): We pose the following RQs:
RQ1 HINTER’s Effectiveness: How effective is HINTER
in discovering intersectional bias? How frequently can we
attribute discovered biases to the generated or original inputs?
RQ2 Oracle Validation: Do HINTER’s mutants preserve
semantics and discover genuine intersectional bias?
RQ3 MT-NLP Comparison: How does HINTER compare to
MT-NLP, the closest prior work in metamorphic bias testing?
RQ4 Grammatical Validity: Are the inputs generated by
HINTER grammatically valid?
RQ5 Dependency Invariant: What is the contribution of
HINTER’s dependency invariant check?
RQ6 Atomic Bias vs. Intersectional Bias: Do intersectional
bias-inducing mutations and original texts also reveal atomic
bias, and vice versa?
RQ7 Scalability: Does HINTER generalize to more than two
sensitive attributes?
RQ8 HINTER’s Sensitivity: Are HINTER’s findings stable
across multiple runs, different prompt configurations and
varying model confidence thresholds?

Tasks and Datasets: Table II shows the distribution of
inputs across the datasets. Table III provides details about the
tasks of the datasets used in our experiments. Datasets cover
formal legal text (ECtHR, LEDGAR, SCOTUS, EURLEX)
and casual reviews (IMDB), spanning multi-sentence inputs
and multi-class/multi-label tasks; selection rationale is in the
supplementary material.



Figure 4: Atomic bias error rate (log-scaled y-axis).

LLM Architectures and Models: Our experiments involve
18 LLM models: 2 pre-trained (GPT-3.5-turbo-0125,
Llama-2-7b-chat-hf) and 16 fine-tuned across four
architectures (BERT-base, RoBERTa-base, DeBERTa,
Legal-BERT), covering encoder-only, decoder-only, and
encoder-decoder families [3]. Further details are in our artifact.3

Fine-tuned models achieve 64.3–88.1% micro-F1 on legal
datasets; GPT-3.5 achieves 30.6–66.8% and Llama2 achieves
20.7–56.8% on legal datasets (92.9% both on IMDB); full
per-model and per-dataset scores are in the supplementary
material.

Sensitive Attributes: We employ three well-known sensitive
attributes, namely “race”, “gender” and “body”. For atomic
bias, we consider each attribute in isolation. For intersectional
bias, we simultaneously combine every two attributes (i.e.,
N = 2) namely “race X gender”, “body X gender” and “body
X race”. We have employed (these) three sensitive attributes due
to their popularity and the prevalence of attributes in available
datasets4. Figure 1 and Table I illustrate these attributes.

Oracle validation (RQ2): We conduct a human annotation
study on IMDB to validate HINTER’s oracle and mutation
validity. We sample 180 cases across four groups: (1) 50
intersectional HINTER cases (25 error-inducing, 25 benign),
(2) 50 atomic HINTER gender cases (25/25), (3) 50 MT-
NLP gender cases (25/25), and (4) 30 HINTER-discarded
cases (meaning validity only). Groups (2)–(3) are restricted to
originals shared by both tools (common-originals intersection).
Sampling uses a fixed seed. Annotators see only the original
input, the mutated input (swapped tokens highlighted), and the
task label only, with no model outputs or tool identity. Four
independent non-author annotators (3 computer scientists and
1 lawyer) rate each case on two questions: Q1 (did the swap
preserve sentence meaning?) and Q2 (should a fair model give
the same answer?). In case of a 2–2 tie, a fixed adjudication
rule resolves it (Q1: meaning-altered > exactly equivalent >
unsure; Q2: may-differ > same > unsure). The IMDB scope is
deliberate as it requires no domain expertise and it exhibits the
strongest hidden intersectional bias signal in our experiments.
We discuss the representativeness and limitations of this setting
in the threats to validity (Section VI).

3https://github.com/BadrSouani/HInter
4Most datasets (69%, nine out of 13) have at most three attributes [6].

Figure 5: Intersectional bias error rate (log-scaled y-axis).

MT-NLP comparison (RQ3): MT-NLP [7] generates mutants
by substituting sensitive-attribute terms and detects bias via
a metamorphic oracle, with no validity-filtering step. The
absence of input validation is a key property distinguishing
MT-NLP from HINTER (section VII). Thus, we quantify that
gap directly. We apply MT-NLP using its publicly available
implementation on the IMDB dataset and LLAMA2 model.
The experimental setting involves the IMDB originals, the
gender attribute (female ↔ male) and atomic mutations (MT-
NLP has no intersectional mode). Comparison is restricted to
the common-originals set, i.e., originals on which both tools
produced at least one mutant. For both tools, “mutants gener-
ated” refers to the raw count before any filtering (HINTER’s
dependency-invariant check, MT-NLP applies no equivalent
filter). Mutation quality and oracle precision for MT-NLP are
reported in the human-annotation study (RQ2).

