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Abstract

Adapting Large Language Models to the med-
ical domain remains an active area of re-
search, with multiple strategies proposed to
leverage annotated and unannotated data effec-
tively. In this work, we propose a thesis out-
line to compare three common adaptation ap-
proaches—Instruction Tuning, Continual Pre-
training, and Reasoning-oriented Training. We
identify 5 dimensions to analyse: i) the inter-
action between the adaptation technique and
the tasks; ii) the impact of the data size on the
downstream performance; iii) the differences
between datasets required by the three tech-
niques; iv) the impact of the techniques given
the model size; v) the impact of the techniques
given the language. We construct an evalua-
tion framework composed by 5 multilingual
medical NLP tasks (named entity recognition,
relation extraction, question answering, case re-
port form filling, argument mining), spanning
on 21 datasets in English, Italian, and Spanish,
for a total of 61 combinations of language and
sub-task.

1 Introduction

Pretrained Large Language Models (LLMs) have
demonstrated strong performance on a wide range
of medical NLP tasks; however, their effective-
ness remains uneven across tasks, languages, and
data conditions, and they often require substantial
adaptation to reliably handle domain-specific termi-
nology, reasoning requirements, and low-resource
clinical settings. Over recent years, several distinct
trends have emerged following the rise of decoder-
only architectures, focused on developing domain-
specific language models tailored to biomedical
and clinical data. Through different adaptation
procedures, several models have been presented,
including BioGPT (Luo et al., 2022a), Clinical-
GPT (Wang et al., 2023), MedPALM-1 (Singhal
et al., 2023), Meditron (Chen et al., 2023), PMC-
LLaMA (Wu et al., 2024), MedPalm-2 (Singhal

et al., 2025), MedGemma (Sellergren et al., 2025),
Huatuo-o1 (Chen et al., 2025). The proposed mod-
els are all built on top of foundational LLMs, re-
lying on different post-training methodologies for
domain and task adaptation. In the context of large
language models, we refer to adaptation as the set
of techniques used to adjust a pretrained model so
that it performs more effectively on certain data,
tasks, or usage conditions. Adaptation can target
different aspects of model behaviour, such as align-
ing outputs to task formulations, improving robust-
ness to domain-specific terminology, or inducing
particular reasoning patterns. We identify three
methodologies commonly exploited for adapting
LLMs to the medical domain. Instruction tuning
consists in further training a model using instruc-
tion–response supervision, with the goal of align-
ing model outputs to task descriptions and expected
formats, without explicitly altering domain-level
language representations. Continual pretraining
extends next token prediction pretraining on large
collections of domain-specific raw text, incremen-
tally refining internal representations to better cap-
ture linguistic and semantic characteristics of the
target domain. Finally, reasoning-oriented train-
ing seeks to induce explicit multi-step inference
by exposing models to examples that include inter-
mediate reasoning or structured problem-solving
processes, aiming to influence not only task perfor-
mance but also the manner in which predictions are
produced, particularly for complex tasks.
In this work, we are interested in determining what
is the impact of different methods when applied
in the context of the medical domain. In other
words, we want to study how to "adapt" a model
to perform medical tasks. Direct comparison is
non-trivial, as IT is trained on target tasks while
CP and RoT are not. To ensure fairness, we apply
IT after CP to isolate its contribution, whereas for
RoT we reformulate tasks as question answering to
preserve learned reasoning behaviors.
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Figure 1: Overview of the proposed comparison, including Continual Pretraing, Instruction Tuning, and Reasoning-
oriented Training. We report a summary of the dimensions we aim to analyze experimentally as research questions
in the right box.

Our main research question can then be framed
as follows:

RQ1: How do recent advancements in LLM
post-training methodologies address medical NLP
tasks?

This overarching research question guides
and motivates the comparison of the three target
methodologies. However, such a comparison
remains inherently broad. To make the analysis
more focused and informative, we formulate a
set of sub–research questions that target specific
dimensions of interest and provide more granular
insights into the behavior of each approach.

Sub-RQ1: Are there any task-related char-
acteristics that make any adaptation method
preferable?

Sub-RQ2: What is the relation between the
amount of training data and the performance on
downstream tasks?

