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Abstract
Large Language Models (LLMs) achieve competitive results on Natural Language Inference when applied to clinical
trials; however, it is not yet clear which type of inference LLMs perform well or poorly on. We address this by
proposing new supplementary annotations for the existing NLI4CT dataset on the types of inferences observed in
clinical trials. Our dataset supplements NLI4CT with a total of 1,949 new annotations using our carefully crafted
guidelines for 17 types of inferences. To investigate how inference types affect the performance of LLMs, we prompt
Flan-T5, Llama, Mistral, and Qwen and evaluate their performance using our newly annotated dataset. We found that
logical inferences negatively affect the overall performance of Qwen3-4B, Qwen2.5-7B, and Qwen2.5-14B, whereas
numerical inferences negatively affect the performance of Flan-T5-XL and Mixtral. Further analysis shows that
MMed-Llama-3 struggles to understand the structure of clinical trial reports. Other parameters, such as the number
of inference types involved or the section type in the premise, also influence the performance of the models. Our

code and dataset are publicly available.

Keywords: Natural Language Inference, Clinical trials, Large Language Models.

1. Introduction

Large Language Models (LLMs) often obtain high
accuracy or F1-score when evaluated on Natu-
ral Language Understanding tasks (Fourrier et al.,
2024). They tend to outperform encoder-only ar-
chitectures, such as BERT-like (Devlin et al., 2019)
models, traditionally used for these discriminative
tasks. Despite achieving competitive results, it is
often not clear on what elements the model is re-
lying on to make its prediction and what type of
knowledge it uses. Natural Language Inference
(NLI) consists of determining whether a statement
can be inferred from a given premise. The possi-
ble outcomes are either entailment, contradiction,
or neutral. This task can be quite challenging as
the model needs to identify pieces of evidence in
the premise and compare them to the statement
to determine the inference relation. Often, the en-
tailment relation has to be a multi-hop process,
meaning that the model must perform several sub-
inferences to deduce the final relation. Models
need to understand links between concepts and
use previously acquired knowledge, and can not
only rely on words’ surface forms to deduce the
inference relation (Mahowald et al., 2024). We
hypothesize that these sub-inferences involve dif-
ferent kinds of knowledge, some of which might
be challenging to deal with for LLMs, especially in
a domain-specific setting. We test this hypothe-
sis in the clinical trials domain, using the NLI4CT
dataset (Jullien et al., 2023a). This dataset applies
NLI to clinical trials, covering cases where entail-
ment is tested from their results, adverse events,

interventions, or eligibility criteria sections.

We define 17 different inference types observed
in NLI4CT, clustered in 6 categories. To do so, we
manually annotate NLI4CT’s test set and prompt 9
LLMs, pretrained on the medical or the general do-
main, and using 2 types of architectures: decoder-
only models and Sequence-to-Sequence models.
Our results show that Flan-T5-xI, Mixtral, Qwen3-
4B, Qwen2.5-7B, and 14B are sensitive to the pres-
ence of certain inference types, like numerical and
logical inferences, affecting the performance nega-
tively when this type of inference is present.

The contributions of the paper are the following:
(i) we propose an annotation scheme for inference
types for clinical trials; (ii) we annotate the NLI4CT
dataset according to this scheme; (iii) we analyze
the performance of 9 LLMs on NLI4CT according
to these inference types. (iv) finally, we perform an
error analysis. Our code and dataset are publicly
available on GitHub.'

2. Related Work

Dagan et al. (2006) define the task of NLI to be “the
task of deciding, given two text fragments, whether
the meaning of one text is entailed (can be inferred)
from another text”. This task has been studied
and applied in various domains. However, there is
no universal definition of the existing different infer-
ence types, since defining inference types depends
on the studied domain and research purpose (Yan
et al., 2020). In the following section, we propose
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a review of existing schemes for inference types
definition.

2.1,

Previous studies have defined different inference
schemes specially tailored for their research focus
and application domains.

