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Abstract

Accurate and safe medication recommendations from Electronic
Health Records (EHRs) are essential for clinical decision support.
While Large Language Models (LLMs) have shown strong semantic
reasoning capabilities in healthcare, they tend to make coarse bi-
nary predictions, overlooking medications near the decision bound-
ary and leading to overprescription. In contrast, deep models of-
fer fine-grained probability outputs but lack contextual reason-
ing needed for complex boundary cases. To address this, we pro-
pose a boundary-aware medication recommendation framework
(GiantMed) that activates the potential of LLM “giant” under deep
model guidance. Specifically, GiantMed leverages a deep model
to identify boundary medications and directs the LLM to focus
on these clinically ambiguous yet informative cases. Furthermore,
we augment contextual knowledge of boundary medications by
retrieving relevant historical EHRs and integrating Drug-Drug In-
teraction (DDI) constraints. The final recommendation is generated
by incorporating the LLM-refined boundary medications with con-
fident predictions from the deep model. Extensive experiments on
two real-world EHR datasets demonstrate that GiantMed! achieves
state-of-the-art accuracy while reducing DDI rates.
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1 Introduction

Medication recommendation is essential for clinical decision-making,
aiming to provide accurate and safe prescriptions tailored to a pa-
tient’s condition based on Electronic Health Records (EHRs) [38,
39, 42]. With the rapid advancement of Large Language Models
(LLMs) such as GPT [24] and LLaMA [7] series, recent research has
started exploring their potential in healthcare (e.g., clinical report
generation [13] and medical question answering [14]), leveraging
their strong semantic reasoning and generalization abilities [12, 43].
These strengths have motivated adaptations of LLMs to medication
recommendation [9, 21], typically by fine-tuning them on large-
scale clinical corpora to enhance domain alignment.

Despite their potential, LLM-based approaches still face critical
challenges in medication recommendation [9, 43]. As illustrated
in Figure 1(a)-top, LLMs like Qwen3-8B [36] often make coarse
binary predictions about whether a medication should be recom-
mended or not, thereby overlooking those near the decision bound-
ary. This behavior frequently leads to overprescribing and reduces
clinical precision, as illustrated in Figure 1(b), where LLMs rec-
ommend more medications than the ground-truth set. In contrast,
deep models trained on structured EHR data (e.g., SafeDrug [38])
offer fine-grained probability distributions over candidate med-
ications (Figure 1(a)-bottom). This enables more precise control
over predictions and improves coverage of medications within the
boundary region, which tends to be missed by LLMs. Such bound-
ary medications are often ambiguous yet clinically informative,
and identifying them correctly is critical for generating safe and
effective prescriptions. Nevertheless, deep models often lack the
contextual reasoning required to handle complex cases, especially
when boundary medications are involved.

While LLMs offer semantic reasoning capabilities but suffer from
coarse binary decision behavior, deep models provide fine-grained
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Figure 1: (a) Medication probability distributions for a pa-
tient’s visit from Qwen3-8B (LLM) and SafeDrug (deep model).
The LLM fails to capture medications within the boundary
region, while the deep model offers fine-grained probabilities
around the boundary. (b) Comparison of different methods
on MIMIC-III by the average number of recommended medi-
cations (bars) and Jaccard similarity (line). Method types are
color-coded. “Med”” is medications and “GT” is ground truth.
“Jaccard” quantifies the similarity between the predicted and
ground-truth medication sets.

control yet lack the reasoning needed for complex clinical scenarios.
This complementary pattern of limitations raises a key question:
Can we integrate the accurate control from deep models with the
semantic reasoning ability of LLMs to improve medication recommen-
dation, especially for boundary cases?

To this end, we propose GiantMed, a boundary-aware medication
recommendation framework that activates the potential of the LLM
“giant” through deep model guidance. Rather than relying on LLMs
to make broad and unguided predictions, GiantMed strategically
directs its attention toward ambiguous yet clinically important
medications near the decision boundary. As shown in Figure 1(b),
GiantMed variants (e.g., Ourssp and Oursy4, respectively guided
by SafeDrug [38] and MedAlign [23]), consistently improve the
recommendation accuracy while alleviating overprescribing issues.

Specifically, we first leverage a trained deep model’s fine-grained
probability outputs to divide all medications into boundary and
confident subsets for a patient’s visit, extracting those within the
boundary region for further refinement by LLMs. We then augment
contextual knowledge of boundary medications by retrieving rel-
evant historical EHRs and applying Drug-Drug Interaction (DDI)
constraints. Finally, we incorporate the refined boundary medica-
tion probabilities from the LLM with the confident predictions from
the deep model to generate more accurate and safer prescriptions.

The main contributions of our work are summarized as follows:

o Formulation of Boundary-aware Medication Recommendation. We
introduce a novel formulation that activates the reasoning capa-
bilities of LLM “giant” on medications within the boundary re-
gion. By focusing on ambiguous yet clinically informative cases,
our approach mitigates coarse binary decision behaviors and
enables more fine-grained, precise, and safer recommendations.

o Deep Model-Guided LLM Framework. We propose GiantMed, a hy-
brid framework that guides LLMs using deep model predictions
to identify boundary medications. These are further refined via
a boundary-aware prompt, augmented with retrieved EHRs and
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integrated DDI constraints, effectively integrating the strengths
of deep models and LLMs for medication recommendation. No-
tably, GiantMed is a model-agnostic plug-in framework that can
flexibly adapt to different guiding deep models. This design ef-
fectively integrates probabilistic outputs from state-of-the-art
deep models to improve accuracy and reliability by targeting
medications near the decision boundary.

o Extensive Experimental Validation. We conduct comprehensive
experiments on two real-world EHR datasets, demonstrating that
GiantMed significantly outperforms state-of-the-art baselines in
both accuracy and safety (minimizing DDIs).

2 Related Work
2.1 Medication Recommendation

Medication recommendation aims to provide accurate and safe
prescriptions for patients via personalized treatment [27, 29, 42].
Existing medication recommendation methods can be broadly cate-
gorized into instance-based and longitudinal approaches, based on
how patient information is modeled. Instance-based methods [5, 25]
typically rely on structured features extracted from a single patient
visit. However, such methods often overlook valuable historical
patient data. In contrast, longitudinal methods [20, 26, 35, 37] model
the long-term progression of diseases by integrating temporal in-
formation from patients’ hospitalization histories. For instance,
SafeDrug [38] introduced dual molecular graph encoders to lever-
age drug structural information, thereby improving the accuracy
and safety of recommendations. RETAIN [6] employed a dual-layer
recurrent neural network with a reverse-time attention mechanism
to identify previous visits and key clinical features that have a signif-
icant impact on the current condition. VITA [19] improved patient
state modeling by selectively filtering irrelevant historical visits
and employing target-aware attention to precisely quantify their
relevance to the current clinical context. Moreover, MedAlign [23]
further explored the correlations and complementary information
among different medication modalities to optimize recommenda-
tion performance. While existing deep models effectively leverage
structured clinical data for enhanced recommendations, they lack
the contextual reasoning capabilities, particularly for complex sce-
narios, thereby failing to handle ambiguous medications.

