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Abstract

While humans can easily produce various types
of answers, such as definitions, examples or
paraphrases, Large Language Models (LLMs)
struggle to provide correct answers to medi-
cal questions that require diverse answer for-
mats. In this paper, we introduce TrackList,
a fine-grained linguistic and statistical analysis
pipeline to investigate the impact of the pre-
training data on LLMs answers to diverse lin-
guistic queries. We also propose RefoMed-EN,
a medical dataset consisting of 6,170 human-
annotated medical terms alongside their corre-
sponding definitions, denominations, exempli-
fications, explanations, or paraphrases. We in-
vestigated whether the high or low frequency of
a concept (head or tail knowledge) impacts the
language model’s performance for answering
medical questions. We evaluated the quality of
the LLM’s output using syntactic and semantic
similarity metrics, statistical correlations and
embeddings. Results showed that the LLM’s
answer quality for definition-type questions is
the highest, while for the exemplification-type
being the lowest. Additionally, we showed that
for definition-type medical questions ("What is
multiple sclerosis?"), LLMs are prone to para-
phrase more for popular medical concepts, and
less on more specialized medical knowledge.

1 Introduction

As Large Language Models are becoming widely
used in many question-answering tasks and are
applied to different fields, such as health and
medicine, the need to explain and interpret the gen-
erated responses has become crucial. In this paper,
we evaluated the most widespread real world use-
case of LLMs, which is open question-answering,
meaning the model gives a free text answer to
a user question (Shailendra et al., 2024). LLMs
are most efficient in question-answering tasks that
cover popular concepts (head knowledge) (e.g. can-
cer, asthma) (Mallen et al., 2023; Li et al., 2024a)
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Figure 1: Language Models (LMs) tend to generate
more hallucinated definition-style outputs even when
directly asked to answer an example-style query for tail
knowledge terms.

and when giving definitions to concepts. However,
their performance drops when tested on torso or
tail knowledge (ideatory apraxia or erythematous
angina) (Sun et al., 2023; Kandpal et al., 2023)
or when tackling complex questions (Daull et al.,
2023). Our study analyzed the impact of query lin-
guistic diversity on QA performance in the medical
field, focusing on five different types of questions
according to pragmatic functions of human com-
munication (definitions, exemplifications, explana-
tions, denominations and paraphrases). We demon-
strated that LLMs perform worse when asked to
give different types of answers, such as examples,
to tail (or rare) medical knowledge (see Figure 1).

As black box and proprietary models such as
ChatGPT showed limitations in terms of explain-
ability and reproducibility (Zhao et al., 2024a;
Liesenfeld et al., 2023; Ravichandran et al., 2024),
more research should be conducted on open-source
language models, to foster a deeper understand-
ing of how LLMs process language and knowl-
edge, especially in sensitive fields such as medicine.
This study explored non-proprietary and open-
source Large Language Models, OLMo (Groen-
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eveld et al., 2024) and Pythia (Biderman et al.,
2023). We chose these specific language models
because they are fully open, thus fostering inter-
pretability and reproducibility. These LLMs were
released together with model weights, inference
code, training/evaluation code, and pretraining cor-
pus, DOLMA (Soldaini et al., 2024) for OLMo,
and The Pile (Gao et al., 2020) for Pythia.

The research questions we investigated are the
following: (RQ1) Does the frequency of a med-
ical concept in the pretraining data influence a
language model’s answer quality? (RQ2) How
does the linguistic diversity and complexity of ques-
tions impact the language model ability to give
accurate answers? (RQ3) To what extent are lan-
guage models paraphrasing the data from their
parametric memory for head and tail knowledge?
Based on previously research results on the gen-
eral domain (Wang et al., 2024), we investigated
whether frequent medical terms (head) lead to dis-
tributional memorization, and less frequent medical
terms (tail) result in lower downstream task perfor-
mance due to reliance on parametric knowledge.

The contributions of our paper are the following:

1. We proposed a fine-grained analysis and eval-
uation pipeline, TrackList, to trace back
query linguistic diversity of head and tail
knowledge in Open Large Language Models.
The pipeline is useful for evaluating LLMs’
answers on various query types according to
word frequency in the pretraining dataset. We
will share the TrackList code with the NLP
community to ensure reproducibility and to
foster new research on LLMs’ linguistic abili-
ties for open QA tasks1.

2. We share RefoMed-EN, an English dataset
of 6,170 human annotated medical terms to-
gether with their context, discourse mark-
ers, corresponding paraphrases, lexical and
pragmatic functions. The dataset is a non-
contaminated benchmark extracted from hu-
man written texts and it is shared with open
license together with the TrackList pipeline.

3. We conducted a detailed analysis of the LLMs’
performance according to the linguistic com-
plexity of the user question. We showed that
LLMs have limited understanding of linguis-
tic differences in queries, as they are more

1https://github.com/ATILF-UMR7118/TrackLIST

prone to giving definition-style answers to
most queries, even when explicitly asked to
output an example or a paraphrase for a medi-
cal concept.