Yan et al. (2020) create a schema to focus on
linguistic aspects of inference types in the domain
of opinion mining. The authors focused on provid-
ing annotations on whether an inference is present
and, if so, which type between the following: Log-
ical, Pragmatic, Lexical, Enunciative, and Discur-
sive. Their aim was not to provide an analysis of
models’ performance on the NLI task but to ana-
lyze the different types of inference present in their
corpus.

Instead of defining inference type schemes to pre-
dict which type of inference is present in a corpus,
other studies have defined schemes to analyze the
performance of language models on different infer-
ence types. These methods allow for evaluating
models’ reasoning steps instead of solely focus-
ing on global models’ accuracy or similar metrics,
and to know which kind of knowledge the model
is missing. To address this issue, a few annota-
tion schemes (Nie et al., 2020; Joshi et al., 2020;
Williams et al., 2022) have been proposed to assess
a more fine-grained evaluation of models’ perfor-
mance on inference types (also called reasoning
types). Nie et al. (2020) release the ANLI dataset
to propose a novel challenging NLI dataset to The
authors define the following reasoning types: Nu-
merical & Quant., Reference & Names, Standard,
Lexical, Tricky, Reasoning & Facts, Quality. Later
on, Williams et al. (2022) reuse ANLI to perform
a more in-depth analysis by defining 40 different
fine-grained types, clustered in Numeral, Basic,
Reference, Tricky, Reasoning, and Imperfections
categories. TaxiNLI (Joshi et al., 2020) define a
similar taxonomy with the Linguistic, Logical, Knowl-
edge top-level categories. In the clinical trials do-
main, NLI4CT provides supplementary annotations
by separating the Numerical inferences from the
rest of the instances. In a more recent study, Jul-
lien et al. (2025), define more types of reasoning
for NLI4CT by introducing 6 types of reasoning
including expectation-driven evidence reasoning,
clinical trial reasoning, lexical equivalence, world
knowledge inference, domain-grounded quantita-
tive derivation, and quantitative comparison.

These schemes were mainly designed for
general-domain applications, only one study
(NLI4CT) addressed the clinical trials domain.
In addition, these studies investigated Masked-
Language Models, whereas our study focuses on
Large Sequence-to-Sequence and decoder-only
models. Sec. 3.2 gives a detailed comparison of

Annotating Inference Types

these annotation schemes with the one we pro-
pose.

2.2. NLI4CT Dataset Description

The NLI4CT corpus consists of a collection of En-
glish breast cancer Clinical Trial Reports (CTRs)
taken from clinicaltrials.gov. The NLI4CT task ap-
plies NLI to clinical trials with several use cases,
such as checking whether a patient complies with
the trial’s eligibility criteria or whether a claim can
be deduced from the trial’s results. A premise is
composed of a whole section of a CTR that can
either be the Eligibility Criteria, the Intervention, the
Results, or the Adverse Events. NLI4CT comprises
two kinds of instances: single, where only one CTR
is involved to perform the inference, and compari-
son, where two CTRs are needed to be compared.
A statement is one or two sentences long and has
been created artificially. By analyzing the state-
ment and the premise together, a model should
predict whether the statement entails or contradicts
the premise. The original dataset is balanced be-
tween Entailment and Contradiction labels. The
task depends on several kinds of inference, includ-
ing biomedical reasoning, commonsense reason-
ing, and numerical reasoning.

3. Methodology

In this study, we first systematically investigate the
types of inference and knowledge involved in the
inference process by defining an inference types
schema, annotating the NLI4CT dataset, and then
examining which inference types remain challeng-
ing for LLMs. We first present our annotation pro-
cess (Sec. 3.1), then provide a definition for each
inference type (Sec. 3.2), and evaluate the models’
performance on them (Sec. 3.3).

3.1.