Sub-RQ3: What are the structural and se-
mantic differences between datasets models learn
from in the three approaches?

Sub-RQ4: Is there any model size-related
impact on the "adaptability" of LLMs?

Sub-RQ5: Is there any language-related
impact on the "adaptability" of LLMs?

To answer these questions, we construct an
evaluation setting composed of 5 tasks among 21
datasets in Italian, Spanish, and English, for a
total of 61 combinations of language and sub-task
(e.g, entity extraction on bodyparts in Italian). We
apply Instruction-Tuning, Continual Pretraining,
and Reasoning-oriented training to ~1B and ~8B
open-weight LLMs and analyse their performance.

2 Related work

Existing work underscores the role of domain align-
ment in medical NLP. Luo et al. (2022b); Wu et al.
(2024) indicate that domain adaptation of large
language models can significantly enhance perfor-
mance on medical NLP tasks and, in controlled
settings, may reach or surpass expert-level results
on certain benchmarks (Singhal et al., 2025).

Instruction Tuning Instruction tuning consists
of training models to align with complex in-
structions (Zhang et al., 2023). Examples of
alignment of models to the biomedical domain
have been proposed for encoder-only models
(BioMedROBERTA Gururangan et al. (2020)),
and decoder-only models (Galactica Taylor et al.
(2022), ClinicalGPT Wang et al. (2023), Med-
PALM Singhal et al. (2023), BioMedLM Bolton
et al. (2024)).

Continual Pretraining One approach to tailor
LLMs to domain-specific knowledge is contin-
ual pretraining (Cossu et al., 2024; Shi et al.,
2025). Training happens on next token predic-
tion on corpora of raw text, enhancing the model’s
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knowledge about the language structure that char-
acterises the field, acquiring semantical knowl-
edge, use of syntax, words distribution, meaning,
co-occurrences, etc. Through these techniques,
models are enabled to improve performance on
specialised tasks, without incurring the costs and
downsides of training from scratch on large corpora
(Jin et al., 2022; Çağatay Yıldız et al., 2025). It has
been observed that continual pretraining can miti-
gate the risk of catastrophic forgetting with respect
to instruction tuning on downstream tasks (Ron-
gali et al., 2021), which occurs when the model
loses its general language-related capabilities in
favour of high specialization. Examples of models
adapted to the biomedical domain via continual
pretraining are BioBERT (Lee et al., 2019), Bi-
oLM (Lewis et al., 2020), BioMedROBERTA (Gu-
rurangan et al., 2020), ClinicalBERT (Huang et al.,
2020) for encoder-only models; decoder-only mod-
els as BioGPT (Luo et al., 2022a), Meditron (Chen
et al., 2023); encoder-decoder models as Med-mT5
(García-Ferrero et al., 2024).

Reasoning in the Medical Domain Reasoning is
commonly understood as the ability to solve prob-
lems through multi-step inference (Zhang et al.,
2025). Examples of models capable of reasoning
are OpenAI-o1 (OpenAI et al., 2024), marco-o1
(Zhao et al., 2024), skywork-o1 (He et al., 2024),
QwQ (Team, 2025), DeepSeek-R1 (Guo et al.,
2025) . A line of research investigates training
models to generate structured reasoning traces in
the medical domain. Efforts exploring this direc-
tion via distillation and medical knowledge inges-
tion are presented by Huatuo (Chen et al., 2025),
MedReason (Wu et al., 2025), m1 (Huang et al.,
2025), ReasonMed (Sun et al., 2025), FineMedLM-
o1 (Yu et al., 2025). Alternative directions seek to
elicit or refine reasoning abilities without extensive
distillation pipelines. Some methods aim to opti-
mize the use of existing reasoning traces (Thapa
et al., 2025), while others investigate lightweight
strategies to induce reasoning behaviours with re-
duced computational cost (Liu et al., 2025). A com-
prehensive overview of these trends is provided by
Wang et al. (2025).

Multilingual Medical NLP Névéol et al. (2018)
showed that specific adaptation is required when
handling NLP tasks in languages other than En-
glish. This is due to barriers posed by the differ-
ences in medical terminology among languages, as
efforts towards multilingual interoperability have

highlighted (Noll et al., 2025; Kandala et al., 2025).