2 Related Work

Methods such as In-Context Learning (ICL) (Dong
et al., 2024), Chain-of-Thought (CoT) prompting
(Wu et al., 2023), and Retrieval Augmented Gener-
ation systems (RAG) (Lewis et al., 2020) have con-
tributed to further interpret the LLM’s generated
response, and help mitigate hallucinations (Akbar
et al., 2024; Huang et al., 2024; Asai et al., 2023).
In the medical domain, LLM’s output needs to be
correct, therefore methods that combine ICL and
RAG showed promising results, such as improv-
ing the accuracy of GPT4-Turbo’s answers to on-
cology questions from 62.5 to 83.3% (with ICL)
and 79.2% of questions (with RAG) (Iivanainen
et al., 2024). Moreover, QA frameworks like Self-
BioRAG that answer biomedical questions by re-
flecting and retrieving relevant documents showed
a 7.2% improvement on average over the state-of-
the-art open Small Language Models (SLM) of 7b
or less (Jeong et al., 2024).

Large medical QA datasets like MedQuAD
(Ben Abacha and Demner-Fushman, 2019) and
MEDIQA (Abacha et al., 2019) gather different
types of medical data, such as treatment, symptoms,
definition, susceptibility or prevention. These
datasets are built for medical experts, more than
for the general public interested in understanding
medical concepts (Nguyen et al., 2023). Moreover,
these datasets are shared in a XML format, not
allowing easy implementation for LLMs prompts.
Furthermore, the dataset is divided in more medi-
cal than linguistic criteria. Therefore, our dataset,
RefoMed-EN, is filling a gap in the benchmark
leaderbord for query types in the medical field.

While evaluating LLMs answers to open ques-
tions is difficult, recent studies showed that human
annotation is still needed when the generated an-
swer does not match a gold standard (Kamalloo
et al., 2023). In our work, we combine both human
evaluation and automatic evaluation through simi-
larity metrics that we further develop in Section 3.2.
Determining what is head and tail knowledge is a
research question in itself, as recent studies inves-
tigated this in detail (Mallen et al., 2023; Li et al.,
2024b). We considered that the word frequency in
the pretraining data as the popularity metric for our
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Figure 2: The pipeline of our method represented in five steps. 1) The zero-shot inference QA task using the medical
concepts from the RefoMed-EN dataset. The dataset was divided in subdatasets according to the query type (detailed
presentation in section 3.4). 2) We obtained the frequency in terms of number of documents for each RefoMed-EN
concept. 3) We calculated the BERTScore between the LMs output and the RefoMed-EN gold standard. 4) These
two values were used to compute Pearson correlations. 5) We computed a probability metric between the CLS
embedding score between the term and the n-grams of the output, and their frequency in the pre-training corpora.

medical dataset.
Recent studies investigated whether LLMs mem-

orize or generalize knowledge by exploring open
language models. Wang et al. (2024) introduced
the concept of distributional memorization, to mea-
sure the correlation between the LLM output prob-
abilities and the frequency of the pretraining data.
The authors evaluated the task performance with
3 to 5 n-grams search into The Pile (Gao et al.,
2020), the pretraining corpus of the language model
Pythia (Biderman et al., 2023). They found that
LLMs generalize more in reasoning-intensive tasks,
while they memorize more in simpler knowledge-
intensive tasks (Wang et al., 2024). We test this
hypothesis on the medical domain, to evaluate how
knowledge specific concepts impact the LLMs an-
swers’ linguistic diversity.

Concurrent work investigated the concept of lin-
guistic diversity in LLMs answers by evaluating
their lexical, syntactic and semantic distribution
compared to human linguistic richness (Guo et al.,
2024). In our study, we investigated the linguis-
tic complexity of LLM queries from a syntactic,
semantic and pragmatic perspective, applied to a
knowledge intensive task, medical QA. We present
our method below.

3 Methodology

We illustrate our method in Figure 2. We conducted
our experiments using four fully open language
models, OLMo-1b, OLMo-7b, OLMo-7b-instruct,

and Pythia-1b. We used the WIMBD tool’s API
(Elazar et al., 2023) to access the pre-training cor-
pora DOLMA (for OLMo) and the infini-gram
library (Liu et al., 2024) for The Pile dataset (for
Pythia). We counted the number of documents that
contain a certain medical concept, thus determining
its frequency. We present our detailed rationale in
the section below.

3.1 Formulation

We utilized a language model MLLM and assumed
access to a corpora C with D documents which was
used to train MLLM. We represented the corpora
C by a set of unique words {w1, w2, w3, .....w∞}
present in at least one document d ∈ D. Each of the
document d ∈ D can be similarly represented by
a subset of C as {dw1, dw2, dw3, .....dw∞} where
dwi represents word wi present in document d. We
defined a document-frequency count operator over
corpora C and denote it by Cdf . This enabled us to
count the number of documents present in corpora
C which contained the provided term at least once2.