We define and identify the different inference types
in the NLI4CT dataset needed to solve the infer-
ence relation. The goal is to define labels that
cover all observed inference types, are fine-grained
enough, and have minimal overlap to prevent an-
notator disagreements. We follow an incremental
process to define the different inference type la-
bels, drawing on relevant ones from the literature
to create our own labels and adapt them to our
use case. We sample a first subset of 10% from
NLI4CT’s test set, ensuring that these 50 instances
are representative of the full test set in terms of
Entailment/Contradiction and Single/Comparison
ratios. We use this first subset as a basis for defin-
ing our labels. We start by drawing super-classes
of inference types (see Sec 3.2): Task related ex-
pression, Logical, Generic knowledge, Biomedical,

Annotation Process
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Numerical, and lastly Typo/Error. Then, we de-
fine more fine-grained categories (see Fig. 3) using
the examples contained in the subset we sampled.
These fine-grained labels are the ones used to an-
notate the test set. Each instance is labeled with
one or more inference types whose combination is
deemed necessary by the annotator to establish
the inference relation. We asked three annotators,
all NLP researchers and authors of this paper, to
produce the annotations. After the first round of an-
notations, the annotators discussed the labels and
revised the annotation guidelines. We conducted
a second round of annotations, during which the
annotators worked independently on a subset of
50 additional instances using the final annotation
guidelines.? After the second round of indepen-
dent annotations, the annotation conflicts were dis-
cussed and resolved during two additional rounds.
Tab. 1 presents the final inter-annotator agreement
using Krippendorff’s alpha for this subset.

Inf. type | «

Pair «a TRE 1.00
A1vs A2 | 0.94 Num 0.97
A1vs A3 | 0.95 Bio 0.91
A2 vs A3 | 0.90 GK 1.00
Average | 0.93 Log 0.99
. . TE 1.00

(a) Pairwise inter- Average | 0.98

annotator agreement
on inference type
labels using Krippen-
dorff’'s a.

(b) Average Krippen-
dorff’'s’ a per inference
type between the 3 an-
notators.

Table 1: Inter-annotator agreement measures.

We achieve an average score of a = 0.93, indi-
cating a satisfactory agreement. Labels such as
Task-related expression and Typo/Error were quite
straightforward to annotate. Another difficulty is
the lengthy premises and statements—averaging
125 words for premises (up to 1,388 words) and
22 words for statements—which makes them chal-
lenging to analyze and capture all subtleties. The
remaining test set was annotated by annotator A1,
resulting in a total of 1,949 annotations for 500
statement-premise pairs. Fig. 1 displays the cor-
pus statistics. Fig. 2 presents the correlation matrix
between the different inference types. Annotators
were also asked to re-annotate the dataset in terms
of Entailment and Contradiction. Annotators iden-
tified a few mistakes and achieved an « of 0.97
with the original NLI4CT’s annotations. While the
original test set was balanced between Entailment
and Contradiction, we obtain slightly more Contra-
diction instances (253) than Entailment ones (247).
We also provide these annotations.

2 Annotation guide.

Figure 1: Count of occurrences of inference types
labels and NLI labels in the test set.

3.2.

We define super-classes of inference types that
comprise more fine-grained types. Fig. 3 illustrates
the complete schema.

Inference Types: Definitions

Task-related expression (TRE): any expression
that refers to clinical trials or the structure of a clini-
cal trial report. For instance, the different cohorts,
arms, or groups.

E.g., Statement (S): Patients diagnosed with
breast cancer may be eligible for all study groups
in the primary trial and the secondary trial.

Premise (P): Inclusion Criteria: Healthy Par-
ticipants (Part 1 only) ... HER2-Positive Females
(Parts 1 and 2) ... Exclusion Criteria: Healthy Par-
ticipants (Part 1 only) ... HER2-Positive Females
(Parts 1 and 2). = part 1 and part 2 are the study
groups, while inclusion and exclusion criteria are
determining the patient’s eligibility.

Logical (super-class):
fiers, as specified below.

Conjunction (Conj): terms in the statement ex-
pressing a logical AND.

E.g., S: The primary trial intervention section re-
quires surgical and imaging procedures.

Disjunction (Disj): terms in the statement ex-
pressing a logical OR.

E.g., S: Aes were not recorded for the primary
trial or the secondary trial.

Negation (Neg): atermin the statement express-
ing that some assertion is not true.

E.g., S: Aes were not recorded for the primary
trial or the secondary trial.

Contrast: some terms in the statement express-
ing a contrast between two clauses, using words
like but, whereas, however, etc.

