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Abstract. Large Language Models (LLMs) perform well in general NLP tasks
but face challenges in specialized domains such as pharmacology. This study
investigates whether fine-tuning with DrugBank data improves response relia-
bility. We construct a question–answer dataset from absorption and metabolism
sections and fine-tune a LLaMA 3.1 8B model using efficient adaptation tech-
niques. The effectiveness of the fine-tuned model is evaluated against its original
version using ROUGE-L, BLEU, and Exact Match metrics, as well as qualitative
analysis. The results show improvements and more domain-specific responses,
indicating that fine-tuning effectively adapts LLMs to pharmacological tasks.

1. Introduction
Large Language Models (LLMs) have quickly become a key resource in applied health
computing. They assist with tasks like clinical decision support, biomedical informa-
tion retrieval, literature analysis, and answering questions about specialized medical data.
Their capacity to process natural language at scale has enabled new ways to engage with
complex biomedical databases that were previously accessed only via structured queries
or manual review. However, even with their strong overall capabilities, LLMs are often
trained on diverse, broad datasets, which can make it difficult for them to accurately in-
terpret highly technical, specific content. This accuracy is important for health-related
applications.

In the pharmaceutical and biomedical research fields, misinterpretations of text
can lead to significant issues. Databases such as DrugBank [Wishart et al. 2008] pro-
vide curated and reliable information on drugs, including details on absorption and
metabolism, which are used to understand pharmacokinetics and drug safety. Although
this information is publicly accessible, it often appears in complex technical language that
requires specialized knowledge for accurate interpretation. Providing natural-language
access to this content through LLMs is desirable, but only if the generated responses are
accurate, faithful to the source, and focused on the relevant biomedical context.
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Using general-purpose LLMs for specialized pharmacological question answering
presents several challenges: i) base models may generate inaccurate or unsupported in-
formation when faced with technical biomedical questions; ii) they may overlook impor-
tant distinctions in pharmacokinetic descriptions, such as dosage-dependent absorption
or metabolism pathways; iii) these models often do not limit their responses to a specific
domain, providing answers outside their reliable knowledge area. These factors make the
straightforward use of standard LLMs inappropriate for reliable applications in health and
pharmacology.

Recent studies indicate that domain adaptation techniques, especially fine-tuning,
can enhance the overall effectiveness of LLMs in specialized fields such as medicine
[Kim et al. 2025, Ramasamy et al. 2025] and pharmacology [Tosca et al. 2025]. Fine-
tuning uses smaller, task-specific datasets to adjust the parameters of a pre-trained model,
ensuring its outputs align with domain-specific terminology, expected answer formats,
and factual requirements. Biomedical databases such as DrugBank serve as reliable
sources for training and evaluating machine learning models in drug discovery and phar-
macological analysis. These combined approaches suggest that fine-tuned LLMs can
effectively enable queries of structured biomedical knowledge in natural language.

Despite these advances, important gaps remain in the current literature. Most
existing studies on biomedical question answering with LLMs focus on clinical narra-
tives, biomedical abstracts, or broad medical benchmarks, often emphasizing diagnostic
or treatment-related questions [Wang et al. 2024]. In contrast, there is limited empirical
investigation into the adaptation of LLMs for answering questions grounded in pharma-
cological databases, particularly when the target information consists of highly specific
textual fields such as drug absorption and metabolism.

This work investigates whether fine-tuning an LLM on DrugBank-derived
question-answer pairs can improve its ability to answer questions about drug absorption
and metabolism. Specifically, we compare the effectiveness of a fine-tuned LLM with its
original base version when answering pharmacological questions grounded in DrugBank
textual fields.

We create a domain-specific dataset by extracting absorption and metabolism de-
scriptions from DrugBank and converting them into structured question-answer pairs. We
then fine-tune the LLaMA 3.1 8B model using efficient parameter techniques, enabling
specialization with minimal computational resources. We evaluate both the fine-tuned and
base models on the same set of questions, using standard automatic metrics for assessing
natural language generation quality, including ROUGE-L, BLEU, and Exact Match.

Our experimental results demonstrate that the fine-tuned model outperforms the
base LLaMA 3.1 8B model across all evaluation metrics, yielding more accurate, con-
cise, and domain-specific answers for drug absorption and metabolism. Our investigation
makes three main contributions: (i) a DrugBank-derived question-answer dataset cen-
tered on pharmacokinetic textual properties is developed; (ii) an empirical evaluation of
parameter-efficient fine-tuning for pharmacological question answering is carried out; and
(iii) provides quantitative and qualitative evidence that domain adaptation significantly
improves the reliability of LLMs for applied health computing scenarios.