We further utilized query-answer (Q,A) pairs
where a question denoted by q ∈ Q can be of
different types as mentioned in Table 1 and an ref-
erence answer a ∈ A which is borrowed from the
RefoMed-EN dataset. In our experiment setup, we
provides as input q ∈ Q to the language model as

2For example, Cdf ("infection" | C) outputs 543435456,
which implies that there are 543435456 documents in C con-
taining the term infection at least once.
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follows:
â = MLLM(q) (1)

In the above equation, we marked the generated
response from the MLLM as â. During evaluation,
we considered different evaluation metrics (denoted
by Ψ) to calculate the correctness (denoted by E)
of the generated response â with respect to the gold
reference a ∈ A, as follows:

E = Ψ(â, a) (2)

Lower value of E, for example, in case of
BERTscore, implies less relevance of generated
answer and vice versa.

3.2 Evaluation Metrics

As the goal of our study is to advance the inter-
pretability of open large language models by de-
scribing their behavior, we chose simple and easy
to interpret metrics that allowed us to analyze the
relationship between query term frequency, gold
answers, and generated LLM answers.

Tracing back semantic similarity. We calcu-
lated the BERTscore (Zhang et al., 2019) between
the generated answers and the gold standard from
the RefoMed-EN dataset.

Statistical correlation. We computed the Pear-
son correlation metrics to compare the BERTscore
calculated before with the term’s frequency in the
pretraining corpus.

CLS cosine similarity. We computed the cosine
similarity of sentence embeddings to compare the
semantic similarity between the medical term and
the n-grams of the generated answer.

3.3 Linguistically Annotated Dataset

We constructed RefoMed-EN by automatically
translating RefoMed (Buhnila et al., 2024) from
its original version in French to English using
a licensed DeepL Translator API. RefoMed is a
French annotated dataset of 6,170 annotated medi-
cal terms with their corresponding reformulations.
The dataset is comprised of paraphrases and refor-
mulations semi-automatically extracted from sci-
entific and popularization medical texts and ab-
stracts from the ClassYN (Todirascu et al., 2012)
and CLEAR (Grabar and Cardon, 2018) French
medical corpora. The dataset required extensive
pre-processing as there were formatting and transla-
tion inaccuracies from the original annotation. We

chose to translate this dataset because there is no
freely available benchmark annotated on question
types following pragmatic and linguistic theories
for the medical field (to the best of our knowledge).
More information about the different types of lin-
guistic annotations can be found in Appendix A.
The translation of a French dataset assures that
there is no benchmark contamination between the
pretraining corpora and the test dataset (Sainz et al.,
2023; Li et al., 2024c). We share this new non-
contaminated benchmark with the NLP community
on GitHub. We present below the question types
explored in this study.

3.4 Query Linguistic Diversity
Linguistically, the concept of reformulation is de-
fined as textual and discursive act performed with
a precise objective (Grabar and Eshkol, 2016). Re-
formulations have a well defined pragmatic role by
expressing a content in a different semantic or lexi-
cal representation, adapted to a specific audience
and communicational need, like science popular-
ization or education. The linguistic diversity is
correlated to the pragmatic usage of language in
humans, such as asking for a definition, an expla-
nation, reformulation or paraphrase of a concept,
or to receive examples of a certain concept (Grabar
and Eshkol, 2016).

In this work, we analyzed the role of reformu-
lations in the case of medical knowledge popu-
larization for laypeople and patients (Grabar and
Eshkol, 2016). We focused on a knowledge inten-
sive question-answering task taking into account
the five most common types of questions that re-
quire reformulation processes, as shown with exam-
ples in Table 1. We present the number of questions
by type from the RefoMed-EN dataset in Table 2.

4 Experimental Setup

This section presents the experiments we conducted
to evaluate the generated text according to query
types and term frequency. Experiments were done
on a P100 NVIDIA GPU, for an individual runtime
of ≤ 15 hours including different steps involved.

4.1 Linguistic Diversity and Frequency for
Task Performance

We explored the impact the query linguistic diver-
sity has on the quality of the generated answer.
We evaluated the task performance of OLMo and
Pythia models in a zero-shot QA setting by con-
ducting several experiments:
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Pragmatic function Definition Query type Example

Definition (DEF) a difficult or technical concept is defined
to ease comprehension

Give a definition for / What
is multiple sclerosis

Multiple sclerosis (MS) is a disease of the
nervous system of immune origin

Exemplification
(EX)

the meaning of a concept is illustrated
through examples of types and subtypes
of entities

Give examples of heart and
vascular diseases

Heart and vascular diseases include heart at-
tacks, angina, stroke, sudden cardiovascular
death and the need for heart surgery

Denomination (DEN) a concept is reformulated through a se-
mantically similar concept, without sim-
plification

Give another denomination
for motor neuron disease

Pharmacotherapy for pain management in
amyotrophic lateral sclerosis (motor neuron
disease)

Paraphrase (PARA) the concept is reformulated through a
easy to understand semantically similar
synonym

Give a paraphrase for hy-
potension

Hypotension, i.e. low blood pressure, fre-
quently occurs in newborns

Explanation (EXP) the concept is explained through its pro-
cess or a part of it

Give an explanation for au-
toimmune diseases

These are autoimmune diseases that can be
explained by the fact that the organism pro-
duces an antibody against the person’s skin

Table 1: Query types, definitions and examples according to pragmatic functions annotated on the RefoMed-EN
corpus. These queries were used for prompting in our QA task.