To address these limitations, recent advances in Large Language
Models (LLMs) have opened up new opportunities for medication
recommendation. For example, LAMO [43] fine-tuned LLMs us-
ing structured data and unstructured clinical notes, enabling it to
better capture patient conditions through enhanced semantic un-
derstanding. FLAME [9] generated prescription drug-by-drug via
group relative policy optimization over LLMs, integrating multi-
source medical knowledge through hybrid patient representations.
Despite their promising performance, these LLM-based methods
often require fine-tuning on large-scale clinical corpora, leading to
high computational costs and slow inference.

2.2 LLM-augmented Healthcare

Recent advancements in artificial intelligence, particularly LLMs,
have demonstrated impressive performance on natural language
processing tasks [4, 32]. CoAD [31] highlighted LLMs’ immense
potential in healthcare, where they are increasingly applied to tasks
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such as medical question answering [14], clinical report genera-
tion [13], and medication recommendation [28]. The sophisticated
understanding, generation, and reasoning capabilities of LLMs can
help enhance diagnostics and offer more tailored treatment op-
tions. General-purpose models like GPT [24] and LLaMA [7] series
have shown superior performance across various healthcare-related
tasks [12], motivating the development of specialized medical LLMs
such as BioGPT [22] and Aloe [10].

To tackle specific clinical prediction challenges, researchers have
further fine-tuned LLMs on large-scale medical data, aiming to
improve performance in specialized downstream applications. For
example, CPLLM [3] leveraged historical diagnosis records to pre-
dict future disease diagnoses and hospital readmissions. Health-
LLM [40] analyzed patient health reports to deliver personalized
advice by combining large-scale feature extraction with medical
knowledge. Similarly, LLM-DG [17] used an LLM-enhanced mech-
anism to semantically enrich patient, disease, and discharge sum-
mary data, thereby improving prediction accuracy by integrat-
ing medical knowledge and capturing similar disease trajectories.
However, applying LLMs to medication recommendation presents
unique challenges due to their coarse binary decision behavior,
which can even lead to the risk of overprescribing [9, 43]. Conse-
quently, how to effectively harness LLMs to generate accurate and
safe medication prescriptions with fine-grained control remains
largely unexplored.

3 Theoretical Motivation: Boundary-aware
Medication Recommendation

In medication recommendation tasks, accurately identifying bound-
ary medications (i.e., those within the boundary region near the
decision boundary) is crucial for enhancing both the precision and
safety of prescriptions. As shown in Figure 1(a), deep models nat-
urally predict fine-grained medication probability distributions,
which facilitates the definition of a boundary-based prediction
space to distinguish between boundary and confident decisions. In
contrast, Large Language Models (LLMs) often generate coarse bi-
nary predictions on whether a medication should be recommended
or not, which can lead to neglecting medications near the decision
boundary and overprescribing.

To formalize this observation, we ground our proposed approach
in margin-based generalization theory [1, 2, 30]. Let V denote the
input space (e.g., a patient’s visit), and Y = {0, 1} be the label space
indicating whether a medication should be recommended. Given a
real-valued scoring function f : V — R that predicts the likelihood
of medication recommendation (e.g., SafeDrug [38]), the predicted
label for a specific input v € V is:

§=1[f(0) > 4], 1
where f(v) € R is the predicted score, ¢ is the decision boundary,
and I[-] denotes the indicator function that returns 1 if the medica-
tion is recommended, and 0 otherwise. The prediction margin for
an example (v, y) is defined as follows:

y(.y) =2y -1)- f(o), @
where y € Y is the ground-truth label. A larger margin y(v,y)

implies higher prediction confidence, while smaller margins corre-
spond to boundary cases.

To analyze the generalization behavior of such scoring functions,
we consider the broader real-valued function class # with bounded
norm (e.g., linear classifiers or regularized neural networks). The
following generalization bound [2, 30] holds for any f € 7

LEMMA 1. (Margin-based Generalization Bound). Let y > 0
be a margin boundary. With high probability over a sample of size n,
the generalization error R(f) satisfies:

RU) < Rr(f) +0 (% -\/@), ®

where ﬁy(f) is the empirical fraction of margin violations (i.e., sam-
ples with y(v,y) < y), and C(F) is the function class complexity.

This bound highlights the importance of minimizing the number
of low-margin samples to improve generalization. The detailed
proof can be found in [2, 30]. For medication recommendation,
I?Y (f) corresponds to the proportion of boundary medications (i.e.,
those with predicted scores falling within a margin region around
the decision boundary §). Therefore, effectively identifying and
refining such cases is critical for improving the accuracy and safety
of medication recommendations. Importantly, the above analysis is
agnostic to the specific model architecture and only requires access
to real-valued prediction scores.

However, LLMs output coarse binary predictions without prob-
ability margins, limiting their ability to recognize clinically am-
biguous yet important cases near the boundary §. This may lead to
overprescription and impair safety. Motivated by this, our GiantMed
leverages deep models’ fine-grained predictions to identify bound-
ary medications and activate the potential of LLM “giant”. This
design focuses the semantic reasoning power of LLMs on bound-
ary cases, thereby enhancing generalization and efficiency without
requiring full-scale inference over all medications.

4 Methodology

4.1 Problem Formulation and Overview

Our proposed GiantMed aims to provide accurate and safe medica-

tion recommendations based on Electronic Health Records (EHRs)

and Drug-Drug Interaction (DDI) matrix. Each patient’s EHR con-
sists of a sequence of visits, where each visit contains a set of diag-
noses, procedures, and prescribed medications. Since our GiantMed

directly performs inference based on the patient’s visit using a

Large Language Model (LLM) and a trained deep medication rec-

ommendation model, we omit the temporal index and represent

the current visit as v in the following sections for simplicity.
Figure 2 provides an overview of the three core components of
our proposed GiantMed.

o Boundary Medication Set Identification via Deep Model Guidance:
We leverage a trained deep model (e.g., SafeDrug [38]) to pre-
dict fine-grained medication probabilities for the patient’s visit,
partitioning all medications into boundary and confident subsets.

o Boundary Medication Augmentation with Retrieved EHRs and DDI
Constraints: We retrieve clinically relevant historical EHRs most
similar to the patient’s visit and extract DDI constraints over
the boundary medication set, thereby augmenting contextual
knowledge to support subsequent refinement by LLMs.

o Boundary-aware Medication Recommendation via LLMs: We con-
struct a synthesized boundary-aware prompt to activate the
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Figure 2: The overall framework of our GiantMed, which consists of three core modules: Boundary Medication Set Identification
via Deep Model Guidance (Section 4.2), Boundary Medication Augmentation with Retrieved EHRs and DDI Constraints
(Section 4.3), and Boundary-aware Medication Recommendation via LLMs (Section 4.4).

semantic reasoning potential of the LLM (e.g., Qwen3-8B [36]),
enabling it to refine boundary medication probabilities and gen-
erate the final recommendation.