E.g., S: Children are not eligible for the primary
trial however they are not explicitly excluded from
the secondary trial.

Universal quantifier (UQ): A term in the state-
ment asserts that a condition applies to all elements

connectives and quanti-
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Figure 2: Correlation matrix of the inference type labels.
E.g., S: over 15% of patients in the primary trial
and the secondary trial suffered from infections
g during the study period.
-Contrast . . -
| (et ] P: Primary trial: Infection * 1/32 (3.13%). Sec-
ondary trial: Infections and infestations - Other, un-

Generic k led,
— [Typofemol]
e [Talcreted oxresion]

Numerical

Figure 3: Our categorization of inference types in
NLI4CT.

in a specified set (V symbol).

E.g., S: Patients diagnosed with breast cancer
may be eligible for all study groups in the primary
trial and the secondary trial.

Existential quantifier (EQ): a term in the state-
ment asserts that a condition applies to at least one
element in a specified set (3 symbol).

E.g., S: In total there are less cases of anemia
in the primary trial than in the secondary trial.

Numerical (super-class): fine-grained numeri-
cal inference types that include arithmetic opera-
tions, conversions, comparisons, and manipulation
of numbers and quantities.

Numerical comparison (NC): when two num-
bers or quantities need to be compared and
checked whether the number mentioned in the
statement matches, is greater than, etc., the one
in the premise.

specified 1/15 (6.67%) ... Infections and infesta-
tions - Other, unspecified 0/5 (0.00%).

Numerical arithmetic (NA): when an arithmetic
operation (addition, subtraction, multiplication, divi-
sion) is needed to solve the inference relation.

E.g., S: All Patients receiving the placebo inter-
vention in the primary trial experienced emesis.

P: Outcome Measurement: Number of Eme-
sis Free Participants During the Study Period.
... Overall Number of Participants Analyzed 20.
Measure Type: Number. Unit of Measure: Par-
ticipants 5. = = = 25% # 100%, which means
that not all participants experienced emesis.

Unit conversion (UC): a conversion from one
unit to another is required to solve the inference
relation.

E.g., S: A Patient that has a primary tumour with
a diameter of 33mm measured by clinical examina-
tion and echography, would be eligible for both the
primary trial and the secondary trial.

P: Primary tumour greater than 2 cm diameter. ..
= convert the millimeters into centimeters to be
able to compare the 2 measures.

Fuzzy quantity (FQ): a quantity subject to sev-
eral interpretations is present in the statement, and
its interpretation is needed to solve the inference
relation, using words like almost, several, etc.

E.g., S: Several recorded Aes in the primary trial
occurred to cohort 1 patients.

Biomedical (super-class): biomedical terms
and knowledge that are needed to solve the in-
ference relation.
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Ancestor-descendant relation (ADR): terms
that are either children or parents of the considered
term in the premise.

E.g., S: There was at least 1 recorded
gastro-intestinal adverse event in the primary trial.

P: Vomiting 0/149 (0.00%). = vomiting is a child
of gastro-intestinal adverse event.

Biomedical acronym (BA): acronyms that
shorten a biomedical term or expression. This
acronym should be listed in one of the terminologies
of the UMLS.

E.g., S: Women suffering from both claustropho-
bia and IBS or not eligible for either the primary
trial or the secondary trial. = IBS = Irritable Bowel
Syndrome.

Biomedical notion definition (BD): instances
that require knowing the definition of a medical term
and what properties it implies, and then to compare
these properties with the information in the premise.

E.g., S: Morbidly obese patients are eligible for
the primary trial.

P: Have a BMI of 25 kg/m2 or greater. = Morbidly
obese patients have a BMI greater than 40 kg/m?2.

Biomedical synonym (BS): two biomedical
terms, one in the statement and one in the premise,
that are equivalent.

E.g., S: Both interventions in the primary trial
include the same dose of Paraplatin.

P: INTERVENTION  2:
Taxotere/carboplatin/herceptin.
is the brand name of Carboplatin.