DEF EX DEN PARA EXP

ClassYN EX 207 305 131 30 32

CLEAR EX 919 379 401 73 67

RefM-EN-EX 1126 684 532 103 99

ClassYN GP 862 343 235 285 149

CLEAR GP 883 470 175 124 100

RefM-EN-GP 1745 813 410 409 249

RefM-EN 2871 1497 942 512 348

Table 2: Distribution of question types across subcor-
pora in RefoMed-EN (RefM-EN). EX denotes expert-
oriented texts; GP targets the general public. Question
types are ordered by frequency (left to right).

• We prompted the LLM to give a short answer
(a) to the given question (q) as an expert in
the field: "You are a medical expert.
Answer the following question in a
short sentence". The queries were divided
by question type, as shown in Table 2.

• We evaluated the quality of the generated an-
swers for each type of query by computing
the BERTscore between the generated answer
and the gold standard, the human annotated
paraphrases and definitions from RefoMed-
EN.

• We calculated the Pearson correlation between
the BERTscore and the frequency of the med-
ical concept in the pretraining corpora.

4.2 CLS Embbedings and Co-occurrence
Probability

We investigated the link between words embed-
dings and frequency in the pre-training corpus by
conducting the following experiments:

• Firstly, we computed the cosine similarity
score between the embeddings of the sim-
ple or multi-word medical term to be ex-
plained or defined, and the embeddings of
the answer generated by the language mod-
els. We used the sentence-transformer model
paraphrase-MiniLM-L6-v2. In order to do
an exhaustive comparison, we dissolve the ref-
erence answer (a) and generated answer (â)
into all possible n-grams. Then, we compute
the pairwise cosine similarity between 2, 3, 4
and 5 possible n-gram pairs.

• Secondly, we calculated the probability score
between two document-frequency counts: 1)
the frequency of the query term (q) in the cor-
pora (C), and 2) the frequency of the term
together with the generated answer of the
language model in the corpus. We used the
WIMBD tool to found the frequencies in terms
of number of documents from DOLMA, and
infini-gram library for The Pile.

Pcooccurence =
Cdf (q|â, C)

Cdf (q|C)
(3)

We calculated different n-gram combinations, of
2 to 5 n-gram length. We kept the top-3 semanti-
cally meaningful values. We show the statistical
correlation between these variables in the Results
section.

4.3 Tracing Back Head and Tail Knowledge

We listed the most popular medical concepts (head)
as those appearing most frequently in the paramet-
ric memory, and the least popular medical con-
cepts (tail) as having the smallest number of cor-
responding documents in the parametric memory.
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Term Docfreq Examples

disease 75724477 A disease is a medical condition that affects the body’s structure or function
cancer 50918098 A disease that affects the cells
anxiety 35107524 Anxiety is a feeling of fear and uneasiness

testosterone-inhibiting 115 The answer is testosterone-inhibiting
biological tissue damage 503 Give examples of biological tissue damage
lifelong neurological consequences 29 Explain the neurological consequences of the disease

Table 3: Examples of LLM paraphrasing. Frequent terms are paraphrased, while rare terms yield outputs similar to
or derived from pre-training data.

We traced back 100 concepts (1.62%), where 50
were head concepts (0.8%) and 50 percent tail con-
cepts, to the pretraining corpus. We discarded the
very long tail concepts from RefoMed-EN that had
zero frequency. However, it is important to note
that WIMBD’s search is exact match based (while
ignoring special characters and punctuation), and
that some zero frequency terms are very long and
technical, such as "disorder of bronchial ventila-
tion" or "SMN1 gene-related proximal spinal mus-
cular atrophy". To compare expert (EX) to general
public (GP) datasets, we split this number evenly
between RefoMed-EN-EX and RefoMed-EN-GP.
We analyzed word level frequencies in 100 docu-
ments for each term downloaded with WIMBD.

As the linguistic diversity and the quality of
the pretraining data is extremely important in the
task performance evaluation, we conducted a close
up analysis of corresponding documents in the
DOLMA corpus. We analyzed the texts for a se-
lected number of head and tail concepts.

DEF EX DEN PARA EXP

O1b 0.27 0.05 0.15 0.11 0.12
O7b 0.23 0.16 0.15 0.14 0.14

Table 4: Pearson Correlation coefficient (ρ<0.05) be-
tween BERTscore(a, â) and log(Cdf (q)) for OLMo-1b
(O1b) and OLMo-7b (O7b).