The remainder of this article is structured as follows: Section 2 reviews related



work on biomedical question answering, domain adaptation of LLMs, and parameter-
efficient fine-tuning methods; Section 3 presents the research methodology including the
experimental setup; Section 4 reports quantitative and qualitative results; Section 5 dis-
cusses the implications, limitations, and potential risks of applying fine-tuned LLMs to
pharmacological question answering; Finally, Section 6 concludes this article and outlines
directions for future work.

2. Related Work
Information extraction to leverage textual content in pharmacological databases, such as
Drugbank, is a critical task. Early work on leveraging DrugBank has focused on text
mining and information extraction rather than on natural-language question answering.
The DrugQuest framework [Papanikolaou et al. 2016] applies keyword-based querying,
Named Entity Recognition, and clustering techniques to selected DrugBank textual fields
(e.g., Description, Indication, Pharmacodynamics, and Mechanism of Action) to discover
potential drug associations. Its query mechanism relies on string matching with Boolean
operators, and the extracted information is used for exploratory analysis and visualiza-
tion rather than for supervised language model training. In a complementary direction,
several studies have addressed the extraction of drug-drug interactions from unstructured
biomedical text, resulting in curated resources such as the DDI corpus and CHEMDNER
[Machado et al. 2025]. These corpora provide annotated entities and relations from Drug-
Bank records and PubMed abstracts, and have been widely used to train supervised NER
and relation extraction systems. [Machado et al. 2025].

Beyond text mining and annotated corpora, other efforts have concentrated on
consolidating pharmacokinetic and ADMET information into structured knowledge bases
[Cao et al. 2012]. The PharmacoKinetics Knowledge Base (PKKB) was proposed to in-
tegrate high-quality experimental measurements related to absorption, metabolism, dis-
tribution, excretion, and toxicity, aggregating data from multiple sources into a unified
repository. Such resources play an important role in supporting in silico ADMET model-
ing and pharmacokinetic prediction tasks, prioritizing numerical and structured represen-
tations over textual descriptions. While PKKB and similar databases provide extensive
coverage of pharmacokinetic properties, they are not designed to support natural-language
interaction or question answering grounded in the original descriptive text of pharmaco-
logical databases.

Regarding LLMs and deep learning for drug discovery tasks, novel stud-
ies [Zhang et al. 2025, Fan et al. 2024, Kang et al. 2025] have assessed the aptitude of
general-purpose LLMs (e.g., ChatGPT) for pharmacological reasoning by querying cu-
rated resources such as DrugBank and evaluating their ability to recall and summarize
drug attributes, interactions, and pharmacological properties across different molecular
categories. These studies highlight the strengths of LLMs in handling factual drug-related
queries and their limitations when used without explicit domain alignment or controlled
grounding mechanisms [Zhang et al. 2025]. Similarly, deep learning approaches for drug
repositioning have leveraged large-scale pretraining and fine-tuning strategies over hetero-
geneous biomedical graphs, integrating gene expression perturbation data, drug-disease
interaction networks, and Bayesian optimization objectives to predict novel therapeu-
tic indications with improved accuracy [Fan et al. 2024]. More recently, LLM-centric
frameworks have combined supervised fine-tuning, prompt-based long chain-of-thought



reasoning, and reinforcement learning to extract structured drug repositioning knowledge
from biomedical literature, transforming unstructured text into schema-compliant entities
and relations [Kang et al. 2025]. Although these approaches demonstrate the effective-
ness of fine-tuning, pretraining, and reasoning-enhanced prompting for pharmacological
knowledge extraction and inference, they primarily target evaluation, relation extraction,
or repositioning tasks rather than controlled question answering grounded in specific phar-
macokinetic textual fields from curated databases.

In Table 1, we present the comparative positioning of our study with related work.
In contrast to prior approaches focusing on text mining, extraction, or broad pharmaco-
logical reasoning, this work empirically evaluates parameter-efficient fine-tuning for con-
trolled, database-grounded question answering within predefined pharmacokinetics fields.
Prior works rarely examine the ability of fine-tuned models to restrict their responses to a
predefined pharmacological scope, explicitly addressing out-of-domain questions to mit-
igate hallucinations. As a result, the effectiveness of domain-specific fine-tuning for con-
trolled, database-grounded pharmacological question answering remains underexplored,
especially in applied health computing contexts. This work does not aim to evaluate gen-
eralization to unseen pharmacological knowledge. Instead, it focuses on verifying how
fine-tuning improves the LLM’s capability to act as a reliable information retrieval inter-
face to a curated biomedical database.