4.2 Boundary Medication Set Identification via
Deep Model Guidance

While LLMs have demonstrated strong reasoning capabilities in
healthcare, their application to medication recommendation re-
mains limited by coarse binary decision behavior. Faced with a
large set of candidate medications, LLMs tend to ignore medica-
tions near the decision boundary, leading to overprescription [9, 43].
Such overgeneralized prescriptions not only reduce recommenda-
tion accuracy but also lead to potential clinical risks.

To mitigate this issue, we introduce a deep model-guided mech-
anism that directs the LLM’s semantic reasoning toward the am-
biguous yet informative boundary medications. Specifically, we
utilize a trained deep medication recommendation model (e.g., Safe-
Drug [38]) to predict the probability distributions over candidate
medications for each patient’s visit. Based on these fine-grained
predictions, we divide all medications into boundary and confident
subsets. The extracted boundary medication set is further refined
by LLMs in Section 4.4.

4.2.1 Medication Probability Prediction. A deep medication recom-
mendation model backbone can be viewed as a trained multi-label
classifier f. Given the patient’s visit v = [d, p], the medication
probability distribution y is predicted as follows:

y=f() =fUd pD =lyrv2 ...y mls (4)
where d € {0,1}/? and p € {0,1}!"! are multi-hot vectors of
the visit’s diagnoses and procedures. |D|, |P|, and | M| denote the

number of all candidate diagnoses, procedures, and medications.
Particularly, medications with a predicted probability y; > J are
directly recommended as part of the medication prescription, where
4 is a decision boundary typically set to 0.5 [38, 39, 42].

4.2.2 Boundary and Confident Medication Set Extraction. Despite
their powerful semantic understanding capabilities, LLMs often suf-
fer from overprescription due to coarse decision control and a broad
candidate medication space, limiting both recommendation accu-
racy and the effective use of reasoning potential. Inspired by the
ability of deep models to capture medications around the boundary
region based on predicted fine-grained probabilities (shown in Fig-
ure 1(a)), we employ deep model guidance to identify a medication
subset that is most worthy of refinement by LLMs.

To be specific, we first define a boundary region centered around
the recommendation boundary § as [0 — €, + €], where € repre-
sents the width of the boundary region (we further investigate the
impact of € in Section 5.4). Subsequently, we divide all candidate
medications M into two disjoint subsets based on their predicted
probabilities from the deep model:

e Boundary Medication Set Mpoyna = {mi | yi € [§ —€,6 + €]}
with the corresponding predicted probability set Ypouna-

o Confident Medication Set Mconfia = {m; | y; € [0,0 —€) U (6 +
€, 1]} with the corresponding predicted probability set Yeonfia-

Notably, a medication m; belongs to the boundary medication set
Mpouna When its predicted probability y; falls within the boundary
region. These medications, which deep models struggle to handle
due to limited contextual understanding, require further semantic
reasoning, making them ideal candidates for refinement by LLMs.
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Finally, we textualize each medication in Mp,ng With its predicted
probability via the prompt (described in the bottom left of Figure 2).

4.3 Boundary Medication Augmentation with
Retrieved EHRs and DDI Constraints

As mentioned in Section 1, boundary medications are inherently
ambiguous, as they often lack sufficient contextual support when
relying solely on the information from a single patient visit in the
EHR. Without access to broader clinical context or external medical
knowledge, LLMs struggle to accurately interpret and reason about
these boundary cases, reducing the recommendation accuracy.

To address this, we design a dual-perspective knowledge augmen-
tation strategy that enriches contextual information and constrains
unsafe predictions. Specifically, we retrieve clinically relevant EHRs
to supplement contextual information for the patient’s visit. More-
over, we integrate DDI knowledge over the extracted boundary
medication set (cf., Section 4.2.2) to constrain unsafe prescriptions.

4.3.1 Similar EHR Retrieval for Clinical Augmentation. To provide
relevant clinical knowledge, we retrieve the top-k EHRs most simi-
lar to the patient’s visit. This enriches the contextual information
available to LLMs, offering more focused guidance for further refin-
ing boundary medication recommendations [18, 34]. We compute
the Jaccard similarity based on diagnosis overlap to quantify the
relevance between the patient’s visit v and each historical visit 4 in
the training set as follows:

|Dv N Dh| (5)
|Dv U Dh| ’

where D, and Dy, are the diagnosis sets. We then rank all histor-
ical visits by sgiqq(0, 1) and select the top-k most similar visits as
contextual knowledge augmentation. Additional analyses using
other clinical features (e.g., procedures) are detailed in Section 5.5.
Furthermore, we textualize the retrieved similar visit EHRs using
the simplified prompt template (illustrated in the top middle of
Figure 2). Notably, we only include information overlapping with
the patient’s visit (i.e., shared diagnoses, procedures, and bound-
ary medications) to highlight relevant contextual knowledge while
keeping the prompt concise.

sdiag(va h) =

4.3.2 DDI Constraint Construction over Boundary Medications. To
ensure the safety of recommended medications, we further con-
struct DDI constraints for LLMs based on a predefined symmetric bi-
nary DDI adjacency matrix A € RIMXIMI where A; ; = 1indicates
an interaction between medications i and j. Given the extracted
boundary medication set Mpo,nq and DDI adjacency matrix A, we
match all potential DDI conflict set Cqq; = {(my, m;) | {m;,;m;} C
Mbpounds Aij = 1}. The obtained DDI constraints are subsequently
converted into textual format using the prompt (described in the
bottom middle of Figure 2).

4.4 Boundary-aware Medication
Recommendation via LLMs

With the boundary medication set (cf., Section 4.2.2) and the knowl-
edge augmentation from retrieved EHRs and DDI constraints (cf.,
Section 4.3), we integrate the patient’s visit information to complete
the boundary-aware prompt construction for LLMs. Subsequently,
the LLM (e.g., Qwen3-8B [36]) refines the probabilities of boundary

medications and combines them with the confident predictions
from the deep model to generate the final recommendation.

Our GiantMed framework activates the latent reasoning capabil-
ities of LLMs with fine-grained control, directing their attention to
medications within the boundary region. This refinement effectively
enhances the decision behavior of LLMs, improving recommenda-
tion accuracy and safety while alleviating overprescribing. Notably,
this design can flexibly and efficiently incorporate different LLMs
with various deep model guidance without any task-specific fine-
tuning. We further demonstrate the adaptability and efficiency of
our GiantMed through comprehensive experiments in Section 5.2,
Section 5.3, and Section 5.6.

4.4.1 Boundary Medication Probability Refinement. We synthesize
the boundary medication refinement prompt 7, tailored to the
patient’s visit v via the following simplified template:

Prompt for Boundary Medication Refinement

Patient’s Visit: [Including diagnoses and procedures)
Boundary Medication Set: [Including medications with
probability predicted by the deep model]

Top-k Similar EHRs: [Including overlapping diagnoses,
procedures, and boundary medications)

DDI Constraints: [Including potential side effects among
boundary medications]

Instruction: Based on the above information, refine the
predicted probabilities of boundary medications.