Multiple runs and prompts (RQ8): We execute HINTER with
multiple runs and different prompts to assess its robustness and
sensitivity. We focus on LLAMA2 with IMDB and SCOTUS.
For RQ8.1, we repeat the pipeline ten (10) times under identical
settings, configured for deterministic decoding. This dedicated
stability re-run targets IMDB and LLAMA2. Three independent
runs conducted under uncontrolled decoding are also reported in
the supplementary material. We then run two further repetitions
using two alternative prompt templates per dataset (RQ8). The
labels, few-shot examples, and decoding parameters are fixed
(similar to RQ1). Results are discussed in RQ8 and Figure 11.

Implementation Details and Platform: HINTER and our
data analysis were implemented in about 6 KLOC of Python.
All experiments were conducted on a compute server with
four Nvidia Tesla V100 SXM2 GPUs, two Intel Xeon Gold
6132 processors (2.6 GHz), and 768 GB of RAM. We
provide the source code and experimental data for HINTER:
https://github.com/BadrSouani/HInter

Additional Details: Our artifact provides a more detailed
research protocol, details about our metrics and measures,
prompt configurations and prompt templates with examples.

V. RESULTS

Extended analyses and additional figures for all RQs are
provided in the supplementary material.
RQ1 HINTER’s Effectiveness



Table III: Details of Intersectional Bias Error Rates found by
HINTER. “ I ” means “Intersectional Bias Error Rate” and

“ H ” means “Hidden Intersectional Bias Error Rate”
Datasets Metric Llama 2 GPT 3.5 Legal-BERT BERT De-BERTa Ro-BERTa Total
ECtHR
(ECHR)

I 51.74 59.03 5.02 4.65 5.10 3.75 11.37
H (13.24) (13.70) (45.12) (15.35) (17.26) (18.18) (18.06)

LEDGAR
(Contracts)

I 25.35 7.04 0.00 0.00 0.00 1.05 4.58
H (12.37) (0.00) (0.00) (0.00) (0.00) (0.00) (12.24)

SCOTUS
(US Law)

I 12.32 21.32 1.02 2.34 4.76 2.25 10.60
H (26.33) (19.60) (40.87) (13.20) (5.86) (8.30) (18.92)

EURLEX
(EU Law)

I 89.62 91.00 19.99 20.28 19.02 22.97 21.66
H (1.35) (0.49) (37.53) (7.46) (11.86) (5.62) (14.73)

IMDB
(Reviews)

I 3.52 7.12 N/A N/A N/A N/A 5.43
H (28.38) (28.03) N/A N/A N/A N/A (28.13)

All
I 12.64 17.26 14.11 14.22 13.69 15.57 14.61
H (16.99) (18.19) (38.46) (8.36) (12.45) (6.64) 16.62

Figure 6: Accuracy of bias-inducing mutants versus
bias-inducing original inputs (N = number of bias errors).

RQ1.1 Bias Error Rate: We found that about one in seven
(14.61%) inputs generated by HINTER revealed intersectional
bias. Table III shows that the intersectional bias error rate
varies substantially by configuration, from 0.00% (LEDGAR,
fine-tuned encoders) to 91.00% (EURLEX, GPT-3.5). Decoder-
only models (GPT-3.5, Llama2) consistently produce higher
rates than fine-tuned encoder models (BERT, Legal-BERT,
RoBERTa, DeBERTa). On EURLEX, GPT-3.5 reaches 91.00%
and Llama2 reaches 89.62%, while fine-tuned encoders remain
in the 19–23% range. We attribute this gap to task-specific
fine-tuning, which anchors encoder predictions to dataset-level
label patterns and reduces sensitivity to surface-level token
substitutions. On LEDGAR, fine-tuned encoders show 0.00%,
consistent with low lexical overlap between bias-attribute terms
and contract classification. 39.88% of distinct original inputs
trigger at least one intersectional bias; per-model aggregate
breakdown is in the supplementary material. Figure 4 illustrates
the atomic bias error rate across the models. GPT-3.5 shows
the highest percentage of bias-inducing outputs at 21.71%,
significantly above the overall model average of 9.33%. We also
inspected the proportion of distinct original inputs that resulted
in generating at least one mutant with atomic bias errors.
GPT-3.5 again presents the highest susceptibility, with 35.78%
of original inputs producing bias-inducing mutants. Overall,
approximately 38.43% (more than one-third) of original inputs
led to errors. Overall, results show that HINTER is effective in
exposing (hidden) intersectional bias across tested models.