Effectiveness medical-oriented LLMs Given
the growing capabilities of general-purpose LLMs,
a question raises about the effectiveness of medical-
oriented training. Jeong et al. (2024) tested 7 LLMs
adapted to the medical domain against their base
models on medical question answering tasks in
English, and found that often cases there is no sig-
nificant performance increase. Dada et al. (2025)
extend the analysis to seven tasks, obtaining similar
results. Hence, the role of multi-task in determining
whether the effectivness of post-training methods.

3 Methods

In this section, we present the three methods we
compare. In addition, we highlight our design and
implementation choices. We acknowledge that the
three methods differ in data requirements, compu-
tational cost, complexity, and objectives. by order
to present a comprehensive list of the pros and cons
of all approaches, we restrict our analysis to the
dimensions that help answer our research question
RQ1. To do so, we build on the consolidated train-
ing data structures and procedures that we describe
below.

3.1 Instruction Tuning
Instruction Tuning (IT) consists of aligning a model
towards a desired instruction-following behaviour.
In the context of our work, this means specializing
a model to perform one or more tasks, making sure
to produce structurally and semantically correct
outputs.

Data & Training IT output depends on the train-
ing data structure. Previous works described in
Section 2 suggest formatting the data according to
a user-assistant template, where training sequences
are composed of inputs/questions answered via tex-
tual outputs. Gao et al. (2025) shows that perfor-
mance on downstream tasks increases when input-
output pairs are shaped in a JSON-like format. We
maintain a hybrid approach by keeping textual in-
put and producing JSON-structured outputs (Fig-
ure 2, left). We convert the training splits of all
datasets into instruction-completion pairs, and shuf-
fle the resulting joint dataset of sequences. The
training routine consists in learning the desired an-
swers via next token prediction. Following the find-
ings of Shi et al. (2024), we consider both the in-
struction and the completion in the training loss cal-
culation. Prior work has shown that task-oriented
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Figure 2: Training sequences examples for Instruction Tuning (left), Continual Pretraining (center), and
Reasoning-oriented training (right). Special tokens are highlighted in green and are model-dependent.

instruction tuning using LoRA (Hu et al., 2022) is
reliable in both general (Gema et al., 2024) and
medical domains (Gao et al., 2024). The method
consists in training a set of adapters with significant
less paramenters than the model itself, which can
then be added to the base model enhancing it’s ca-
pabilities and knowledge. Multiple adapters can be
trained on multiple tasks, allowing for a task-based
choice of the best one at inference time.

3.2 Continual Pretraining

In the context of our work, Continual Pretraining
(CP) is employed relying on the intuition that do-
main shift through exposure to large medical data
can improve performances on downstream tasks.

Data & Training The amount of data needed
for CP is significantly higher than what is required
by task-oriented instruction tuning. For instance,
Xie et al. (2024) showed that the performance in
downstream tasks of continual pretrained models
only plateaus after +2B tokens. To explore this
direction, we rely on large medical datasets from
García-Ferrero et al. (2024). This resource col-
lects data from different medical fields from var-
ious sources (PubMed, Wikipedia, drug descrip-
tions, etc.). For English, it contains 1.1B words,
and 950M for Spanish, while for Italian the size is
notably smaller (140M). Given this, we expanded
the Italian medical dataset with additional sources
from both the scientific literature (140M words)
and clinical notes from the Emergency Department
of an Italian hospital (125M words), resulting in
a final size of 405M words (Ferrazzi et al., 2026).

We train i) separately and ii) jointly on the three
languages. An example of the training sequence is
presented in Figure 2 (center). To assess the rela-
tive impact of CP on downstream task performance,
we test models that underwent both simple CP, and
CP+IT. This comparison isolates the contribution
of CP by evaluating whether acquired domain-level
knowledge yields additional benefits beyond those
provided by task-specific abilities introduced via
IT.