Output Format: (“Medication 1”7, “Probability 1”),
(“Medication 2”, “Probability 2”),

Then, the LLM processes the prompt and outputs the refined
boundary medication probabilities as follows:

Ysound = LLM(T;). ()
The output is re-evaluated by the LLM based on the patient’s health

conditions and relevant clinical knowledge, ensuring focused and
interpretable refinement.

4.4.2 LLM-based Medication Recommendation. We integrate the
refined boundary medication probabilities ﬁbound from the LLM
with the confident medication probabilities Yeoniq from the deep
model (cf,, Section 4.2.2), thereby generating the final recommended
medication set as follows:

M= {mi |y € [8.11}, 7)
where ¢ is a recommendation boundary. By utilizing deep model
guidance to activate LLMs, our GiantMed effectively and efficiently

harnesses their strong semantic reasoning abilities, enabling accu-
rate and safe boundary-aware medication recommendations.

4.5 Complexity Analysis

Our proposed GiantMed is a lightweight and efficient framework,
which avoids fine-tuning LLMs for medication recommendation
and instead relies on: (1) A single-pass inference from the trained
deep model f, with time complexity O(|D| + |P|), where |D| and
|P| are the total numbers of all candidate diagnoses and procedures,
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Table 1: Statistics of the datasets used in our experiments.

Dataset MIMIC-III MIMIC-IV
# of visits / # of patients 15,031/ 6,350 163,877 / 61,264
# of Diag. / # of Proc. 1,903 / 1,409 2,000/ 11,056

# of Med. 131 131

Avg./Max # of visits 2.3671/29 2.6749 /70
Avg./Max # of Diag. per visit | 10.2266 / 127 8.2343 / 270
Avg./Max # of Proc. per visit | 3.8244 /50 2.3579 /95
Avg./Max # of Med. per visit | 11.4361/ 65 6.5055 /72
DDI Rate 0.0815 0.0793

respectively; (2) Relevant EHR retrieval via Jaccard similarity over
diagnosis sets, with time complexity O(k - |D|) for selecting top-
k similar historical visits; (3) DDI constraint extraction over the
boundary medication set Mpoynq using a binary DDI adjacency ma-
trix A, with time complexity O(| Mpouna|?) due to pairwise match-
ing; (4) LLM inference with time complexity proportional to the
prompt token length O(|7,|). We construct a concise and focused
prompt containing only the boundary medication set and relevant
clinical knowledge, significantly reducing input token length and
response time.

5 Experiments

In this section, we evaluate our GiantMed framework, focusing on
the following six key research questions:

e RQ1: How does the proposed GiantMed compare with state-of-
the-art methods in medication recommendation?

e RQ2: How does the choice of different backbone LLMs affect
the performance of GiantMed?

e RQ3: How do key hyperparameters impact recommendation
performance, and how to select their optimal values?

e RQ4: How do different boundary medication augmentation
strategies affect the performance of GiantMed?

e RQ5: How does GiantMed perform in terms of efficiency?

e RQ6: How does GiantMed activate LLMs to enhance boundary-
aware medication recommendation and generate explanations?

5.1 Experimental Settings

5.1.1 Datasets and Evaluation Metrics. We use two real-world Elec-
tronic Health Record (EHR) datasets to verify the effectiveness of
GiantMed, i.e., MIMIC-III [15] and MIMIC-IV [16]. Both datasets
are fully anonymized and carefully sanitized before our access. Fol-
lowing [23, 38, 39, 42], we chose patients who made at least two
visits for both datasets and the ATC third-level code as the target
label. The statistics are summarized in Table 1. Details on datasets
are provided in Appendix A.

For evaluation metrics, we use Jaccard Similarity Score (Jaccard),
Average F1 Score (F1), Precision Recall AUC (PRAUC), Drug-Drug
Interaction Rate (DDI), and Average Number of Medications (#
Med.), indicating how well the model aligns with real-world pre-
scribing patterns, which are consistent with [26, 39, 42].

5.1.2  Methods for Comparison. To comprehensively evaluate the
effectiveness of GiantMed, we adopt 14 representative state-of-the-
art methods as baselines across three categories:
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o LLM-based methods: We compare both general-purpose and
domain-adapted LLMs, including Qwen3-8B [36], LLaMA3.1-
8B-Instruct [7] (abbr. LLaMA3.1), and LLaMA3.1-Aloe-Beta-
8B [10] (abbr. Aloe-Beta). Notably, we exclude LAMO [43] and
FLAME [9] in our comparison, due to the unavailability of pre-
trained checkpoints and training data;

o Instance-based methods: Consistent with prior works [38, 39],
we select LR [5] and ECC [25] for comparison;

e Longitudinal methods: Follow [23, 38, 42], we include RE-
TAIN [6], LEAP [41], GAMENet [26], MICRON [37], VITA [19],
SafeDrug [38], MoleRec [39], DEPOT [42], and MedAlign [23].

5.1.3 Implementation Details. We split training, validation, and
test sets by 2/3, 1/6, and 1/6, consistent with [23, 38, 39, 42]. For
our GiantMed, we adopt the Qwen3-8B model as the default LLM
backbone. The maximum input length for the LLM is set to 4096,
and the temperature is fixed at 0.7. We set the boundary § as 0.5
and the boundary region width € as 0.2. For each patient’s visit,
we retrieve the top-k most similar EHRs (with k = 3) to enrich the
contextual information in the prompt. We evaluate each model with
the 5-fold cross-validation strategy. Both the mean and standard
deviation of test performance are reported. All experiments are
conducted on two NVIDIA RTX 3090 Ti GPUs. The full code for
this work is available?.

For LLM-based methods, we load their pretrained checkpoints
from HuggingFace®*5. Notably, PRAUC is marked as “~” for LLM-
based methods because they output binary decisions without prob-
ability scores, making precision-recall evaluation unavailable. This
further highlights the benefit of GiantMed in enabling probability-
aware refinement.

For instance-based and longitudinal methods, we optimize the
compared baselines with the standard Adam optimizer and carefully
tune their hyperparameters as suggested in the original papers. We
set the embedding dimension to 64 and the batch size to 32.

5.2 Overall Performance Comparison (RQ1)

In this subsection, we present a comprehensive performance anal-
ysis of our proposed GiantMed framework compared to 14 repre-
sentative baselines. Overall, our GiantMed demonstrates superior
performance, attributed to its novel framework that integrates a
deep model’s fine-grained predictive guidance with an LLM’s ad-
vanced semantic reasoning. As shown in Table 2, GiantMed consis-
tently outperforms all baselines, achieving an average improvement
of 3.74% in accuracy metrics and 4.10% reduction in DDI rate. By
focusing on the refinement of clinically ambiguous yet informa-
tive boundary medications, GiantMed effectively balances between
predictive accuracy and safety.