HINTER is effective in exposing intersectional bias: 14.61%
of the inputs generated by HINTER exposed intersectional
bias, and 16.62% of the intersectional bias errors exposed

by HINTER are hidden.a

a14.61% refers to the raw metamorphic-relation violation rate; human-
validated oracle results and discrimination rate are reported in RQ2.

An illustrative example of hidden intersectional bias found
by HINTER in LLAMA 2 on the EURLEX dataset is provided
in the supplementary material.
RQ1.2 Direction of Bias: We observed that intersectional bias-
inducing original inputs are equally likely to be correct or
incorrect as the bias-inducing mutants, i.e., the inputs generated
by HINTER. Figure 6 shows that across all datasets and models,
84.7% of intersectional bias-inducing original inputs and 83.2%
of the intersectional bias-inducing inputs generated by HINTER
(mutants) lead to incorrect LLM outcomes. The proportion of
the correct inputs for the bias-inducing original and mutants
is also close: 9.6% of original inputs inducing intersectional
bias produce correct LLM outcomes. In contrast, 8.5% of the
bias-inducing mutants produce correct LLM outcomes. This
result also holds for hidden intersectional bias, where we
observed that about four in five bias-inducing original inputs
(79.3%) or bias-inducing mutants (79.4%) lead to incorrect
model outcomes. These results suggest that intersectional bias-
inducing original inputs and HINTER’s bias-inducing mutants
are similarly likely to lead to correct or incorrect model
outcomes.

However, we observed that for inputs leading to hidden
intersectional bias, the original inputs are about 51% more
likely to be valid (“right”) than the mutants (9.20% vs. 13.92%).
We also found that bias-inducing mutants are more likely
to elicit an empty LLM response (“no answer”) than the
original inputs (see Figure 6). For intersectional bias-inducing
mutants, the mutants are 45% more likely to result in an empty
LLM response than the original inputs (8.3% vs. 5.7%). This
observation also holds for hidden intersectional bias. We found
that the LLM is 69% (11.37% vs. 6.74%) more likely not to
respond (“no answer”) for mutants than for the original inputs.
These findings suggest that HINTER induced more inaccuracies
and empty responses in LLMs than the original input during
(hidden) intersectional bias testing. In summary, these findings
demonstrate HINTER’s ability to generate inputs that induce
biased LLM behaviours beyond the original dataset.

HINTER induces errors beyond the original dataset:
HINTER’s bias-inducing mutants are 51% more likely to

cause incorrect LLM outcomes and 69% more likely to lead
to an empty LLM response than original inputs.

RQ2 Oracle Validation:
RQ2.1 Oracle Precision: We found that the vast majority
of HINTER’s metamorphic violations represent genuine bias.



Table IV: Human annotation study results (IMDB). Validity =
Q1 “exactly equivalent”; Precision = Q2 “same” given error-
inducing AND Q1=equivalent. 95% CI: Wilson score interval.
nprec: cases used for precision. Fleiss κ: Q1=0.386, Q2=0.519.

Group n Validity Val. 95% CI nprec Precision Prec. 95% CI
Intersectional HINTER 50 66.0% [52.2%, 77.6%] 15 86.7% [62.1%, 96.3%]
Atomic HINTER (gen.) 50 100.0% [92.9%, 100.0%] 25 100.0% [86.7%, 100.0%]
MT-NLP (gender) 50 84.0% [71.5%, 91.7%] 21 100.0% [84.5%, 100.0%]
HINTER-discarded 30 46.7% [30.2%, 63.9%] N/A N/A N/A

For atomic gender mutants, HINTER’s precision is 100.0%
[86.7%, 100.0%] (n=25), confirming that every semantically
valid flag reflects a true fairness violation. For intersectional
HINTER, precision is 86.7% [62.1%, 96.3%] (n=15). 13 of the
15 intersectional cases confirmed as both error-inducing and
semantic-preserving by annotators were judged as genuine
discrimination by annotators. For MT-NLP, precision is
also 100.0% [84.5%, 100.0%] (n=21) using a subset of 50
metamorphic violations reported in RQ3 (Table V). These
results validate HINTER’s metamorphic oracle, its violations
are mostly genuine fairness violations.