Arm 2
= Paraplatin

Generic knowledge (GK): as opposed to
domain-specific knowledge, notions that do not fall
into the previous categories. In our case, these are
often temporal words (months, hours) or concepts
such as age, gender, ethnicity, nationality, etc.

E.g., S: There are no conditions on mental health,
bodyweight, age, Karnofsky/ECOG score or previ-
ous treatments that need to be met in order to be
eligible for the primary trial.

P: Inclusion Criteria: Women 18 years. ..

Typol/error (TE): we annotate a typo or error in
the statement or the premise that would lead to
a major misunderstanding of them and have an
impact on the inference relation resolution of state-
ment and premise(s).

E.g., S: The the primary trial intervention section
dose not describe the method of administration,
dosage or cycle. —> The appears twice and does
is replaced by dose.

Comparison to previous annotation schemes
The original annotation provided with NLI4CT only
separates the examples involving a numerical in-
ference and does not provide more precise cate-

gories.> We computed the overlap of instances
labeled as Numerical in NLI4CT with numerical
instances using our definition, which shows that
we share 83% of instances labeled as Numerical.
This suggests that a similar definition was used
in both studies. Our Numerical super-class aligns
with those of ANLI (Nie et al., 2020) and Williams
et al. (2022), and shares the Mathematical aspect
of TaxiNLI’s Logical. Our Logical largely encom-
passes TaxiNLI’s Logical, which corresponds to
ANLI’'s Standard, and Williams et al. (2022)’s Ba-
sic for conjunction and negation. Generic knowl-
edge corresponds to some aspects of ANLI’s and
Williams et al. (2022)’s Reasoning, and TaxiNLI’s
Knowledge. Typo/error maps to Williams et al.
(2022)’s Imperfections. Biomedical does not re-
ally map to any categories in other schemes and
can be considered original since all the previous
schemes are dealing with general-domain data.

3.3. Prompting Large Language Models

We select open-source LLMs, highest ranked in
SemkEval 2023 (Jullien et al., 2023b) and 2024
(Jullien et al., 2024). We evaluate the following
models: Flan-T5-xI and xxI (Chung et al., 2024),
Mistral-7B-Instruct-v0.1 (Jiang et al., 2023), Mixtral-
8x7B-Instruct-v0.1 (Jiang et al., 2024), Llama-3.2-
8B-Instruct (Dubey et al., 2024), Qwen3-4B-Instruct
(Yang et al., 2025), Qwen2.5-7B and 14B-Instruct
(Yang et al., 2024), all pretrained for the general
domain. In addition, we use MMed-Llama-3-8B-
Enins (Qiu et al., 2024), a Llama3 model finetuned
on the medical domain.

We use the same template as Kanakarajan and
Sankarasubbu (2023) and added the mention "An-
swer only with:" to better constrain models to output
the desired labels:

{Premise} Question: Does this imply that {State-
ment}? Answer only with: {options}, with options
being Entailment and Contradiction.

We performed in a zero-shot setting, and used
a temperature of 0.7, a top_p of 1.0, and top_k
of 0. We set the maximum number of generated
tokens to 10 and parse the produced answers using
regular expressions. Accuracy is used to report the
model’s performance.

4. Results and Discussion

4.1. Overall Performance

In Tab. 2, we report the mean global accuracy (in
column All types) to predict Entailment or Contra-
diction for all the instances of the test set of NLI4CT,

3Even though the paper talks about biomedical, com-
monsense, and numerical reasoning, the annotations
only include numerical labels.
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using the template described in Sec. 3.3. All the
experiments are run three times, each with a dif-
ferent random seed (42, 55, and 3354). Qwen2.5-
14B achieves the best results, with an accuracy
of 0.73, followed by Qwen3-4B, with 3 accuracy
points of difference but also 3.5 times fewer pa-
rameters than Qwen2.5-14B. On the other hand,
MMed-Llama performs the worst with an accuracy
of 0.55, which is close to random. We also compute
the “hypothesis-only baseline” (Gururangan et al.,
2018) by replacing the original premise with a ran-
dom one. We observe that the worst-performing
models perform similarly in both cases, indicating
that they rely on superficial cues in the statement
to predict the NLI label.