5 Results and Analysis

Statistical correlations between medical con-
cepts frequency in the parametric memory.
To answer (RQ1), we computed the correlation
coefficient between BERTscore and query term fre-
quency Cdf . We show the Pearson correlations
scores coefficient between the BERTscore (a, â)
and log(Cdf (q)) on the full dataset of 6,170 terms
and gold paraphrases, in Table 4. The best scores
were obtained with OLMo-1b on the DEF query

type (0.27). While the value indicates a weak cor-
relation, it is the highest among all query types,
showing some link between the semantic similar-
ity of the generated answer compared to the gold
standard answer, and the frequency of the term in
DOLMA. Second best scores are on DEN (0.15),
while PARA and EXP have lower values (0.11 and
0.12). The lowest correlations score were obtained
on the EX query type (0.05). We obtained similar
results for the bigger model, OLMo-7b, for DEF
(0.23), DEN (0.15), and EXP (0.14). OLMo-7b
has better scores for EX (0.16) and PARA (0.14),
which shows that the model handles the complex
linguistic task better. We conducted a manual anal-
ysis of the quality of the generated answers for
each query type, described in the next section that
tackles (RQ2).

When computed separately by type of corpus,
expert medical texts (RefoMed-EN-EX) and gen-
eral public medical texts (RefoMed-EN-GP), the
results are consistent: the scores are the highest for
DEF and DEN. However, the scores on RefoMed-
EN-EX are better than those on RefoMed-EN-GP
for DEF, and even higher than the values on the
full dataset (0.31 compared to 0.24 and 0.27). This
result might indicate that in the expert texts, the
task performance of the model on DEF is slightly
more correlated to the term frequency than in the
general public (as RefoMed-EN-EX has a higher
number of technical terms). On the contrary, for
DEN, scores are higher on RefoMed-EN-GP (0.19)
than RefoMed-EN-EX (0.11), also surpassing the
full dataset score (0.15). We analyzed these results
manually in the next section.

QA task performance evaluation on linguisti-
cally diverse query types. To investigate (RQ2),
we conducted a qualitative analysis of the LLM’s
linguistic understanding. Our hypothesis was that
language models show very high performance for
the definition type query, as this type of query
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is very frequent in knowledge intensive QA bench-
marks (Rebboud et al., 2024; Zhao et al., 2024b;
Fei et al., 2023). The results are consistent with our
hypothesis (Table 4). On the flip side, we observed
that the LLM does not completely understand the
concept of paraphrase or explanation, as it gen-
erated definitions as answers instead.

We noticed that OLMo-1b obtained lower task
performance with the denomination and exemplifi-
cation types of queries, as it tends to either repeat
the term (for denomination in particular) or give a
definition style answer for both. The difficulties for
these two queries come from linguistic and domain
specific linguistic traits, such as:
- Denomination query - the LLM repeats the

term instead of giving another synonym for the
medical concept. Furthermore, the presence of
highly technical long-tail terms (such as lympho-
cytic bacterial meningitis; freq=2) or opaque ab-
breviations (e.g. FixM/F; freq=11) renders the task
even more difficult for the language model.
- Exemplification query - the LLM does

not output examples (i.e instances, types, subtypes)
when the query term is very technical, thus long-
tail knowledge: (Give examples of severe motor
disorders → The answer is severe motor disorders).
However, the model task performance increases for
head knowledge (1. Give examples of cardiovascu-
lar disease → a heart attack; 2. Give examples of
psychological factors → The answer is: Psycholog-
ical factors include: fear, anxiety, and depression).

Tracing back head and tail knowledge in the
pretraining corpus. We show the 100 analyzed
terms and their document and term frequencies in
Table 6 and Table 7 in Appendix B. We looked
into a total of 5,074 documents from the DOLMA
corpus, where 5,000 contained the head words and
74 the tail for the tail concepts. For each head
term out of the 50, we downloaded 100 documents
where this term appeared at least once. For tail
terms, we looked for concepts that appeared in 1 to
3 documents in the DOLMA pretraining corpus.

The long tail terms with very low frequency
(>4) are very technical long multi-word terms, such
as "pseudo-rhizomelic polyarthritis", "lymphocytic
bacterial meningitis", "CoA HMG reductase in-
hibitors". However, there are also very long multi-
word terms in RefoMed-EN-GP, like "work-related
musculoskeletal disorders of the upper limbs and
neck" or "shiftworker sleep disorder" with a term
frequency of 2 and 1 in the whole DOLMA corpus.