RQ2.2 Mutation Validity: We found that HINTER’s dependency
invariant enforces meaningful semantic filtering beyond gram-
matical correctness. Annotated valid intersectional mutants
reach 66.0% validity [52.2%, 77.6%] and valid atomic mutants
100.0% [92.9%, 100.0%], Meanwhile HINTER’s discarded
mutants achieve only 46.7% annotator validity [30.2%, 63.9%].
The gap between accepted (66–100%) and discarded (46.7%)
inputs shows that the invariant check eliminates mutations that
shift sentence meaning, not merely grammatically incorrect
ones. The lower validity for intersectional mutants (66.0%)
compared to atomic ones (100.0%) is expected since simulta-
neously substituting multiple attributes increases the likelihood
of altering semantics.

HINTER’s metamorphic violations are mostly valid bias
instances. Annotators mark 100% of HINTER’s atomic
violations as genuine bias and 86.7% [62.1%, 96.3%]

(n=15) of its intersectional violations as discriminatory.

RQ3 MT-NLP Comparison: We found that HINTER substan-
tially reduces the resulting test-suite in comparison to MT-NLP,
while maintaining a comparable violation rate. Table V shows
that on (26,943) common originals, MT-NLP generates 79,272
mutants and discovers 165 errors, while HINTER generates
27,877 mutants after the dependency invariant check and detects
74 errors (0.27%). The quality difference is confirmed by the
human-annotation study (RQ2). MT-NLP’s mutation validity
is 84.0%, versus 100.0% for HINTER’s atomic mutants, and
oracle precision is 100.0% for both tools (Table IV).

HINTER generates a test suite which is 2.8× fewer mutants
than MT-NLP, but with comparable bias rate.

Table V: HINTER vs. MT-NLP using atomic gender mutations
(female↔male), IMDB and LLAMA2. Bias error rate =
detected errors / retained mutants. For MT-NLP, no validity
filter is applied: valid mutants = generated mutants.

Tool Generated (pre-filter) Retained Flagged Flag Rate
MT-NLP 79,272 79,272 165 0.21%
HINTER 167,176 27,877 74 0.27%

Figure 7: The distribution of valid mutants (inputs that passed
invariant check) and discarded mutants (inputs that failed it).

RQ4 Grammatical Validity: We observed that the inputs
generated by HINTER are as valid as the original human-
written text. Figure 8 (a) shows that the inputs generated
by HINTER have similar grammatical scores as the original
(human-written) text for both atomic and intersectional bias
testing campaigns. For intersectional bias testing, the weighted
mean score of the original text (78.73%) is similar to that of
the inputs generated by HINTER (79.50%). We also found that
the grammatical validity of error-inducing inputs is slightly
lower than that of benign, non-error-inducing inputs for both
the original inputs and HINTER’s generated input (e.g., 82.72
vs 83.74 for atomic bias testing). The Grammarly scores for
generated inputs (mutants) remain similar to their corresponding
original inputs (see Figure 8 (a)). These results show that
HINTER generates grammatically valid inputs and preserves
the grammatical validity of the original input.

HINTER preserves the grammatical validity of the original
(human-written) inputs: HINTER’s generated inputs are as
grammatically valid as the original (human-written) texts.

RQ5 Dependency Invariant

RQ5.1 Number of Valid vs. Discarded Inputs: We found that
HINTER’s invariant check is effective in identifying invalid
mutated inputs: HINTER discards the majority (97.58%) of
mutated inputs as invalid because their dependency parse tree
does not align with the parse tree of the reference original
text. Figure 7 shows that most input mutations (129M/132M)
result in a different dependency parse tree in comparison to
the original text. Intuitively, this means that the majority of
generic mutations create inputs that have a different meaning or
intent in comparison to the original reference text. We observed
that only 2.42% of input mutations pass our invariant check.
This suggests that generic mutations (without our invariant



(a) Grammatical Validity (b) True and false positives

Figure 8: Details of (a) the proportion of HINTER’s generated
inputs that are grammatically valid vs. the original

(human-written), (b) the true and false positives generated by
HINTER, i.e., with/without dependency invariant.

check) mostly result in invalid test inputs.5 Intersectional bias
mutations and longer texts are more likely to be invalid (fail our
dependency invariant) due to their complexity. These results
emphasize the importance of HINTER’s invariant check.

HINTER’s invariant check effectively identifies invalid
inputs: It discarded millions (129M/132M) of mutants
whose dependency parse trees do not conform to the

original text.