Table 1. Comparative analysis of related work.

Approach LLM Fine-Tuning Field-Specific QA Scope Control
[Papanikolaou et al. 2016] No No No
[Machado et al. 2025] No No (Extraction) N/A
[Cao et al. 2012] No Broad QA No
[Fan et al. 2024] Partial No No
This Work Yes (LoRA/QLoRA) Yes (Abs./Met.) Yes

3. Methodology
We describe the methodological pipeline adopted in this study, from data extraction to
model evaluation. Figure 1 presents the overall process as a sequence of steps, providing
a high-level overview of our proposed approach.

Step 1 involves extracting pharmacokinetics textual information from the Drug-
Bank database. DrugBank offers detailed descriptions of various drug properties, includ-
ing absorption and metabolism, typically presented as unstructured or semi-structured
text. In our study, we considered only drugs with complete descriptions for both absorp-
tion and metabolism. For each selected drug, we retained the drug name, description of
absorption, and description of metabolism. This filtering process ensures that all subse-
quent questions and answers rely on accurate and comprehensive pharmacokinetics infor-
mation. The output of this step is a curated collection of drug-specific textual entries that
focus solely on absorption and metabolism properties. Figure 2 shows an example of the
dataset.

The data extraction process was applied to all <drug> entries in the DrugBank
XML document. For each drug, the presence of each field was independently verified. If



Figure 1. Overview of the methodology pipeline, including data extraction from
DrugBank, dataset construction, model fine-tuning, inference, and evalua-
tion.

<drug type="small molecule">
<name>Bivalirudin</name>
<metabolism>80% proteolytic cleavage</metabolism>
<absorption>

Following intravenous administration, bivalirudin exhibits
linear pharmacokinetics. The mean steady state concentration
is 12.3 +/- 1.7 mcg/mL after administration of an

intravenous
bolus of 1 mg/kg followed by a 2.5 mg/kg/hr intravenous
infusion given over 4 hours.

</absorption>
</drug>

Figure 2. Example of a DrugBank entry illustrating the XML structure and se-
lected textual fields used in this study.

a given field was available, its textual content was extracted and retained; drugs missing
one or both fields were excluded from the corresponding question-answer generation pro-
cess. Using this strategy, 2,628 drugs with at least one relevant pharmacokinetics descrip-
tion were selected. From these entries, the proposed template-based procedure generated
18,788 domain-specific question-answer pairs covering absorption and metabolism prop-
erties. In addition, 1,000 out-of-domain negative examples were incorporated to model
response restriction behavior, resulting in a final dataset of 19,788 question-answer pairs.



In the construction of question-answer pairs (Step 2), the pharmacokinetics tex-
tual information from DrugBank is transformed into a supervised dataset suitable for
fine-tuning. This transformation is performed through a controlled question-generation
strategy based on predefined natural-language templates, ensuring linguistic variability
while preserving semantic consistency. For each drug, two independent sets of questions
are generated, targeting absorption and metabolism. For absorption, a pool of question
templates is defined to cover different phrasings and syntactic structures commonly used
in information-seeking queries. From this pool, four distinct absorption-related questions
are generated per drug, such as inquiries about how the substance is absorbed, the ab-
sorption process, or its general absorption characteristics. An analogous procedure is
applied to metabolism, using a separate set of templates designed to elicit information
about metabolic pathways, mechanisms, and processing in the human body.

This template-based strategy serves two purposes: i) it increases lexical and struc-
tural diversity in the training data, reducing the risk of the model overfitting to a single
question formulation; and ii) it encourages the model to learn that different surface-level
questions may correspond to the same underlying pharmacological information. We high-
light that for a given drug and property, all generated questions share the same reference
answer, which is directly extracted from the corresponding DrugBank textual field. This
results in multiple question-answer pairs mapping to an identical authoritative response,
as shown in the text box below.

Example of Template-Based Question Generation for Absorption

Input (Drug): Oprelvekin

Generated Questions (Absorption Templates):
• Can you explain how Oprelvekin is absorbed in the body?
• Describe the absorption characteristics of Oprelvekin.
• Tell me about Oprelvekin’s absorption mechanism.
• In what way is Oprelvekin absorbed?

Reference Answer (Extracted from DrugBank): Absolute bioavailability is over
80%.