Criteria Model RefM-EN-EX RefM-EN-GP RefM-EN

Diversity OLMo-1b -0.3904 -0.5710 -0.4403
Pythia-1b -0.0206 -0.1202 -0.0317

Scalability OLMo-7b -0.3656 -0.3308 -0.3501

Table 5: Pearson correlation between CLS cosine simi-
larity (query term, response-top3-ngrams) and the cooc-
curence probability of frequency of the term together
with its top3 n-grams. (Red color denotes ρ>0.05)

Regarding the head terms, the most frequent
term from RefoMed-EN is "life", which appears in
497M documents in the pretraining corpus, while
the second most frequent is "control" with 230M
documents. Other head terms are "conditions"
(130M), "function" (114M), "skills" (126M) and
typical medical head concepts such as "treatment"
(113M), "pain" (80M), "disease" (75M) and "can-
cer" (50M). While analyzing the term frequency,
we noticed that terms such as "control", "function"
and "client" appear in code texts, thus irrelevant for
your medical knowledge QA task.

CLS n-gram embeddings on head and tail terms.
We explored (RQ3) in line with Wang et al.’s
(2024) hypothesis: LLMs generalize more in
reasoning-intensive tasks, and they memorize more
in simpler knowledge-intensive task (like in the
case of tail knowledge). We conducted the CLS
n-gram analysis on the list of 100 head and tail con-
cepts to verify this hypothesis in the medical field.
We calculated the CLS embedding BERTscore be-
tween the medical term and n-grams of the gen-
erated answer of different sizes (2, 3, 4 and 5 n-
grams). We kept the top 3 best BERTscore for each
term and we compared them with the frequencies
of the term together with theses n-grams in the pre-
training corpus. We show the distribution of the
results in Table 5.

The negative distribution scores (-0.44 on
RefoMed-EN for OLMo-1b) indicate that the lan-
guage model tends to create its own sentences and
does not take full information package directly
from DOLMA. In terms of scalability, OLMo-7b
is inline with OLMo-1b (-0.35 on RefoMed-EN),
while another family of models, Pythia-1b, show
very low distribution scores. This suggests that the
LLM prioritizes semantic paraphrasing (backed by
the semantic evidence in relation to the CLS simi-
larity) (see examples in Table 3), and it is less likely
to reproduce the same content from the pretraining
corpus, as proven by the syntactic evidence related
to the n-gram occurrence. OLMo-1b’s scores are
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better for head terms and for the medical texts des-
tined to general public texts (-0.71). This finding
demonstrated that the model used more diverse vo-
cabulary for popular medical knowledge, and less
technical medical concepts, particularly in the ex-
pert texts (+0.07). For the bigger model, OLMo-7b,
we obtained similar values for both types of texts,
popular and scientific. This observation supports
previous studies on general language (Wang et al.,
2024), indicating that the LLM memorizes more
on knowledge intensive questions in the medical
domain, than for popular medical terms.

6 Discussion

Scaling up small language models does not nec-
essarily improve performance. We replicated
our experiments on a bigger model, OLMo-7b. We
notice a similar trend for definition-type questions:
both OLMo-1b and OLMo-7b exhibit positive Pear-
son correlation coefficient (p) between BERTscore
and query term frequency. Interestingly, we noticed
that OLMo-7b shows a weaker trend (p=0.23) com-
pared to OLMo-1b model (p=0.27), this implies
that with increase in the size of language models
the ability to deal with tail knowledge does not nec-
essarily increase. Regarding overall comparison of
CLS n-grams scores on head and tails (see Table 5),
we further notice a similar trend between OLMo-
1b and OLMo-7b models. However, these findings
might change when testing even bigger models.

Human evaluation shows hallucinations are not
scale related. We conducted a manual analysis of
400 answers given by the four language models for
the 100 head and tail terms dataset (Figure 3). We
evaluated task performance and diversity of models
by looking directly into the data for hallucinations.
Our analysis showed that Pythia-1b is more prone
to generating hallucinatory texts (+22%) compared
to OLMo-1b, as it was previously shown (Groen-
eveld et al., 2024). As for bigger models, OLMo-7b
is hallucinating more (+19%) than its Instruct ver-
sion. The best model remains OLMo-1b (33% hal-
lucinated answers), followed by OLMo-7b-Instruct
(39%). Pythia-1b demonstrates an opposite trend
for definition-type questions (DEF) as compared to
OLMo-1b, with a comparatively low Pearson cor-
relation coefficient of -0.103. However, OLMo-7b
shows a similar positive trend for paraphrase-type
questions (PARA) with a coefficient of 0.14.

We want to stress that results might differ with
bigger models. Nevertheless, the main goal of our
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Figure 3: Manual analysis of hallucinations on 100 head
and tail terms. Best model is OLMo-1b, with the lowest
rate of hallucinations (33%).

study was to analyze smaller sized LLMs to support
reproducibility and frugality for responsible use of
generative AI tools.

More linguistic diversity metrics are needed.
BERTscore has limitations in capturing the se-
mantic aspects of query types. For example,
for denomination-types queries where the LLM
only repeated the medical term in the query, the
BERTscore will be very high, but not relevant. In a
concurrent study, Guo et al. (2024) compared lex-
ical, syntactic and semantic distribution of LLMs
texts to human gold answers. Lee and Lee (2023)
proposed a pipeline to identify 220 popular hand-
crafted linguistic features. However, these features
are not thoroughly tested on different writing tasks,
and more research needs to be done on their utility
for diverse query types.