RQ5.2 False Positives: Without HINTER’s dependency invariant,
developers would need to inspect about 10 times (10X) as
many fake errors as real errors. HINTER saves developers a
huge amount of time and effort, it reduces the biases testing
effort by up to 10 times (779,224 vs. 7,604,247). Generic
mutations, without dependency invariant, produce millions of
false positives – about nine out of every ten bias errors are false
positives: Figure 8 (b) shows that 90.71% (7,604,247/8,383,471)
errors produced by generic mutations are fake. These errors
are produced by invalid mutants that do not conform with
the original input. We also observed that intersectional bias
testing produces more false positives than atomic bias testing
(6,865,033 vs. 739,214) due to the increasing complexity of
intersectional mutants. This demonstrates the contribution of
HINTER’s dependency invariant.

HINTER’s dependency invariant saves developers from
inspecting millions of false positives (7,604,247) which are

10 times (10X) as many as true positives (779,224).

RQ5.3 Validity of Discarded inputs: This experiment employs
Grammarly [17] and a similar setting as RQ4. We sample
an additional 67K discarded mutants to compare to the 68K
valid inputs sampled in RQ4 for valid/generated inputs. Similar
to RQ4, we randomly sample about 10K original inputs and
their corresponding 67K discarded mutants, while aiming for
balance across sensitive attribute.

5Generic mutation-based bias testing approaches (e.g., MT-NLP [7]) mutate
inputs without a validity check.

Figure 9: The distribution of intersectional and atomic
bias-inducing mutants.

We found that valid inputs are up to 8.31% more grammati-
cally valid than the inputs discarded by HINTER’s invariant
check. The valid inputs generated by HINTER (i.e., pass its
invariant check) maintain similar grammatical validity as the
original input (79.50% vs. 78.73%). In contrast, discarded mu-
tants (that fail invariant check) do not preserve the grammatical
validity of the corresponding original texts. Discarded mutants
have (up to 6.4%) lower grammatical correctness scores
than the original texts (78.44% vs. 73.40%). These results
demonstrate that HINTER’s dependency invariant preserves the
validity of the original inputs.

HINTER’s invariant check preserves the validity of the
original text: Generated inputs are as valid as original
inputs but up to 8.31% more grammatically valid than

discarded inputs.

RQ6 Atomic Bias vs. Intersectional Bias:
RQ6.1 Bias-inducing Mutants: In absolute terms, atomic bias
testing misses about five times (5X) as many bias-inducing
mutants as intersectional bias testing (57,160 vs. 11,705).
Figure 9 shows that 16.99% (57,160/336,348) of intersectional
bias-inducing mutants do not have any corresponding atomic
bias. This implies that atomic bias testing is insufficient to
reveal intersectional bias instances. Meanwhile, we found
that 83.43% (58,925/70,630) of atomic bias-inducing mutants
have a corresponding intersectional bias-inducing mutants. This
suggests that intersectional bias testing exposes about four
in five atomic bias instances. These results emphasize that
intersectional bias testing complements atomic bias testing.

Atomic bias testing misses five times (5X) as many
bias-inducing mutants as intersectional bias testing (57,160

vs. 11,705).

RQ6.2 Bias-inducing Original Inputs: Up to one in ten (9.71%)
bias-inducing original inputs strictly lead to intersectional bias.
Across all settings, about 5.98% to 9.71% of bias-inducing
original inputs strictly trigger only intersectional bias. As an
example, Figure 10(c) shows that 9.71% (376) of bias-inducing
original inputs strictly lead to intersectional bias (Body X
Gender) sensitive attribute. We observed that up to half of all



(a) Race X Gender (b) Body X Race (c) Body X Gender

Figure 10: Venn diagram showing the distribution of
bias-inducing original inputs leading to atomic vs.

intersectional errors.

bias-inducing original inputs lead to both intersectional bias
and atomic bias. Notably, 49.64% of bias-inducing original
inputs lead to both intersectional bias as shown in Figure 10(b)
(Body X Race), as well as atomic bias (Body only and Race
only). Finally, about 4.64% to 14.04% of bias-inducing original
inputs strictly lead to atomic bias. This suggests that some
intersectional bias-inducing original inputs may not induce
atomic bias, and vice versa.

Up to one in ten (9.71%) original inputs are strictly
intersectional bias-inducing, their mutations do not trigger

atomic bias.