3.3 Reasoning-oriented Training

We refer to Reasoning-oriented Training (RoT) as
the approach that involves exposing an LLM to
reasoning-like outputs, where prompts are com-
pleted through a long sequence of steps that log-
ically lead to a conclusion. Recent works sug-
gest that reasoning capabilities can be acquired
through simple next token prediction, and further
enhanced via Reinforcement Learning (RL) (Chen
et al., 2025). Nevertheless, the inclusion of RL
would misalign the training procedures of the meth-
ods we compare and, therefore, bias the analysis.
Therefore, we limit our analysis of RoT to next
token prediction. Moreover, we are interested in
utilizing reasoning enhancement as a mean to ob-
tain the correct output for a given task, and do not
include any analysis of intermediate steps faithful-
ness, robustness, clinical correctness1.

Data & Training The data required for RoT
are similar to those described for IT. Each train-

1Initial analysis of these dimensions can be found at Fer-
razzi et al. (2025b)
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ing sequence consists of a user request and a de-
sired model answer. Building on prior work, we
analyse this direction using a large, multilingual
corpus of reasoning traces that answer medical
queries. We utilize the resources provided by
Ferrazzi et al. (2025b), resulting in a dataset of
530k training pairs, evenly distributed between
languages. Each pair is formatted as a multiple-
choice question with a reasoning-intensive an-
swer (Figure 2, right). Models trained on this re-
source learn to answer medical questions. There-
fore, we re-frame each downstream task to re-
semble question answering, following a struc-
ture such as <question> {medical text} What
are the [entities | relations | arguments | etc] in
the text?</question> <possible_answers>{task de-
scription}</possible_answers>.

4 Multilingual Medical NLP Tasks

To analyze performance on multilingual medical
NLP tasks, we carefully select datasets that en-
able controlled cross-lingual comparison on a di-
versity of medical scenarios. We focus on three lan-
guages—English, Italian, and Spanish—that share
substantial overlap in available medical resources,
enabling comparable evaluations across languages.
Dataset selection is guided by the goal of covering
a broad range of tasks and medical domains, while
acknowledging that the study’s scope is inherently
constrained by existing annotated resources. Over-
all, we evaluate 5 medical NLP tasks, spanning 21
datasets and 35 task variants (Table 1). In what
follows, we present the selected tasks and datasets.

Named Entity Recognition Named Entity
Recognition (NER) aims to identify and classify
medically relevant entities in text, and can be
evaluated using the F1 metric on the entities
themselves. The datasets we select cover clinical
narratives, pharmaceutical documents, psychiatric
records, cardiology case reports, and research
documents. Each dataset defines a distinct set
of entity types, including clinical entities, body
parts, drugs, diseases, anatomical parts, symptoms,
medications, disabilities, cognitive symptoms,
ages, and tumor morphologies. We collect 3
datasets in the three languages (E3C by Magnini
et al. (2023), DisteMIST by Miranda-Escalada
et al. (2022), and CardioCCC by Lima-López
et al. (2024)); one dataset in English and Spanish
(DIANN-2018 by Fabregat et al. (2018)); 3
datasets in Italian (the projected version of E3C

by Ghosh et al. (2025), PsyNIT by Crema et al.
(2023), PharmaER by Zugarini and Rigutini
(2025)); 3 datasets in English (NCBI by Doğan
et al. (2014), BC5-disease by Wei et al. (2016),
n2b2-2010 dataset by Uzuner et al. (2010)); 3
datasets in Spanish (MEDDOCAN by Marimon
et al. (2019); CANTEMIST by Miranda-Escalada
et al. (2020), PharmaconNER by Gonzalez-Agirre
et al. (2019)).

Case Report Form Filling Case Report Form
(CRF) filling focuses on extracting structured
patient information from unstructured clinical
narratives. Given a patient clinical record, the
objective is to fill a predefined list of medical items
such as "temperature", "history of diabetes", etc.
There is no available dataset for such a task in
Spanish, while for English and Italian we use a
derivative of E3C (Ferrazzi et al., 2025a), which
maps clinical notes to predefined CRF fields. Our
experiments target the extraction of diagnoses,
clinical history, and examination-related informa-
tion. Furthermore, we used the eCream dataset,
composed of private data from the S. Giovanni
Bosco Hospital (Turin, Italy). The evaluation
of this task is performed using the F1 macro metric.