7 Conclusion

Our study introduced TrackList, a pipeline to ana-
lyze, trace back and evaluate a language model’s
answer to diverse linguistic queries. We showed
that frequency of terms in the pretraining corpus im-
pacts performance: LLMs tend to give inaccurate
answers for head terms and more accurate answers
for tail terms in the medical domain. Furthermore,
the LLMs studied were prone to paraphrase more
on popular medical terms, and less on very scien-
tific terms. Our linguistic analysis demonstrated
that language models tend to give definition-type
answers to different queries, even when asked to
give examples or paraphrases. This demonstrates
that Small Language Models have a limited linguis-
tic understanding (or representation) of the best
fitted answer for diverse question types.
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Our study focused on small size language mod-
els to investigate the inner working of LLMs with-
out domain knowledge finetuning, DPO finetun-
ing or RAG systems. Our purpose was to ana-
lyze how the pretraining corpus and the word fre-
quency (head and tail) impacts the accuracy of the
small LLMs answer to different linguistic types
of questions. This research design was motivated
by the fact that humans use language models as
plug-and-play tools, without any finetuning meth-
ods. Future research using these methods might
improve vanilla LLM’s performance for the QA
task. Moreover, LLM-as-a-Judge evaluation could
be explored and compared with existing metrics.

Ethical Considerations

The dataset used for this experiments has open li-
cense (CC BY-NC 4.0) and can be used for research
by the NLP community. The RefoMed-EN dataset
contains no personal data or patient data.

Limitations

This work was conducted only on English using
only fully open language models, OLMo (Groen-
eveld et al., 2024) and Pythia (Biderman et al.,
2023). Due to computational power limitations, we
conducted our analysis on Small Language Models
(1b and 7b). Future studies could include more
recent models, like OLMo2 (OLMo et al., 2024)
and OLMo3 (Olmo et al., 2025), as well as con-
current data tracing tools such as OLMoTrace (Liu
et al., 2025). Other open source LLMs give access
to their pretraining data, like BLOOM (Workshop
et al., 2022) available, but the big size of the dataset
makes it difficult to explore.

Moreover, we are aware of this limitation for
your semantic similarity evaluation, and we fur-
ther investigate medical metrics such as MEDCON
(Yim et al., 2023), or fact checking metrics and
tools like FACTSCORE (Min et al., 2023), FIRE
(Xie et al., 2024), or LOKI (Li et al., 2025).
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A RefoMed Linguistic Annotation

The RefoMed (Buhnila et al., 2024) has exten-
sive human annotation validated by human inter-
annotator agreement. The annotators were French
bilingual speakers of different levels of expertise
in linguistics and NLP: senior researchers, PhD
and master students specialized. The annotation
was conducted on the original version in French
and then automatically translated in English with
DeepL API. The translation was cleaned and veri-
fied, however, some translation mistakes might be
scattered in the 6,170 lines dataset.
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The annotation comprises a linguistic marking
of the lexical relations that exists between the re-
formulation and the medical term. We show a full
example of annotation in Table 9. Different rela-
tions were tagged, such as hyperonymy, hyponymy,
meronymy and synonymy. In the case of pragmatic
functions that we explored in this study, the anno-
tators marked the reason to the use of the reformu-
lation in the text: to give a definition, examples,
explanations, denominations (other name for the
same concept), and paraphrases of the medical
term. RefoMed has annotations of discourse mark-
ers that help automatically identify reformulations
(all pragmatic types presented above) inside the
same sentence, such as "is a", "meaning", "also
called", "refers to" (Buhnila, 2023).

B Head and Tail Query Terms from
RefoMed-EN

We extract the 50 query terms from head and tail of
the Dolma corpus. See Table 6 for 25 terms from
expert and general public domain and for each term,
the table also includes the number of documents
(Cdf ) present in the Dolma corpus. Similarly, we
extract 50 terms from tail distribution of Dolma
corpus (Table 7 and Table 8).

RefoMed-EN-EX RefoMed-EN-GP

Term DocFreq TermOcc Term DocFreq TermOcc

life 497066067 13012 professional 161724849 6894
control 230950452 12218 version 159636360 15503
intervention 23396121 5022 surgery 37481694 8558
conditions 136013609 4499 conditions 136013609 4499
function 114612170 14331 skills 126936290 8171
Treatment 113612643 6963 treatment 113612643 6863
Pain 80378923 24840 tool 92230908 13708
patients 78742642 5985 condition 88989985 8446
disease 75724477 9078 scale 88228556 12443
’client’ 65025830 9365 long term 83709724 3505
behavior 64089027 6194 Pain 80378923 24840
tests 57368874 21505 disease 75724477 9078
Cancer 50918098 9858 foot 67911272 8771
drugs 44267374 11980 volume 67588213 5281
Cells 43057710 14193 exercise 64859465 7467
lifestyle 42983527 4540 Iron 35692516 11691
MS 38326252 17530 brain 60468547 7769
Surgery 37481694 8558 tests 57368874 21505
Anxiety 35107524 7560 drug 57092723 25334
diseases 34543764 3966 cancer 50918098 9858
IM 33368643 29766 technique 48805868 4938
protein 32887735 17620 procedure 47808948 21328
depression 30980124 9459 symptoms 44391219 5593
infection 27670132 6022 drugs 44267374 11980
facilitate 27181783 2858 MS 38326252 17530

Table 6: Head-50 query terms from RefoMed-EN from
the Dolma corpus. We show 25 terms from RefoMed-
EN-EX and 25 terms from RefoMed-EN-GP.