4.2. Performance per Inference Type

For each inference type, we compute the mean
accuracy on the 3 runs. We define 2 subsets: the
i subset, where we compute the accuracy only on
instances labeled with inference type ¢, and the
i set, where we compute the accuracy on all the
instances that are not labeled with ;.

To test whether the difference of performance be-
tween 7 and i is statistically significant, we perform
a Chi-square (x?) test (Agresti, 2013) with a p-value
threshold of 0.05. We define x2-type, where, for
each model, the x? is computed on one i and i
inference type subsets (see Eq. 1). The null hy-
pothesis is: “When inference type i is present, the
model performs as well as when the inference type
i is not present.”

2
Xfype = Z (Ok EEk) (1)
ke{i,i} k

Where Oy, is k’s observed frequency and Ey, k's
expected frequency. For each of the three runs of
a system, we compute its mean y2-type and the
associated p-value. In all cases, the p-value of the
three runs is on the same side of the threshold.

Tab. 2 reports these results, where highlighted
cells show the pairs of results with significant dif-
ferences. Globally, not all models are sensitive to
the different types of inference involved. The best-
performing models (scoring at least 17 points above
randomness) show sensitivity to the different infer-
ence types. Even across different versions of the
same type of model—for example, Flan-x| versus
Flan-xxl—we do not necessarily observe a sensi-
tivity. Logical and Numerical remain particularly
challenging classes.

For Flan-T5-xl, overall performance is affected by
Numerical inferences, with the presence of Numer-
ical comparison significantly reducing performance
(NC = 0.63 and NC = 0.74). Mixtral is nega-
tively impacted by Unit conversion for Numerical
with UC' = 0.44 and UC = 0.69. Qwen2.5-7B is

negatively impacted by Negation with Neg = 0.62
and Neg = 0.72. Qwen3-4B is negatively impacted
by Negation with Neg = 0.57 and Neg = 0.74 and
Disjunction with Disj = 0.59 and Disj = 0.72.
Qwen2.5-14B is also impacted by Negation with
Neg = 0.58 and Neg = 0.77 and Disjunction with
Disj = 0.63 and Disj = 0.75. While Jullien et al.
(2023a) also had similar observations, where mod-
els struggled more with numerical inference than
other types of inference, we found that Logical also
has a significant impact on models’ performance.
In addition, as displayed in Fig. 2, Negation and Dis-
junction are highly positively correlated, which sug-
gests that the presence of the two together makes it
even harder for the models to deal with. In contrast,
the other challenging labels are not correlated with
each other.

5. Error Analysis

In this section, we perform a more in-depth analysis
of our results. For better readability, we focus on the
two best-performing models, the worst-performing
model, and Flan-xI, which has a Seq2Seq architec-
ture unlike the others.

5.1. Are LLMs able to understand the
CTR structure?

Understanding the structure of a CTR is both es-
sential and challenging for solving the NLI task. In-
deed, the model needs to understand the different
cohorts, groups, or arms, along with their corre-
sponding results, interventions, eligibility criteria,
and adverse events. This is the first step toward
understanding the statement and considering the
appropriate evidence to establish the inference re-
lation.

All test set instances were annotated with Task-
related expressions, indicating that understanding
the structure of CTR and the relationship between
the statement and the premise is a necessary step
in reasoning. Most often, other reasoning types co-
exist with this label. Twelve instances in the dataset
were labeled solely as Task-related expression and
require only an understanding of the CTR structure,
with no other type of reasoning involved. Tab. 3
displays the performance of different models on
this label.