Table VI: Scalability results for HINTER on up to three
sensitive attributes, using the first 10K IMDB reviews and

LlaMA2. (# means number of bias errors)
Bias #Sens. Gen. Invariant Check Inter. Bias # Hidden Inter. Bias
Setting Attr. Inputs # (Passed Rate) # (Error Rate) # Error Rate)
Atomic 1 500,157 62,601 (12.52%) 1,536 (2.45%) /
2-Inters. 2 9,447,982 132,150 (1.40%) 3,899 (2.95%) 868 (22.26%)
3-Inters. 3 46,507,573 249,886 (0.54%) 9,851 (3.94%) 331 (3.36%)

RQ7 Scalability: Results show that HINTER is effective
in discovering intersectional bias with three simultaneous
sensitive attributes (N=3). Scaling from N=2 to N=3 increases
mutant generation from 9,447,982 to 46,507,573 candidates (a
4.9× increase, Table VI), which is why we restrict the N=3
experiment to the first 10K inputs on IMDB/LLAMA2. Notably,
Table VI shows that HINTER discovers intersectional bias with
three simultaneous sensitive attributes (aka 3-intersectional)
at a slightly higher rate than intersectional bias with three
simultaneous sensitive attributes (aka 2-intersectional) – 3.95%
vs. 2.95%. This result suggests that HINTER scales for more
than two sensitive attributes. However, we observed that the
rate of hidden bias errors is significantly (6X) lower for three
simultaneous sensitive attributes (3-intersectional). We attribute
this to the reduced likelihood that each of the three atomic
inputs for each sensitive attribute does not induce bias, but
the intersection of all three induces a bias. Table VII shows
a hidden intersectional bias with three simultaneous sensitive
attributes found by HINTER in LlaMA2. In summary, these
results imply that HINTER scales to more than two sensitive
attributes, but it is more difficult to reveal hidden intersectional
bias as the number of sensitive attributes increases.

Table VII: An Example of Hidden Intersectional Bias
involving three sensitive attributes found by HINTER in

Llama 2 and the IMDB (#12) dataset for Sentiment Analysis.
Mutations are marked in bold text and underlined. Bias (✘)

is characterized by changes in Llama 2 predictions. (“-” =
Not Applicable, ✔ = No Bias/Benign, ✘ = Bias detected)

Input Mutations Test Cases Exposing Hidden Intersectional Bias Llama 2
(Attr.) Pred. (Bias)

Original - “ ... People who have enjoyed . . . Negative (-)Carver is German . . . he’s not really staying . . . ”
Atomic I

(Body)
people→people ” ... People with mental disorder who have enjoyed . . . Negative (✔)
with mental disorder Carver is German . . . he’s not really staying . . . ”

Atomic II
(Race) German→Syrian ” ... People who have enjoyed . . . Carver is Syrian . . . Negative (✔)

he’s not really staying . . . ”
Atomic III

(Gender) He→She ” ... People who have enjoyed . . . Negative (✔)Carver is German . . . She is not really staying . . . ”
Inters. people→people ” ... People with mental disorder who have enjoyed . . .

Positive (✘)(Body, with mental disorder, Carver is Syrian . . . She is not really staying . . . ”
Race & German →Syrian,
Gender) He→She

(a) Multiple runs (10)

(b) Multiple prompts

Figure 11: Stability of HINTER’s bias error rates across (a)
ten deterministic runs and (b) different prompt configurations

(LLAMA2, IMDB and SCOTUS).

HINTER is effective in discovering intersectional bias
involving three sensitive attributes. However, discovering

hidden intersectional bias is challenging as the number of
sensitive attributes increases.

RQ8 HINTER’s Sensitivity



RQ8.1 Stability across Multiple Runs: We found that HINTER’s
bias error rates are stable across all ten runs. Because decoding
is fully deterministic, all ten executions produce bit-for-bit
identical outputs, with the only difference being inference time.
Consequently, the variance in HINTER’s error rates is zero
(0) across every metric and both datasets (see Figure 11(a)).
Per-instance hidden-label agreement is 100%. Every case
detected as hidden intersectional bias in the first run is detected
identically in all nine subsequent runs, with no disagreement
observed. This result confirms that HINTER’s findings are not
an artifact of stochastic decoding.

HINTER’s effectiveness is stable across ten deterministic
runs, with zero variance in error rates for both

intersectional bias and hidden intersectional bias, and
100% per-instance hidden-label agreement across all runs.