C Model Size and Budget

Experiments were done on a P100 NVIDIA GPU,
for an individual runtime of ≤ 15 hours.

RefoMed-EN-EX

Term DocFreq TermOcc
Horton’s disease and Takayasu’s arteritis 1 2

vesico-sphincter dyssynergia (VSD) 1 1
Motor Neurone Disease (MMN) 1 2

strain CF7968 1 1
region of around 100bp 1 1

inappropriate secretion of HAD 1 1
surgical haemorrhagic shock 1 1

psoriatic onychosis 1 3
extracellular proliferating bacteria 1 1

medical problems contributing to insomnia 1 1
pain resulting from a medical cause 1 1

Early administration of an amino acid solution 1 1
recent global weakening 2 2

Crohn’s disease and hemorrhagic rectocolitis 2 2
proteins EWI-2 and CD81 2 2

Decompression sickness (DD) 2 6
low risk of bias threshold 2 2

Steinert’s myopathy 3 6
cognitive disorders in Parkinson’s disease without dementia 2 4

lymphocytic bacterial meningitis 2 3
forms of neurolupus 2 2

family of antithrombotics 2 2
dopamine stock solutions 2 2

CoA HMG reductase inhibitors 2 2
Jet lag and shift work syndromes 2 4

Table 7: Tail-25 query terms from RefoMed-EN-EX
based on the Dolma corpus.

RefoMed-EN-GP

Term DocFreq TermOcc
treatment of ovarian cancer by surgery 1 1

Pseudo-rhizomelic polyarthritis 1 1
Sydenhan’s chorea 1 2

Uterine (uterine/endometrial) cancer 1 10
Work-related musculoskeletal disorders of the upper limbs and neck 1 2

reformulation of a food product 1 1
bronchiolitis obliterans syndrome and lymphocytic bronchitis 2 1

ImmunoGuard(R) 2 2
bronchiolitis obliterans syndrome and lymphocytic bronchitis 1 2

prophylaxis with immunoglobulin g 1 1
notion of therapeutic education 1 4

disabled child’s education allowance 2 2
Blood Form Count 2 2

rare bullous skin diseases 1 1
psychiatric disorders and social anxieties 1 1

pain resulting from a medical cause 1 1
gushing liquid diarrhea 1 1

disorders of immediate memory 1 1
shiftworker sleep disorder 1 1

disorder of ocular refraction 1 2
Eulenburg’s paramyotonia congenita 2 2

notion of therapeutic education 2 4
facio-truncular obesity 2 2

STBBI, STD 2 11
American mucocutaneous and cutaneous leishmaniasis 2 4

Table 8: Tail-25 query terms from RefoMed-EN-GP
based on the Dolma corpus.
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Context (C) Myasthenia is an autoimmune disease trig-
gered by autoantibodies that most often target
the nicotinic acetylcholine receptor.

Term (T) Myasthenia

Marker (M) is a

Indicator (I) disease

Reformulation
(R)

an autoimmune disease triggered by autoan-
tibodies that most often target the nicotinic
acetylcholine receptor.

Lexical relation
(LR)

hyperonymy

Pragmatic func-
tion (PF)

definition

C Diabetic kidney disease (DKD), also known
as diabetic nephropathy (DN) [...]

T Diabetic kidney disease (DKD)

M also known as

I disease

R diabetic nephropathy (DN)

LR synonymy

PF denomination

C Antibiotics (chloramphenicol, tetracycline
and doxycycline) are used in the treatment
of this disease.

T Antibiotics

M ()

I disease

R chloramphenicol, tetracycline and doxycy-
cline

LR hyponymy

PF exemplification

C We planned to include all RCTs and quasi-
RCTs (in which assignment was not random,
but was supposed to be unbiased, e.g., alter-
nate assignment) involving treatment for para-
neoplastic neuropathies.

T quasi-RCTs

M ()

I for example

R in which assignment was not random, but was
supposed to be unbiased

LR meronymy

PF explanation

C We accepted as comparison arms a placebo
control (sham intervention) or without injec-
tion, or another active treatment [...]

T placebo control

M ()

I intervention

R sham intervention

LR synonymy

PF paraphrase

Table 9: Examples of the RefoMed fine-grained linguis-
tic annotation for each lexical relation and pragmatic
function used to determine the question types.
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