Medical Question Answering Medical Ques-
tion Answering (QA) requires selecting the cor-
rect answer to clinically relevant questions, typi-
cally drawn from medical examinations. For the
three languages, the evaluation is performed on
MedExpQA (Alonso et al., 2024), using both stan-
dard multiple-choice questions and a variant aug-
mented with retrieved contextual evidence. We
also employ the automatically translated versions
of MedMCQA (Pal et al., 2022) and MedQA (Jin
et al., 2021) proposed by Ferrazzi et al. (2025b).
For Italian, we include AT, medical admission tests
collected by Casola et al. (2023). For English, we
use PubMedQA (Jin et al., 2019). As these are all
multiple-choice datasets, the performances can be
calculated using accuracy.

Relation Extraction Relation Extraction (RE)
aims to identify semantic relations between med-
ical entities mentioned in text. For the three lan-
guages, we focus on the E3C dataset, targeting
relations that link laboratory exams and tests to
their corresponding results. For English, we utilize
the n2b2-2010 dataset (Uzuner et al., 2010) (rela-
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Dataset Language n Example type Annotaion type Examples
train val test

Named Entity Recognition

e3c IT-EN-ES 2 clinical note clinical; body part 451 67 628
distemist IT-EN-ES 1 clinical case disease 500 100 150
cardioccc IT-EN-ES 1 cardiology report medications 250 100 150
diann EN-ES 1 abstract disability 300 100 100
bc5 EN 1 pubmed disease 500 500 500
n2b2-2010 EN 1 clinical note problem & treatment & test 394 177 300
ncbi EN 1 pubmed disease 500 93 200
pharmaer IT 4 drug label drug; disease; symptom; anatomi-

cal part
1316 404 64

psynit IT 1 psychiatric report cognitive symptom 200 80 120
e3c-proj IT 1 clinical case clinical entity 632 101 738
meddocan ES 1 synthetic clinical

case
age 700 100 200

cantemist ES 1 clinical case tumor morphology 501 500 300
pharmaconer ES 1 clinical case drug 700 100 200
total all 16 all all 6144 2322 3550

Question Answering

medexpqa IT-EN-ES 2 exam question multiple choice; rag-like 434 63 125
medmcqa IT-EN-ES 1 exam question multiple choice 178k 4183 4183
medqa IT-EN-ES 1 exam question multiple choice 10k 1272 1273
at IT 1 exam question multiple choice 300 71 150
pubmedqa EN 1 pubmed multiple choice 700 100 200
total all 6 all all 191k 5589 5931

Relation Extraction

e3c IT-EN-ES 1 clinical note exam-result 451 67 628
n2b2-2010 EN 2 clinical note problem-treatment; problem-test 253 50 202
n2b2-2022 EN 3 clinical note dosage-drug; form-drug;

frequency-drug
394 177 300

total all 6 all all 1098 294 1130

Case Report Form Filling

e3c IT-EN 3 clinical note history; diagnosis; exams 451 67 628
ecream IT-EN 3 clinical note history; diagnosis; tests clinical

examin; treatment
80 10 200

total all 6 all all 531 77 828

Argument Mining

casimed IT-EN-ES 1 clinical note claim & premise 434 63 125

Table 1: Datasets selected for five medical NLP tasks. For each dataset, we report the languages, the number of
sub-tasks defined per dataset (n), the data type each example represents (Example type), the type of annotations
we considered in our evaluation (Annotation type, each of which defines a sub-task), and the number of Examples.
Examples across different datasets can vary widely in length (for instance, questions in medqa tend to be much
shorter than clinical cases in e3c). We keep the original train-val-test split when available.
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method example type train
words (M)

train
TFLOPs

CPT raw text 2400 57936
IT input + output 4 97
RoT question +rea-

soning +answer
46 1110

Table 2: Differences in training requirements by method.
Train FLOPs are calculated using the calflops package
(xiaoju ye, 2023) for Llama-3.2-1B.

tions between medical problems and treatments,
tests), the n2b2-2022 ADE dataset (Henry et al.,
2019) (relations between drugs and dosage, form,
frequency). The evaluation of relation extraction
can be done via F1 calculation on the extracted
items.

Argument Mining Argument mining seeks to
identify and structure reasoning components in
medical and clinical text. Experiments are con-
ducted on the tri-lingual Casimedicos-Arg dataset
(Sviridova et al., 2024), which provides annota-
tions for argumentative elements such as claims
and premises on clinical cases collected from med-
ical exams. The evaluation can be performed via
F1.