In addition to domain-specific questions, we included curated instances of nega-
tive examples in the dataset. These examples consist of questions from unrelated domains
of general knowledge, each paired with a standardized response indicating that the model
cannot provide an answer outside the scope of drug absorption and metabolism. The in-
clusion of negative examples plays a critical role in shaping model behavior, explicitly
teaching it to refuse or restrict answers when faced with out-of-domain queries, rather
than hallucinating plausible but groundless information.

All absorption and metabolism questions, and the negative examples, are finally
serialized into a structured JSON format. Each entry contains an instruction (the ques-
tion), a contextual input identifying the drug name, and an output corresponding to the
reference answer. The resulting dataset comprises a controlled, domain-focused super-
visory signal grounded in DrugBank and constitutes the basis for the fine-tuning stage
described in the subsequent step.



Step 3 involves adapting an LLM to the dataset developed. The fine-tuning process
exposes the model to domain-specific question-answer pairs, helping it learn both phar-
macological terminology and the expected format of concise, domain-specific answers.
A pre-trained LLaMA 3.1 8B [Sam 2024] model is chosen for its strong language ca-
pabilities, its strong performance-to-cost ratio and compatibility with parameter-efficient
fine-tuning techniques such as LoRA and QLoRA..

Instead of conducting full fine-tuning, a parameter-efficient approach is employed
to minimize computational costs while maintaining model performance. Specifically, the
model is fine-tuned using low-rank adaptation (LoRA [Hu et al. 2022]) along with low-bit
quantization (QLoRA [Dettmers et al. 2023]). This approach enables only a small subset
of parameters to be updated while most pretrained weights remain unchanged, allowing
the model to specialize in the pharmacological domain while reducing memory usage
and training time, making the strategy feasible on a single GPU. To implement LoRA and
QLoRA, we employed the Unsloth framework1, which natively supports both approaches.

The main hyperparameters are set as follows: the rank of the LoRA adapters is
set to 16, balancing expressive capacity and parameter efficiency; the learning rate is set
to 2 × 10−4, following common practices for adapter-based fine-tuning; training is per-
formed for two epochs, which was empirically sufficient to achieve convergence without
overfitting; a small per-device batch size is used in combination with gradient accumula-
tion to accommodate hardware constraints. These settings were chosen to ensure stable
training while preserving the general linguistic knowledge of the base model.

After fine-tuning, the adapted model and the original base model generate an-
swers to a common set of unseen questions (Step 4). These questions are randomly sam-
pled from the dataset to guarantee that neither model has prior exposure during training.
For each question, both models are given the same inputs and produce independent re-
sponses. This controlled environment allows for a direct comparison between the base
and fine-tuned models, highlighting the effects of domain adaptation on answer quality.
The generated responses are recorded along with their corresponding reference answers
to ease systematic evaluation.

The final stage (Step 5) involves evaluating the generated answers through quan-
titative and qualitative analyses. Quantitative analysis uses standard metrics for natural
language generation, including ROUGE-L [Lin 2004], BLEU [Papineni et al. 2002], and
Exact Match. These metrics quantify lexical overlap, structural similarity, and accuracy
relative to the reference answers. In addition to numerical evaluation, a qualitative anal-
ysis is conducted by examining representative model outputs. This analysis emphasizes
factors such as factual accuracy, alignment with the expected answer scope, and the oc-
currence of hallucinated or irrelevant information. Together, these evaluation methods
offer a comprehensive assessment of how fine-tuning affects the reliability and utility of
LLMs for pharmacological question answering.

To promote transparency and reproducibility, the code for data construction, fine-
tuning, and evaluation scripts is publicly available2.

1https://github.com/unslothai/unsloth
2https://github.com/felipeverol/drugbank-finetuning



4. Results

We present the results of the experimental evaluation of the base and fine-tuned models.
The analysis is organized into quantitative (Subsection 4.1) and qualitative (Subsection
4.2) perspectives, enabling numerical comparisons and interpretation of the generated
results. The evaluation corresponds to the inference and assessment stages described in
Steps 4 and 5 of Figure 1.

4.1. Quantitative Results

The quantitative evaluation was performed using three standard metrics for natural lan-
guage generation: ROUGE-L, BLEU, and Exact Match. These metrics assess different
aspects of answer quality, including lexical overlap, structural similarity, and exact cor-
rectness concerning the reference answers. Table 2 reports the average scores from the
base and fine-tuned models over the same set of evaluation questions.

Table 2. Average evaluation metrics for the base and fine-tuned models. The
highest value in each column is highlighted in bold.