RQ8.2 Sensitivity to Different Prompts: The two alternative
prompt templates vary the phrasing of the task instruction (e.g.,
explicit enumeration of label names versus an implicit “classify
as” directive) while keeping the label set, few-shot examples,
and decoding configuration identical to RQ1. Full prompt
texts are provided in the artifact. We found that HINTER’s
effectiveness is mostly stable across multiple prompts, but varies
more for hidden intersectional bias than intersectional bias.
HINTER’s effectiveness is particularly stable for intersectional
bias error. For instance, HINTER’s error rate is between 3.34%
and 3.44% for IMDB, with a mean error rate of 3.41 and
zero (0) variance. However, we observe a higher variance for
hidden intersectional bias than intersectional bias, e.g., zero (0)
versus 10.59 for IMDB. Additionally, the stability of hidden
intersectional bias error rate of HINTER may be influenced
by the dataset: For example, IMDB exhibits a higher variance
than SCOTUS for hidden intersectional bias (3.48 vs. 10.59).
This result implies that HINTER’s performance is mostly stable
across multiple prompts.

HINTER’s effectiveness is stable across multiple prompts,
but varies more for hidden intersectional bias than

intersectional bias.

RQ8.3 Impact of Model Confidence on Bias: Results show that
the proportion of HINTER’s detected (hidden) intersectional
bias decreases as the model confidence threshold increases.
This result holds for intersectional bias in the IMDB dataset and
hidden intersectional bias (see Figure 12 (a)) in both datasets.
However, for SCOTUS, the proportion of intersectional bias
increases as the model confidence increases, especially above
the 90% confidence threshold. This implies that the LLM was
confident in portraying intersectional bias for SCOTUS. We
attribute this behaviour to the complex nature of SCOTUS (a
multi-class classification dataset) and the low model accuracy
of LlaMA2 for SCOTUS (see Figure 12 (b)). Overall, as the
LLM’s confidence increases, the proportion of hidden intersec-

(a) Hidden Intersectional Bias Error Rates by Threshold

(b) Accuracy of all Inputs by Threshold

Figure 12: Impact of confidence threshold on errors (Llama 2)
showing IMDB (orange) and SCOTUS (blue). The x-axis is

the confidence threshold (leftmost “No threshold” = 0%)

tional bias decreases. This suggests that model confidence can
mitigate the effect of (hidden) intersectional bias.

The proportion of hidden intersectional bias detected by
HINTER decreases as the LLM confidence increases.

VI. LIMITATIONS AND THREATS TO VALIDITY

We discuss the limitations of this work and the threats to
the validity of HINTER and its findings.

Construct Validity: This includes automated bias detection
in LLM responses and the metrics employed. We employ
a metamorphic test oracle with system prompts and few-
shot prompting to ensure LLM responses are within allowed
outcomes, and standard measures (error rate, proportion of
error-inducing inputs). These oracle settings and measures are
commonly employed in bias testing literature [7], [18]–[20].

Internal Validity: The threat to internal validity refers to
whether our implementation of HINTER actually discovers
intersectional bias. To mitigate this threat, we have tested
our implementation, conducted code review and validated
HINTER’s detected outputs via the structured human annotation
study (RQ2; n=180, 4 annotators, Fleiss κ=0.386–0.519), and
examined grammatical validity of generated inputs (RQ4,
RQ5). Our dependency invariant check automatically assesses
grammatical and structural conformance (matching POS tags
and dependency relations). Its contribution is assessed in
RQ5. HINTER’s dependency invariant enforces structural
conformance but not full semantic equivalence. Oracle precision
and mutation validity are empirically supported by RQ2



(IMDB only, extension to other datasets is future work). The
MT-NLP comparison (RQ3) is scoped to the gender attribute
and atomic level on IMDB (MT-NLP has no intersectional
mode), restricted to common-originals (N=26,943). MT-NLP
was designed for shorter inputs and has more substitution
opportunities on multi-sentence IMDB reviews. Key internal-
validity threats:
• Mutation design: word pairs from SBIC [8]; dependency in-

variant filters structure-altering candidates. Mitigated (RQ5).
• Oracle sensitivity: metamorphic oracle may detect benign

surface changes. Mitigated: 86.7–100% precision (RQ2).
• Syntactic-validation limits: invariant enforces POS-tag and

dependency conformance, not content-level semantics. Par-
tially mitigated: 66–100% validity for accepted vs. 46.7%
for discarded (RQ2).

• Stochasticity: Mitigated: 100% label agreement across ten
deterministic runs (RQ8.1).