The results show that both Qwen models seem
to be able to deal with CTR structure quite well
since their performance on TRE-only is greater
than the performance on all types of inference. On
the other hand, MMed-Llama exhibits a poor per-
formance, which suggests that the model does not
understand the CTR structure and can explain why
it struggles to solve examples involving multiple
inference types.
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Model Log Log Num Num Bio Bio GK GK TE TE Alltypes H.O
MMed-Llama-3 0.56 0.55 0.52 055 0.55 0.55 0.49 0.56 0.56 0.55 0.55 0.50
Llama-3 059 055 055 056 0.54 055 057 0.56 0.71 0.55 0.56 0.52
Mistral 0.57 059 0.60 058 0.61 0.58 0.55 0.56 0.67 0.55 0.59 0.49
Flan-T5-xI 0.68 0.67 056 0.70 0.67 0.67 0.68 0.67 0.81 0.67 0.67 0.53
Flan-T5-xxI 0.68 0.66 0.63 0.68 0.67 0.67 0.61 0.67 0.75 0.67 0.67 0.52
Mixtral 0.65 0.68 0.63 0.68 0.65 0.68 0.58 0.68 0.58 0.68 0.67 0.51
Qwen2.5-7B 0.67 0.70 069 0.69 069 0.69 0.65 0.70 0.63 0.70  0.69 0.51
Qwen3-4B 0.66 0.71 0.69 0.70 0.71 0.70 0.66 0.70 0.56 0.71 0.70 0.51
Qwen2.5-14B 069 0.73 0.72 0.73 0.72 0.73 0.62 0.73 0.63 0.73 0.73 0.50

Table 2: Mean accuracy per super-classes of inference type on the i and i subsets, in decreasing order of
All-types accuracy. GK = Generic knowledge, Num = Numerical, Bio = Biomedical, Log = Logical, TE
= Typo/Error. Task-related expression is not reported since it appears in every example of the dataset,
which means its performance is equivalent to All types. Highlighted cells show pairs of results with
statistically significant differences between the presence and absence of the inference type. H.O is the
“hypothesis-only baseline”. Standard deviations are all less than or equal to 0.01, so we do not report

them in the table.

Model TRE-only
MMed-Llama-3 0.25
Flan-T5-xI 0.63
Qwen3-4B 0.88
Qwen2.5-14B 0.79

Table 3: Mean accuracies on three runs, on ex-
amples labeled only with Task-related expression
(TRE) label.

5.2. Is the number of inference types
involved having an impact on

performance?

We hypothesize that having a higher number of dif-
ferent types of inference would lead to a decrease
in performance, due to the multiple types of knowl-
edge that the model needs to put in contrast.

Fig. 4 shows the mean accuracy as a function of
the number of inference types in each example.

Figure 4: Evolution of the mean accuracy on the
three runs as a function of the number of inference
types involved in the considered example.

As mentioned in Sec. 5.1, when only one label is

present, this is necessarily Task-related expression.
All models except MMed-Llama achieve one of their
highest performances in this case. When intro-
ducing two types of inference, model performance
tends to increase slightly or remain stable, except
for Qwen3-4B and Mixtral, whose performance de-
creases. Generally, adding more inference types
simultaneously is more challenging. Surprisingly,
for seven types of inference, Qwen3-4B, Qwen2.5-
14B, and Mixtral achieve similar performance as
when there are two types of inference present. How-
ever, models fall short when facing eight types of
inference, except for Qwen2.5-14B. Note, though,
that only 18 examples are labeled using 7 different
types of inference while only 6 examples are la-
beled with 8 different inference types ; whereas 58
examples populate the other performance peak,
where two inference types are involved. Qwen
models were all struggling with Negation. For ex-
amples involving two inference types, Negation is
only present in 2% of the examples, meanwhile
for examples involving 7 types Negation is present
for 67% of the examples. We hypothesize that in
the case of 7 inferences, the presence of the other
types of inference compensates for the difficulty
of Negation. In contrast, when only two inference
types are present, there are no additional types to
provide compensation; however, since Negation
accounts for only 2% of the instances, the model
still achieves high performance.

5.3. Is Comparison harder than Single?

Comparison examples require confronting two
CTRs for a given statement. One would expect
them to be more challenging, as the model must
handle two premises and identify more pieces of
evidence compared with a Single-example case.
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Figure 5: Accuracy of the different models for Com-
parison and Single examples in function of the in-
ference type involved.

Fig. 5 shows the accuracy of the models for Com-
parison and Single examples in function of the in-
ference type involved.