Model ROUGE-L BLEU Exact Match

Base LLaMA 3.1 8B 0.1129 0.0097 0.0000
Fine-tuned Model 0.3815 0.2164 0.1460
Relative Gain (%) +237.7 +2131.9 -

We can see that all metrics are improved after fine-tuning. The ROUGE-L score
indicates a notable increase, indicating that the fine-tuned model generates answers that
are more closely aligned with the reference texts. The BLEU score also shows an increase,
reflecting an improved lexical accuracy. The Exact Match metric rose from 0 to 0.14,
indicating that the fine-tuned model can reproduce reference answers in some cases.

The absolute values shown in Table 2 should be interpreted in the context of open-
ended natural language generation in specialized biomedical domains. Metrics such as
Exact Match are inherently strict and tend to yield low scores in scenarios where multiple
valid textual realizations may express the same pharmacological fact. From this perspec-
tive, the transition from a zero Exact Match score in the base model to a non-zero value
after fine-tuning represents a meaningful behavioral change rather than a marginal nu-
merical gain. Similarly, the substantial increase in ROUGE-L and BLEU scores reflects a
higher degree of lexical and structural alignment with authoritative DrugBank reference
texts. This quantitative evidence supports the hypothesis that domain-specific fine-tuning
enhances the ability of LLMs to answer pharmacological questions grounded in Drug-
Bank textual data.

To better contextualize the observed improvements, Table 2 reports the relative
gain of the fine-tuned model with respect to the base model. The large percentage in-
creases in ROUGE-L and BLEU indicate a behavioral shift rather than a numerical im-
provement. For Exact Match, the base model achieves a zero score, making relative
computation infeasible. Nevertheless, the emergence of a non-zero Exact Match rate after
fine-tuning highlights a qualitative change in the model’s ability to reproduce pharma-
cokinetic statements.



4.2. Qualitative Results

To complement the numerical evaluation, a qualitative analysis was carried out by in-
specting representative answers generated by both models. This analysis focuses on cor-
rectness, adherence to the expected answer scope, and the presence of hallucinated or
irrelevant information. The following text box presents a qualitative comparison between
the base and fine-tuned models. The fine-tuned model produces a response closer to the
dataset reference while exhibiting better adherence to the expected question-answer inter-
action format.

Qualitative Comparison Between Base and Fine-Tuned Models

Instruction: Can you explain how Oprelvekin is absorbed in the body?

Expected Answer (Dataset Reference): Absolute bioavailability is over 80%.

Base Model Response: Oprelvekin is absorbed in the body by the intestinal ep-
ithelial cells, which are specialized cells that line the intestines. When taken orally,
it is absorbed through the gastrointestinal tract and transported to the bloodstream.
Can you explain how Oprelvekin is absorbed in the body? Oprelvekin is absorbed
in the body through the gastrointestinal tract.

Fine-Tuned (LoRA) Model Response: Absolute bioavailability is 80% following
subcutaneous administration.

In this example, the fine-tuned model produces an answer that correctly captures
the core pharmacokinetic information expected from the reference, whereas the base
model either provides incomplete information or introduces content not explicitly sup-
ported by the source text. The fine-tuned model’s output was closer to the expected
answer, as it correctly reproduced the core factual information regarding the absolute
bioavailability of approximately 80%. In addition, the fine-tuned model demonstrates
better control over response length and format, limiting its output to the information
requested by the question. Across multiple inspected examples, similar patterns were
observed. The base model frequently exhibited behaviors such as elaborating beyond
the question, introducing speculative statements, or deviating from the pharmacological
scope. In contrast, the fine-tuned model generated more concise, focused, and domain-
aligned responses.

The results show that fine-tuning leads to improvements in quantitative metrics
and in qualitative aspects that are critical for applied health computing, such as factual
consistency and scope control. The alignment between numerical gains and observable
improvements in answer quality strengthens the validity of the evaluation and motivates
a deeper discussion of the implications and limitations of these findings.

5. Discussion

The results presented in Section 4 show that fine-tuning models for specific domains im-
proves the accuracy of LLMs in pharmacological question-answering tasks. In this sec-
tion, we address the implications of these findings, the models’ behavior, and the limita-
tions of the chosen approach, especially in the context of applied health computing.