5 Experimental comparison

To compare Instruction Tuning (IT), Continual Pre-
training (CP), and Reasoning-oriented Training
(RoT), we evaluate all models on the test sets of
the datasets presented in Section 4. A direct com-
parison based solely on downstream performance
would be potentially misleading, as IT involves ex-
plicit supervision on the target tasks, whereas CP
and RoT do not. To mitigate this discrepancy, we
apply IT on top of CP, allowing us to isolate and
quantify the contribution of continual pretraining
beyond task-oriented instruction tuning. In con-
trast, applying standard IT after RoT would risk
overriding the reasoning behaviors acquired during
reasoning-oriented training. For this reason, we re-
frame each task as question-answering as described
in Section 3.3.
We present a short summary of computational re-
quirements for each method under our setups in Ta-
ble 2, to help readers contextualize the differences
among the three. We select two models from three
families of models, Llama-3 -1B, -8B (Dubey et al.,
2024), Gemma-3 -1B, -8B (Team et al., 2025), and
Qwen-3 -1.7B, -8B (Yang et al., 2025). All models

are used in both their base and instructed versions,
for a total of 12 models.

Task-datasets size imbalance The datasets pre-
sented in Section 4 (Table 1) are characterized by
high size imbalances, with more than 95% of the
examples from QA tasks. To prevent model col-
lapsing to single task handling at training time, we
limit MedMCQA and MedQA at 1k training ex-
amples. At test time, this issue is overcome by
the evaluation metric, which we calculate for each
dataset and then average among sub-tasks.

Learning Objective All methods involve train-
ing via next token prediction and cross-entropy-
based back-propagation. What differs are the train-
ing data, as described in Section 3

5.1 Method impact by task

Sub-RQ1 Are there any task-related char-
acteristics that make any adaptation method
preferable?

Directions of analysis We plan to experiment
with all three approaches on the 35 sub-tasks, and
group the results by the 5 tasks. By examining ag-
gregated results, we can understand the impact of
IT, CP, and RoT on each task. These comparisons
will help shed light on the following hypotheses.
Hypothesis 1) RoT is the best approach to handle
question answering, as such models have acquired
both medical knowledge and multi-step answering
capabilities; Hypothesis 2) CP improves the gen-
eral medical understanding, and should enhance
performance on all tasks when followed by IT with
respect to mere IT; Hypothesis 3) Argument mining
is more related to logical capabilities than medical
language understanding, and therefore should not
gain much from domain adaptation; Hypothesis 4)
Case report form filling is inheritently similar to
question answering; Hypothesis 5) Named entity
recognition and relation extraction do not require
deep medical knowledge, and IT could be enough.

5.2 Data size impact

Sub-RQ2 What is the relation between the
amount of training data and the performance
on downstream tasks?

Directions of analysis Previous work has investi-
gated the role of data quantity in model adaptation
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and proposed heuristics to estimate performance
gains as a function of training data for CP (Xie
et al., 2024), IT (Li et al., 2024), and RoT (Thapa
et al., 2025; Huang et al., 2025). These three
approaches exhibit substantially different data re-
quirements, which complicates direct comparisons
based solely on data scale. For instance, the amount
of data typically required for effective CP is orders
of magnitude larger than that used for IT, making
comparisons based on matched token counts nei-
ther practical nor informative. Therefore, we plan
to conduct a two-fold analysis. First, we analyze
the pros and cons of all methods with respect to
data requirements from a theoretical perspective.
Then, we perform ablation on the number of tokens
utilized to train models via each method, and de-
termine what are the practical, overall tradeoffs on
the specific tasks we tackle. From both analysis,
we aim to verify these hypotheses: Hypothesis 1)
IT is the most data-efficient approach, while CP
is the most data-expensive; Hypothesis 2) RoT
requires more training tokens than IT, as training
examples that include reasoning are significantly
longer than instruction completions; Hypothesis
3) IT is effective even with a low number of exam-
ples; Hypothesis 4) CP plateau performance on the
downstream task plateaus after a certain amount of
medical training data.