Compared with LLM-based methods. LLM-based approaches
(e.g., Qwen3-8B and Aloe-Beta) often suffer from coarse binary
decision behaviors, resulting in low accuracy and frequent overpre-
scription. For instance, Qwen3-8B recommends over 35 medications
per patient on average in MIMIC-III, almost twice the ground-truth

Zhttps://github.com/lvhangkenn/GiantMed
Shttps://huggingface.co/Qwen/Qwen3-8B
*https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
Shttps://huggingface.co/HPAI-BSC/Llama3.1-Aloe-Beta-8B
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Table 2: Experimental results (%) on two EHR datasets. The best performances are highlighted in boldface, indicating statis-
tically significant improvements according to the Wilcoxon signed-rank test, while the second-best results are underlined.
Ground-truth # of Med. on the test sets is 19.79 for MIMIC-III and 11.98 for MIMIC-1V, respectively. GiantMedsp, GiantMed yr,
GiantMedpp, and GiantMed4 guided by SafeDrug, MoleRec, DEPOT, and MedAlign, respectively.

Dataset \ MIMIC-III \ MIMIC-IV
Method | Jaccard 1 F17 PRAUCT DDI| #Med. | Jaccard ! F17 PRAUCT DDI| #Med.
Qwen3—8B 22~43i2.05 35.83i2_71 - 8.67i0_24 35.53 17.66i1_72 28.95i2_33 - 8.49i0_13 23.81
LLaMA3.1 19.714196  31.7041.37 - 8.83.019 46.55 | 14.13.135  23.391209 - 7911001  48.75
Aloe-Beta 22.334_4'34 35‘6512.13 - 8.534_4)'17 40.15 17.3411'41 28.4611.29 - 8.2610'19 29.64
LR 48-4510.16 64.5910.19 71,7910.12 7~94:i:0.08 16.27 43.321()‘14 58.3310417 70.8310.13 7.861()‘05 10.03
ECC 48134015 64.17.013 75.51.017 8.284041 1581 | 41.89.019 56.61u012  70.19.016 7.91i000  9.48
RETAIN 48.22.0.15 64.5840.17 75441011 8.15410.06 18.95 40.2740.13  55.8310.19  66.114012  8.0910.08 10.93
LEAP 46.28.019 63.90.0.12 74.56.0.18 7.561003 18.78 | 40.09.017 55.17.011 58.80:0.15 7.241006 11.75
MICRON 49.95.011  65.92.016 75.2d4013 7424000 18.64 | 43.64.015 58.164018 67.265012 7.194007  13.31
GAMENet 49.14.014 65.034018 73.98.012 8.0149.05 24.36 43.054:020 57.971013 67.54:017  7.9210.09 15.26
VITA 52.76.1016 67.9410.13 7638011 7464008  20.64 | 47.06.014 61.92.012 69.8510.14 7.12:1905  12.55
SafeDrug 50.62.017 66.71s011 74.96:016 6.751008 19.23 | 44.82.015 60.061015 68.874020 6.69:004 12.38
MoleRec 52-55i0.13 68.0010.20 77.1210.14 7.41i0_07 20.78 46-231:0.11 61-2110.16 69.1610.19 6.93i0_02 12.42
DEPOT 52.92.016 68.78:012 77-64s019 7.321005 20.37 | 46.81.013 61.75.020 69984011 6.81s00s 12.37
MedAlign 53.9040.18 69.1640.14 78141011  7.29+0.04 20.43 47.94.0.16 62.541012 70.6140.15 6.7440.07 11.20
GiantMed SD 53.2649.15 68.7140.19 75.5040.13 6.52.0.09 18.09 48.70.49.17 63.77 +0.14 69.25.0.18 6.37 4005 11.51
GiantMed mr | 54.84.012 69.97+016 77-42+018 7.382z007  20.25 | 49.52.010 64.544011 70.654015 6.744003 12.74
GiantMed DP 55.96i0_14 70.9010.11 78,0110.15 7.26i0_02 19.93 50.0110_13 64.96:‘:0415 71.4610.12 6.7210_04 11.05
GiantMed ma | 56.634013 71.46.015 78.48.011 7.190004 19.99 | 50.69.012 65.73:018 72571014 6.58:006 12.02
Table 3: Ablation results (%) of our proposed GiantMed with &= Jaccard DDI Rate
different backbone LLMs on MIMIC-IIL. . 6 .
Method | Jaccard 1 F11 PRAUCT DDI| ; fﬁ\\* s
GiantMed e \ =
SD el \ N = I
Qwen3—8B 53.26.0.15 68.71.019 75.5040.13 6.52.009 § "¥. I~
LLaMA3.1 | 52.18.015 67.25:012 74.73:010  7.0540.04 =51 m NI A
Aloe-Beta 51.63i0.13 67.6710'13 74~4010.16 6.94¢0,11 . | ) * : < 8 L
GiantMed pa Yo 02 03 04 05 %7 Yo 02 03 04 05 Y
Qwen3-8B | 56.63:015 71465015 7848:011 7.19:000 (a) GiantMed,), (b) GiantMed,,
LLaMA3.1 | 54.98.016 69.894010 75.384012 7.3240.07 Figure 3: Hyperparameter results (%) of our GiantMed with
Aloe-Beta | 55.08:0.14 69.93:0.11  75.59:018 7.2610.03 varying boundary region width ¢ on MIMIC-IIIL.

average of 19.79, while incurring a high DDI rate of 8.67%. In con-
trast, GiantMed leverages deep model guidance to direct LLMs’
attention to clinically ambiguous boundary medications with fine-
grained probabilities, yielding performance gains of up to 187.32%
in both precision and safety metrics.

Compared with instance-based methods. Instance-based mod-
els, such as LR and ECC, rely solely on static features from individ-
ual visits. Their limited ability to capture temporal and contextual
dependencies often leads to fewer medications being recommended
(e.g., only 16.27 by LR on MIMIC-III), which in turn leads to lower
overall precision. By contrast, GiantMed achieves a better balance
between recommendation coverage and accuracy.

Compared with longitudinal methods. While longitudinal mod-
els like SafeDrug and MedAlign leverage sequential information to
model patient history, they still struggle with capturing the contex-
tual reasoning necessary for handling complex clinical scenarios,
especially for medications near the decision boundary. Compared

to these deep models, GiantMed integrates their accurate predic-
tive control with the semantic reasoning capabilities of LLMs. This
hybrid strategy enables GiantMed to achieve superior performance
in both accuracy and safety across all evaluation settings.

Furthermore, each variant of our GiantMed is guided by a spe-
cific deep model (i.e., GiantMedsp, GiantMedyr, GiantMedpp, and
GiantMedy4 guided by SafeDrug, MoleRec, DEPOT, and MedAlign,
respectively). When directly compared with their corresponding
deep model baselines, these variants achieve consistent and sub-
stantial performance gains, improving by up to 11.87% in Jaccard
over SafeDrug and 5.06% in Jaccard over MedAlign. These results
demonstrate the effectiveness of our boundary-aware LLM activa-
tion mechanism under deep model guidance. Notably, GiantMed
focuses on leveraging fine-grained probabilistic outputs, rather than
relying on any specific deep model, to identify clinically ambiguous
medications, enabling flexible integration and strong adaptability
across diverse clinical scenarios.
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Figure 4: Hyperparameter results (%) of our GiantMed with
varying top-k retrieved similar EHRs on MIMIC-III.