For the four models, Single remains easier than
Comparison. However, depending on the type of
inference involved, this observation varies: Qwen-
14B, Flan-xl, and MMed-llama achieve a higher
performance on Numerical arithmetic for Compari-
son than Single. Qwen-14B also performs better
on Existential quantifier and Typo/error for Com-

parison. Surprisingly, Qwen3-4B is much better on
Unit conversion, Biomedical notion definition, Ex-
istential quantifier, and Universal quantifier when
it is a Comparison. Some inference types in a
Comparison setting are challenging for all models:
Biomedical synonym, Biomedical notion definition,
and Generic knowledge. These types of inferences
particularly require comparing several pieces of
text, e.g., when comparing synonyms in the first
and second CTR premises with the statement.

5.4. Adverse Events vs Results vs
Intervention vs Eligibility

In each example, the premise is composed of one
whole section, either Adverse Events, Results, In-
tervention, or Eligibility. Each section has its own
structure and involves different types of knowledge.
Fig. 6 displays the mean accuracy of each model
per CTR section.

Section
= Adverse Events
= Eligibility
= intervention
- Results

Mmed-llama

Qwen2.5-148 Qwen3-48 FlanT5-XL

Figure 6: Mean accuracy in function of the section
considered as the premise.

We also compute the top-3 most frequent infer-
ence type labels present for each section to know
what kind of knowledge is most frequently needed
to solve an inference involving a given section.
While Eligibility and Intervention are mostly labeled
with inference types belonging to the Logical super-
class, Adverse Event is labeled equally with Nu-
merical and Logical inference types, and Results is
strongly dominated by Numerical inference types.

For Qwen models, the Eligibility section is the
most challenging, with up to 6 points of difference
with the other sections. Flan-T5-xI has a gap of
up to 11 points between the Eligibility and Results
sections. MMed-Llama-3 achieves almost random
performance for all sections, except for Adverse
Events with up to 13 more points. We note that
the sections on which LLMs struggle are the ones
with a higher presence of the inference type whose
presence leads to a significant decrease in perfor-
mance.
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6. Conclusion

In this study, we proposed a definition of inference
types and new annotations for the NLI4CT dataset
for natural language inference on clinical trials. We
defined 17 different types of inferences present
in NLI4CT, clustered in six super-classes: Task
related expression, Logical, Biomedical, Numerical,
Generic knowledge, and Typo/Error. \We believe
that these definitions and this methodology could
also be used for general-domain or other domain-
specific applications.

We investigated the influence of each inference
type on the performance of several open-source
LLMs and found that not all models are sensitive
to all inference types. Only the models with com-
petitive performance exhibit sensitivity to the pres-
ence of certain inference types. In general, there
is a significant drop in performance on logical and
numerical inference types. We found that Flan-T5-
xl is sensitive to Numerical Comparison, Mixtral
to Unit conversion, and the three Qwen models
are all sensitive to Negation, with Qwen3-4B and
Qwen2.5-14B also sensitive to Disjunction. For fu-
ture work, we plan to run the same experiments in a
few-shot setting or using Chain-Of-Thought to see
whether these approaches would improve results.
We also plan to examine LLMs’ weaknesses by an-
alyzing natural-language explanations associated
with predicted labels and determining whether they
correlate with our observations.

7. Limitations

The annotation process remains complex, with
sometimes an overlap between inference types
such as Ancestor-descendant relation and Biomed-
ical synonym, or Generic Knowledge and Unit con-
version when it comes to dealing with months,
hours, etc., which led to many discussions during
the annotation process. As stated by Pavlick and
Kwiatkowski (2019), these disagreements can re-
flect the full distribution of plausible human judg-
ments. To provide a better understanding of the
possible annotations produced during our process,
we also release the 50 instances annotated by the
three annotators and the corresponding justification
for each instance.

8. Ethical Considerations

The NLI4CT task uses clinical data extracted and
processed from clinicaltrials.gov. This resource is
freely available, provided by the National Library
of Medicine, and is an official U.S. Department of
Health and Human Services website.

All annotators are NLP researchers, authors of
this paper, and paid by their own institutions. They

gave consent to annotate this dataset as part of
their research activities.
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