5.3 Data differences among methods

Sub-R3 What are the structural and semantic
differences between datasets required by the
three approaches?

Directions of analysis Across all three method-
ologies, learning is ultimately driven by the same
underlying objective, namely next-token prediction.
What differentiates IT, CP, and RoT in our imple-
mentations is not the learning mechanism itself, but
the nature of the data they are exposed to. IT data
primarily aims to align the model with task descrip-
tions and output formats, providing explicit signals
about how to respond to structured instructions.
CP data focuses instead on adapting the model to
the linguistic patterns, terminology, and discourse
characteristics of a target domain. Data used for
RoT emphasizes the generation of explicit reason-
ing processes, teaching the model how to articulate
multi-step inference within the domain. Despite
these differences in intent, the optimization pro-
cess remains almost identical across methods. As a

result, understanding how the training data differ
in form and content is key to understanding how
these adaptation strategies diverge in practice. To
this end, we analyze the training examples used by
each methodology, with the goal of characterizing
the source of what is effectively being taught to
the model. In particular, we examine 1) structural
differences in input–output format, and 2) semantic
differences in the type of information and reason-
ing conveyed.

5.4 Model size impact

Sub-R4 Is there any model size-related im-
pact on the "adaptability" of LLMs?

Directions of analysis For each of the three
model families, we compare the performance
of two pairs of models. For instance, for the
Llama family we compare Llama-3.2-1B with
Llama-3.1-8B, and Llama-3.2-1B-Instruct
with Llama-3.1-8B-Instruct. This provides us
with six pairs of -1B and -8B models to compare,
offering a general understanding of trends in scal-
ing in these two sizes. We are interested in verify-
ing two hypotheses. Hypothesis 1) The parametric
knowledge of smaller models has a higher degree
of "saturation" than bigger ones, resulting in lower
adaptability to the new domain; Hypothesis 2) Big-
ger models are more capable and knowledgeable of
smaller ones; therefore, the relative improvement
due to domain adaptation is smaller.

5.5 Language impact

Sub-R5 Is there any language-related impact
on the "adaptability" of LLMs?

Directions of analysis Given the multilingual
structure of our evaluation, some hypotheses can
be verified by training models on one or more lan-
guages at a time. We can determine whether 1) Mul-
tilingual transfer enhances performance on down-
stream tasks, and 2) Models exhibit different trends
and behaviors in languages other than English (the
one models are most exposed to).

6 Conclusion

This PhD research investigated how different post-
training methodologies adapt large language mod-
els to multilingual medical NLP tasks. We focused
on three widely adopted approaches—Instruction
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Tuning, Continual Pretraining, and Reasoning-
oriented Training—and compared them across five
medical task families, 21 multilingual datasets,
multiple model sizes, and three languages.
Our comparison layout is framed among five main
evaluation dimensions: i) verify if there exists a
significant interaction between the adaptation tech-
nique and the performances on specific tasks; ii)
determine the impact of the data size on the down-
stream performance for each approach; iii) analyse
both theoretically and experimentally the differ-
ences between the datasets required by the three
techniques; iv) determine the impact of the model
size on the downstream performance for each ap-
proach; v) determine the impact of the techniques
given the language .

Limitations

This work presents several limitations that should
be considered when interpreting the results. First,
our implementation of Reasoning-oriented Train-
ing (RoT) relies exclusively on supervised learning
over reasoning traces and does not incorporate re-
inforcement learning techniques. As a result, the
performance of RoT models may underestimate
what is achievable with more advanced training
paradigms.

Second, our analysis is restricted to three lan-
guages that belong to the same broad linguistic
family. This limits the extent to which our find-
ings can be generalized to typologically distant
languages or to low-resource scenarios.

Third, we limit our analysis to downstream per-
formances. We do not consider models’ answers
as a whole, but simply parse models’ answers to
obtain the expected tasks’ output. More detailed
analysis could take into account reasoning traces
and overall answers.

Finally, our evaluation focuses on a fixed set
of medical tasks and datasets, all reformulated
within a unified instruction-following framework.
Although this design choice enables controlled
comparisons between adaptation strategies, it may
not capture all aspects of real-world clinical appli-
cations, where task formulations, output require-
ments, and interaction patterns can vary substan-
tially.
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