Table 4: Ablation results (%) of our proposed GiantMed with
different retrieval strategies on MIMIC-III.

Metric JaccardT F17 PRAUCT DDI|
Method GiantMed sp

w. Diag. 53.26 68.71 75.50 6.52
w. Proc. 52.39 67.85 75.05 6.54
w. Diag. + Proc. 52.05 68.03 75.05 6.60
w/o. Retrieval 48.82 64.80 74.12 6.72
Method GiantMed pa

w. Diag. 56.63 71.46 78.48 7.19
w. Proc. 55.90 70.61 76.17 7.30
w. Diag. + Proc. 56.03 70.85 76.28 7.33
w/o. Retrieval 53.28 68.51 75.73 7.26

5.3 Impact of Different Backbone LLMs (RQ2)

To evaluate the generalizability of GiantMed across different LLM
backbones, we fix the underlying deep model and compare per-
formance using three representative LLMs: the general-purpose
Qwen3-8B and LLaMA3.1, and the domain-adapted Aloe-Beta. Ta-
ble 3 reports the results of these LLMs when guided by either Safe-
Drug or MedAlign (Additional results with MoleRec and DEPOT are
provided in Appendix B). Performance varies across LLM backbones
under both SafeDrug and MedAlign guidance, with Qwen3-8B con-
sistently achieving the best results across all metrics. For instance,
with MedAlign guidance, Qwen3-8B outperforms Aloe-Beta by up
to 3.82% in PRAUC, highlighting the advantage of its enhanced
reasoning and instruction-following capabilities. These make it
well-suited for complex clinical decision scenarios, particularly in
refining boundary medications. Furthermore, the consistent trends
observed across diverse LLMs show the flexibility and generaliz-
ability of our GiantMed framework.

5.4 Hyperparameter Sensitivity (RQ3)

We evaluate how two key hyperparameters (i.e., boundary region
width e and top-k retrieved similar EHRs) impact the performance
and clarify how to set them (shown in Figure 3 and Figure 4).

Varying boundary region width e. Figure 3 illustrates the impact
of varying € on Jaccard score and DDI rate for GiantMed sp and
GiantMed pa. As € increases from 0.1 to 0.5, performance first
improves and then declines, with the Jaccard score peaking at € =
0.2 for both variants. A small € (e.g., 0.1) yields too few boundary
medications identified by deep models, limiting the benefits of
semantic reasoning of LLMs. Conversely, a large € (e.g., 0.5) overly
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Table 5: Ablation results (%) of our proposed GiantMed with
and without DDI constraints on MIMIC-III.

Metric JaccardT F1T PRAUCT DDI|
Method GiantMed sp

w. DDI 53.26 68.71 75.50 6.52

w/o. DDI 53.34 68.93 75.36 6.94

Method GiantMed pa

w. DDI 56.63 71.46 78.48 7.19
w/o0. DDI 56.85 71.99 77.34 7.41

expands the boundary region and includes many less ambiguous
medications, weakening the refinement focus. We set € = 0.2 to
balance the trade-off between refinement region and precision.

Varying top-k retrieved similar EHRs. To enrich semantic un-
derstanding and support accurate LLM reasoning over boundary
medications, we retrieve the top-k most similar EHRs to supplement
relevant clinical information. As shown in Figure 4, we observe
that performance generally improves with increasing k, peaking
at k = 3 for both GiantMedsp and GiantMed4. When k is too
small, the LLM lacks sufficient contextual knowledge; when k is
too large, irrelevant or redundant information may be introduced,
slightly degrading performance. Therefore, we set k = 3 as the
default, enabling LLMs to receive enough clinical context. More
experimental results and analyses can be found in Appendix C.

5.5 Impact of Different Boundary Medication
Augmentation Strategies (RQ4)

We investigate the impact of different boundary medication aug-
mentation strategies in GiantMed, including retrieval-based clinical
augmentation using similar EHRs and DDI constraint integration.
Impact of Different Retrieval Strategies. To identify the ef-
fective way to retrieve historical EHRs, we test four strategies:
using diagnosis overlap (w. Diag.), procedure overlap (w. Proc.),
both (w. Diag. + Proc.), and no retrieval (w/o. Retrieval). As shown
in Table 4, all retrieval-based strategies consistently outperform
the no-retrieval baseline across all GiantMed variants, confirming
that external clinical context is critical for effective LLM refinement.
Among them, retrieving based solely on diagnosis overlap (w. Diag.)
consistently achieves the best results across all accuracy metrics
and deep model variants. For instance, GiantMed j4 reaches its
highest Jaccard score of 56.63% with this strategy. In contrast, in-
corporating procedures either alone or in combination results in
decreasing performance, likely due to procedure codes introducing
more variability and less stable signals of clinical similarity. The sub-
stantial performance drop observed in the w/o. Retrieval setting fur-
ther highlights that LLMs struggle to refine boundary medications
without contextual support. Therefore, we adopt diagnosis-based
retrieval as the default strategy for clinical augmentation. More
experimental results and analyses can be found in Appendix D.

Impact of DDI Constraint Integration. To assess the impact
of explicit pharmacological knowledge, we compare the perfor-
mance of GiantMed with and without DDI constraint integration.
As shown in Table 5, incorporating DDI constraints (w. DDI) con-
sistently reduces the DDI rate across all GiantMed variants. For
instance, with GiantMed 4, the DDI rate drops from 7.41% to
7.19%, demonstrating improved medication safety. Moreover, the
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Figure 5: Case studies on MIMIC-III, comparing medication probability distributions via kernel density estimation from deep
models to our GiantMed, which further refines boundary medications through activating the reasoning potential of LLMs.

Table 6: Comparison of different methods on MIMIC-III,
where “Avg. Runtime” denotes the average inference time.

Method Jaccard (%) T DDI(%)| Avg. Runtime (s)
GiantMed SD 53.261()‘15 6.52i0_09 12.47
GiantMed MR 54.84.0.12 7.38+0.07 13.69
GiantMed pp | 55.96.014  7.264002 12.49
GiantMed MA 56.6310.13 7-19:!:0.04 13.66
QWCH?)—SB 22~43i2.05 8.67i0'24 284.26
Aloe-Beta 22.3311.34 8.5310_17 129.11
SafeDrug 50.62i0'17 6.75i0'03 0.23
MoleRec 52.551:0.13 7.4110_07 0.32
DEPOT 52.92.016  7-32+0.05 0.36
MedAhgn 53.9040.18 7.2940.04 0.45

slightly higher accuracy achieved without DDI constraints is ex-
pected due to non-negligible DDIs in the ground-truth prescriptions
(e.g., 8.15% in MIMIC-III), reflecting a favorable safety—accuracy
trade-off. By explicitly injecting DDI knowledge, we guide LLMs
to avoid potentially harmful medication combinations while main-
taining competitive recommendation performance. These results
confirm that the DDI constraint integration is a vital component
for generating clinically safe and reliable medication recommen-
dations. More experimental results and analyses can be found in
Appendix D.