• Distribution shift: SBIC terms may not match legal datasets;
assessed indirectly via RQ4 and RQ5. In legal texts, sensitive-
term substitutions (e.g., nationality or disability status in
ECTHR/SCOTUS cases) may carry task-relevant meaning
beyond surface form; this remains an unmitigated limitation.

External Validity: The main threat to external validity is
the generalizability of HINTER to other LLMs, datasets and
tasks. We mitigate this by employing models covering the three
main LLM architectures: encoder-only (BERT, Legal-BERT,
RoBERTa), decoder-only (GPT-3.5, Llama2), and encoder-
decoder (DeBERTa), across five datasets with well-studied
sensitive attributes [6] and complex tasks [3]. HINTER can be
easily adapted to new LLMs, datasets and tasks. A remaining
limitation is that our experiments use few-shot prompting,
which may not generalise to other prompting techniques. The
human annotation study (RQ2) and MT-NLP comparison
(RQ3) are both scoped to IMDB/LLAMA2. Four annotators
participated, none of whom are authors (Fleiss κ=0.386–0.519).
A remaining threat is that annotators reviewed highlighted
excerpts rather than full documents. Local-context presentation
may affect validity judgments for long inputs.
Dictionary Completeness: Our bias dictionary may not cover
all bias-prone word pairs. We mitigate this by using SBIC [8],
a well-known corpus of 150K social media posts. Extending
the dictionary to new sensitive attributes is achievable within
few LoC.

Higher-order mutations: Intersectional bias can arise
from mutations across more than two sensitive attributes.
While HINTER focuses on N=2, RQ7shows it scales to N=3
(race, gender, body) on IMDB/LLAMA2 (first 10K inputs for
tractability). Running higher orders at scale is computationally
intensive.

VII. RELATED WORK

Intersectional Bias Testing: Previous research has shown
that discrimination is multifaceted in the real world [6], [14],
[21]–[25]. Recent work analysed intersectional stereotypes
in LLMs [26], biased narratives [27], intersectional bias in

word representations [28] and NLP models [29], and hiring
disparities [30], consistently finding debiasing insufficient
for compounding biases. Fairness frameworks for multiple
protected attributes [31], [32] target structured data during
training and do not reveal hidden intersectional bias in LLMs.

Metamorphic Testing in NLP: NLPLego [33], [34] applies
metamorphic relations to discover functional errors, not bias.
MT-NLP [7] is the closest approach but is limited to atomic bias
testing and employs generic mutations without input validation,
leading to numerous false positives (Section 5, RQ5). We
directly quantify this gap in RQ3 (Table V): on the same
IMDB inputs, HINTER’s dependency invariant reduces the
test-input pool by 2.8× while maintaining a comparable bias
error rate (0.27% vs. 0.21%), and our human annotation study
(RQ2) shows MT-NLP’s mutation validity is 84.0% versus
100% for HINTER’s atomic mutants.

NLP Test Validity: NLP testing approaches validate test
cases using templates (e.g., Checklist [18]), grammars (e.g.,
ASTRAEA [19]), or ML techniques [35]–[37]. However, these
methods require manual curation and are not directly applicable
to new or unseen inputs.

Dependency Parsing: HINTER’s dependency invariant is sim-
ilar to structural invariants in machine translation testing [38]–
[40], which use dependency parsing to validate test inputs;
however, these approaches are designed for MT systems and
do not apply to bias testing.

Bias in LLMs: Previous work highlights challenges in
evaluating bias in LLMs [41]–[43]. These works rely on static
datasets rather than automated test generation In contrast,
HINTER automatically generates test cases to uncover hidden
intersectional biases, making bias evaluation more scalable.

VIII. CONCLUSION

This paper presents HINTER, an automated bias testing
technique that expose intersectional bias in LLMs. It gen-
erates valid test inputs that uncover hidden intersectional
bias via a combination of higher-order mutation analysis,
dependency parsing and metamorphic oracle. We evaluate the
effectiveness of HINTER using five datasets and 18 LLMs
and demonstrate that 14.61% of inputs generated by HINTER
expose intersectional bias. We also show that intersectional
bias testing is unique and complements atomic bias testing:
16.62% of intersectional bias found by HINTER are hidden.
Furthermore, HINTER’s dependency invariant reduces the
number of bias instances developers need to inspect by an
order of magnitude (10X). We hope that this work will enable
LLM practitioners to discover intersectional bias. Finally, we
provide our experimental data, supplementary materials and
HINTER’s implementation to support replication and reuse in
our repository: https://github.com/BadrSouani/HInter
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