Regarding the impact of the fine-tuning technique in domain alignment, the im-
provements identified across all evaluation metrics indicate that fine-tuning effectively
aligns the model with the pharmacological domain. This suggests that exposure to struc-
tured question-answer pairs derived from DrugBank enables the model to better cap-
ture domain-specific terminology, factual patterns, and expected answer formats. From
a health computing perspective, this alignment is important, as it positively influences
the reliability of automated systems that support research or decision-making processes.
The increase in Exact Match, although numerically smaller than the gains observed for
ROUGE-L and BLEU, is particularly meaningful. Exact matches are rare in open-ended
natural language generation tasks, especially in specialized domains. Therefore, even a
moderate increase indicates a tangible improvement in the model’s ability to faithfully
reproduce authoritative pharmacological information.

When interpreting metric improvements, the increase in BLEU scores indicates
that fine-tuning enhances lexical accuracy. This means the fine-tuned model chooses
words and phrases more similar to those in the reference texts. This outcome is expected,
as the reference answers are based on DrugBank descriptions. Improvements in ROUGE-
L suggest that the structure and order of information in the generated responses more
closely match the original material. However, these metrics mainly measure surface-level
similarity and do not fully capture clinical or pharmacological accuracy. Although higher
scores suggest better alignment with the reference, they should not be seen as conclusive
evidence of biomedical validity. We emphasize the need to combine automatic metrics
with qualitative assessments, as demonstrated in our study.

The qualitative analysis revealed behavioral differences between the base and fine-
tuned models. The base model often generates verbose answers, introduces additional
context not requested by the question, or drifts into speculative statements. This behavior
can be problematic in health-related applications, where precision and scope control are
essential. In contrast, the fine-tuned model exhibits improved adherence to the expected
interaction pattern, producing concise answers focused on absorption and metabolism
properties. This behavior can be attributed to both domain-specific training data and the
inclusion of out-of-domain questions during fine-tuning, which likely contributed to a
better response restriction. This finding highlights the importance of explicitly modeling
what the model should answer and what it should not answer.

From an applied perspective, the findings suggest that fine-tuned LLMs can serve
as effective natural-language interfaces to curated biomedical resources such as Drug-
Bank. Rather than replacing expert judgment, such systems can support researchers, stu-
dents, and professionals by facilitating access to complex pharmacological information
expressed in technical text. The use of parameter-efficient fine-tuning further strengthens
the practical relevance of this approach, as it lowers the computational barrier for adapting
LLMs to specialized health domains. This is particularly relevant in research institutions
and applied settings where computational resources are limited.

Although fine-tuning improves domain alignment, residual risks remain. Fine-
tuned models may produce factual inaccuracies, especially under ambiguous prompts.
In health-related contexts, deviations in pharmacokinetic information may lead to mis-
interpretation. Responsibility and accountability must also be defined if such systems
are integrated into research or clinical environments. LLMs generate probabilistic out-



puts, which complicate traceability and error attribution. Therefore, deployment should
include governance protocols, output logging, and explicit communication of system lim-
itations. Finally, temporal drift must be considered. Since pharmacological knowledge
evolves, periodic dataset and model updates are necessary to maintain validity.

Despite promising results, some limitations must be acknowledged: i) the eval-
uation relies primarily on automatic metrics, which may not fully capture semantic
correctness or clinical relevance; ii) the dataset focuses exclusively on absorption and
metabolism properties, limiting the generalizability of the findings to other pharmacolog-
ical or biomedical attributes. Additionally, our study does not assess the model’s behavior
in real-world clinical scenarios or its robustness to ambiguous or poorly formulated ques-
tions. These aspects represent important directions for future work, particularly if such
models are intended to be integrated into decision-support systems.

6. Conclusion

This article investigated the impact of domain-specific fine-tuning on the effectiveness
of LLMs for pharmacological question answering, using absorption and metabolism in-
formation extracted from DrugBank. By adapting a pre-trained LLaMA model with a
curated question-answer dataset and parameter-efficient techniques, we demonstrated im-
provements over the base model across quantitative metrics and qualitative analyses. Our
results indicated that fine-tuning enabled LLMs to generate more accurate, concise, and
domain-aligned answers while reducing undesirable behaviors, such as hallucinations and
scope drift. These improvements are relevant for applied health computing, where the
reliability of automated textual systems is critical. The use of parameter-efficient adap-
tation strategies highlighted the feasibility of deploying specialized LLMs even under
constrained computational resources. As future work, we plan to extend the approach to
additional DrugBank fields, incorporating expert-based evaluation, and exploring hybrid
strategies that combine fine-tuning with structured knowledge representations. Overall,
this work provides empirical evidence that domain adaptation is a key enabler for the
trustworthy application of LLMs in health-related domains.
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