5.6 Efficiency Analysis (RQ5)

As shown in Table 6, we evaluate the computational efficiency of
GiantMed by measuring the average inference time on the MIMIC-
IIT test set. While incorporating LLMs naturally incurs additional
computational overhead compared to deep models, our GiantMed
maintains a practical trade-off between performance and efficiency.
Compared to LLM-based methods, which incur high inference costs
(e.g., 284.26s for Qwen3-8B), our GiantMed is over 20x faster by
activating LLMs only on small boundary medications. Although
GiantMed is moderately slower than deep models (e.g., SafeDrug),
it achieves significantly higher accuracy and safety, while providing
enhanced interpretability through advanced semantic reasoning
of LLMs (shown in Section 5.7). Notably, all GiantMed variants
outperform their associated deep models with only a marginal
increase in runtime, highlighting their clinical practicality.

5.7 Interpretable Case Studies (RQ6)

To qualitatively illustrate how GiantMed activates LLMs to enhance
medication recommendations, we present two case studies from the

MIMIC-III test set in Figure 5. These examples visualize how proba-
bility distributions are refined and highlight the clinical reasoning
triggered by boundary-aware LLM activation.

From a distributional perspective, baseline deep models such as
SafeDrug and MedAlign (gray curves) often concentrate probability
mass near the decision boundary (e.g., around 0.5), indicating an
ambiguous decision in medication selection. In contrast, GiantMed
(teal curves) redistributes these probabilities toward the confident
region (close to 0 or 1), thereby reducing clinical ambiguity and
enhancing the accuracy in the final recommendation.

At the instance level, the case studies demonstrate how GiantMed
applies fine-grained clinical reasoning to refine predictions. In Fig-
ure 5(a), it lowers the probability of “Nitroprusside” from 0.53 to
0.10 by recognizing that, despite the patient having cardiovascular
disease, the medication is specific to hypertensive emergencies.
Furthermore, in Figure 5(b), it raises the probability of “Pip/Tazo”
from 0.42 to 0.70 by referencing similar EHRs where the medication
was effectively used for MRSA infections, thus enabling context-
aware, confident adjustments for appropriate prescription. These
cases demonstrate GiantMed’s ability to refine ambiguous bound-
ary medications by leveraging pharmacological knowledge with
augmented clinical context, effectively activating the reasoning
capacity of LLMs for more accurate and interpretable decisions.

6 Conclusion

In this paper, we propose GiantMed, a novel deep model-guided
LLM framework for boundary-aware medication recommendation.
GiantMed first identifies boundary medications using fine-grained
probability outputs from a trained deep model, then refines the pre-
diction over these medications through a boundary-aware prompt
enhanced with retrieved historical EHRs and integrated DDI con-
straints. Experimental results on MIMIC-III and MIMIC-IV show
that GiantMed consistently outperforms state-of-the-art baselines
in terms of both accuracy and safety. Further analyses demonstrate
the flexibility and efficiency of our framework, highlighting its
practical utility in real-world clinical settings.
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Appendix
A Details of Datasets

To verify the effectiveness of the compared methods, we use two
real-world Electronic Health Record (EHR) datasets, i.e., MIMIC-
III [15] and MIMIC-IV [16]. The publicly available MIMIC-III
dataset includes over forty thousand adult patients treated in crit-
ical care units at the Beth Israel Deaconess Medical Center from
2001 to 2012. In contrast, the MIMIC-IV dataset provides more com-
prehensive EHRs and clinical information for hospitalized patients
spanning from 2008 to 2019. During data preprocessing, we repre-
sent diagnoses and procedures using codes from the ninth revision
of the International Classification of Diseases (ICD-9). Medications
are encoded using the third level of the Anatomical Therapeutic
Chemical (ATC-3) classification system, where each code denotes a
specific chemical, pharmacological, or therapeutic group. Notably,
each ATC code maps to one or more medications, and each med-
ication corresponds to an ATC code. To ensure sufficient clinical
history, we retain only patients with at least two visits. Consistent
with prior studies [23, 38, 39, 42], we consider potential Drug-Drug
Interactions (DDIs) by extracting the most frequent top-K DDI
types from DrugBank [33]. We set K = 40 for fair comparison.

B Impact of Different Backbone LLMs

To evaluate the generalizability of GiantMed across different LLM
backbones, we fix the underlying deep model and compare per-
formance using three representative LLMs: the general-purpose
Qwen3-8B and LLaMA3.1, and the domain-adapted Aloe-Beta. Ta-
ble 7 reports the results of these LLMs when guided by either
MoleRec or DEPOT. Performance varies across LLM backbones
under both MoleRec and DEPOT guidance, with Qwen3-8B con-
sistently achieving the best results across all metrics. For instance,
with DEPOT guidance, Qwen3-8B outperforms Aloe-Beta by up
to 2.73% in PRAUC, highlighting the advantage of its enhanced
reasoning and instruction-following capabilities. These make it
well-suited for complex clinical decision scenarios, particularly in
refining boundary medications. Furthermore, the consistent trends
observed across diverse LLMs show the flexibility and generaliz-
ability of our GiantMed framework.

Table 7: Ablation results (%) of our proposed GiantMed with
different backbone LLMs on MIMIC-III.

Method ‘ Jaccard T F17 PRAUC T DDI |
GiantMed yr

Qwen3—8B 54.841()‘12 69.97 1016 77.42.0.13 7.38.0.07

LLaMA3.1 | 53.041015 68.37+014 75.21s010  7.51s0.04

Aloe-Beta 54-07i0.16 69.3810_11 752910.18 7.56i0.0(,
GiantMed pp

Qwen3—8B 55.961()‘14 70.90. 11 78.01. 15 7.26.4.02

LLaMA3.1 | 54.29.017 69.514013 75.37s010 7.35:0.11

Aloe-Beta 54.64i0.15 69-9010.18 75~9410.12 7-29i0.06

C Hyperparameter Sensitivity

Varying boundary region width e. Figure 6 illustrates the impact
of varying € on Jaccard score and DDI rate for GiantMed pr and
GiantMed pp. As € increases from 0.1 to 0.5, performance first

improves and then declines, with the Jaccard score peaking at € =
0.2 for both variants. A small € (e.g., 0.1) yields too few boundary
medications identified by deep models, limiting the benefits of
semantic reasoning of LLMs. Conversely, a large € (e.g., 0.5) overly
expands the boundary region and includes many less ambiguous
medications, weakening the refinement focus. We set € = 0.2 to
balance the trade-off between refinement scope and precision.
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(a) GiantMed,, (b) GiantMed,,
Figure 6: Hyperparameter results (%) of our GiantMed with
varying boundary region width ¢ on MIMIC-IIL.

Varying top-k retrieved similar EHRs. To enrich semantic un-
derstanding and support accurate LLM reasoning over boundary
medications, we retrieve the top-k most similar EHRs to supplement
relevant clinical information. As shown in Figure 7, we observe
that performance generally improves with increasing k, peaking
at k = 3 for both GiantMed pg and GiantMed pp. When k is too
small, the LLM lacks sufficient contextual knowledge; when k is
too large, irrelevant or redundant information may be introduced,
slightly degrading performance. Therefore, we set k = 3 as the
default, enabling LLMs to receive enough clinical context.
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Figure 7: Hyperparameter results (%) of our GiantMed with
varying top-k retrieved similar EHRs on MIMIC-III.

D Impact of Different Boundary Medication
Augmentation Strategies

Impact of Different Retrieval Strategies. To identify the effec-
tive way to retrieve historical EHRs, we test four strategies: using
diagnosis overlap (w. Diag.), procedure overlap (w. Proc.), both
(w. Diag. + Proc.), and no retrieval (w/o. Retrieval). As shown in
Table 8, all retrieval-based strategies consistently outperform the
no-retrieval baseline across all GiantMed variants, confirming that
external clinical context is critical for LLM refinement. Among them,
retrieving based solely on diagnosis overlap (w. Diag.) consistently
achieves the best results across all accuracy metrics and deep model
variants. For instance, GiantMed pp reaches its highest Jaccard score
of 55.96% with this strategy. In contrast, incorporating procedures
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either alone or in combination results in decreasing performance,
likely due to procedure codes introducing more variability and less
stable signals of clinical similarity. The substantial performance
drop observed in the w/o. Retrieval setting further highlights that
LLMs struggle to refine boundary medications without contextual
support. Therefore, we adopt diagnosis-based retrieval as the de-
fault strategy for clinical augmentation.

Table 8: Ablation results (%) of GiantMed with different re-
trieval strategies on MIMIC-III.

Metric JaccardT F17T PRAUCT DDI|
Method GiantMed g

w. Diag. 54.84 69.97 77.42 7.38
w. Proc. 53.89 69.16 75.32 7.58
w. Diag. + Proc. 54.28 69.47 75.35 7.46
w/o. Retrieval 51.26 66.82 74.87 7.29
Method GiantMed pp

w. Diag. 55.96 70.90 78.01 7.26
w. Proc. 54.60 69.67 75.86 7.32
w. Diag. + Proc. 55.23 70.29 75.83 7.18
w/o. Retrieval 51.56 66.98 75.14 7.29

Impact of DDI Constraint Integration. To assess the impact
of explicit pharmacological knowledge, we compare the perfor-
mance of GiantMed with and without DDI constraint integration.
As shown in Table 9, incorporating DDI constraints (w. DDI) con-
sistently reduces the DDI rate across all GiantMed variants. For
instance, with GiantMed pp, the DDI rate drops from 7.53% to 7.26%,
demonstrating improved medication safety. These results confirm
that DDI constraint integration is a vital component for generating
clinically safe and reliable medication recommendations.

Table 9: Ablation results (%) of GiantMed with and without
DDI constraints on MIMIC-III.

Metric JaccardT F17 PRAUCT DDI|
Method GiantMed pr

w. DDI 54.84 69.97 77.42 7.38

w/o. DDI 54.57 68.82 77.04 7.54

Method GiantMed pp

w. DDI 55.96 70.90 78.01 7.26

w/o. DDI 56.03 70.86 77.14 7.53

E Calibration Evaluation for Boundary
Medication Prediction

We introduce the Expected Calibration Error (ECE) [11], which
quantifies the difference between predicted confidence and actual
accuracy. The metric is computed as: ECE = m DieMpouna [Yi~
yi|, where |Mpouna| denotes the number of boundary medications.
Figure 8 shows that GiantMed achieves up to a 50.27% reduction in
ECE, reflecting better boundary correction and higher reliability.

F Stability of LLM Refinement under Different
Rephrased Prompts

To assess the stability of LLM refinements, we generate three
rephrased versions of the refinement prompt via GPT-5, follow-
ing [8]. Specifically, we apply the instruction as follows:

Hang Lv et al.
SafeDrug 14.49 29.14
MoleRec 18.84 36.94
DEPOT 16.77 33.20
MedAlign 17.24 33.60

0 5 10 15 20 25 30 35 40
Figure 8: ECE results (%) on MIMIC-III for boundary medica-
tion prediction. Darker bars denote GiantMed, while lighter
bars represent the corresponding baseline methods. Lower
ECE indicates better calibration and reliability.

wn

Instruction: Please rephrase the prompt into three versions,
keeping the task unchanged while allowing mild operations
such as synonym replacement and word reordering in task-
unrelated parts.

Table 10 shows that GiantMed remains consistently stable and
robust across all prompt variants for GiantMed p4 on the MIMIC-III
dataset, maintaining superior performance over the corresponding
deep model MedAlign.

Table 10: Performance results (%) of GiantMed ;4 on MIMIC-
IIT using three rephrased versions of the refinement prompt.

Method Jaccard 7 DDI |

MedAhgn 53-9010.18 7.2910.04
GiantMed pa (Ours) 56.63.0.13 7.1940.04
GiantMed a4 (Rephrased 1) | 55994012  7.2610.07
GiantMed a4 (Rephrased 2) | 56.01.015 7.21.0.07
GiantMed MA (Rephrased 3) 56.834+0.12 7.1810.05

G Interpretable Case Studies

To qualitatively illustrate how GiantMed activates LLMs to enhance
medication recommendations, we present two case studies from the
MIMIC-III test set in Figure 9. These examples visualize how proba-
bility distributions are refined and highlight the clinical reasoning
triggered by boundary-aware LLM activation.

From a distributional perspective, baseline deep models such as
MoleRec and DEPOT (gray curves) often concentrate probability
mass near the decision boundary (e.g., around 0.5), indicating an
ambiguous decision in medication selection. In contrast, GiantMed
(teal curves) redistributes these probabilities toward the confident
region (close to 0 or 1), thereby reducing clinical ambiguity and
enhancing the accuracy in the final recommendation.
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(a) GiantMed,, vs. MoleRec (b) GiantMed,,, vs. DEPOT

Figure 9: Comparison of medication probability distributions
on MIMIC-III from deep models to our GiantMed.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Medication Recommendation
	2.2 LLM-augmented Healthcare

	3 Theoretical Motivation: Boundary-aware Medication Recommendation
	4 Methodology
	4.1 Problem Formulation and Overview
	4.2 Boundary Medication Set Identification via Deep Model Guidance
	4.3 Boundary Medication Augmentation with Retrieved EHRs and DDI Constraints
	4.4 Boundary-aware Medication Recommendation via LLMs
	4.5 Complexity Analysis

	5 Experiments
	5.1 Experimental Settings
	5.2 Overall Performance Comparison (RQ1)
	5.3 Impact of Different Backbone LLMs (RQ2)
	5.4 Hyperparameter Sensitivity (RQ3)
	5.5 Impact of Different Boundary Medication Augmentation Strategies (RQ4)
	5.6 Efficiency Analysis (RQ5)
	5.7 Interpretable Case Studies (RQ6)

	6 Conclusion
	References
	A Details of Datasets
	B Impact of Different Backbone LLMs
	C Hyperparameter Sensitivity
	D Impact of Different Boundary Medication Augmentation Strategies
	E Calibration Evaluation for Boundary Medication Prediction
	F Stability of LLM Refinement under Different Rephrased Prompts
	G Interpretable Case Studies

