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Abstract - Personalised diabetes drug recommender systems have the potential to enhance treatment efficacy and advance precision
medicine. However, their real-world implementation remains challenging due to issues such as data sparsity and the cold-start
problem, which affect both new patients and newly introduced drugs. In this study, we propose a hybrid recommendation framework
that integrates Neural Collaborative Filtering (NCF) with biomedical word-embedding techniques to capture complex patient-drug
interactions while alleviating cold-start limitations. The NCF component learns nonlinear relationships from structured clinical variables
and historical medication records, whereas the word-embedding component leverages BioBERT to extract semantic representations of
drugs from textual descriptions, enabling effective retrieval of appropriate treatments even when interaction data is unavailable. Our
approach was evaluated using the UCI Diabetes 130-US Hospitals dataset and a curated DrugBank corpus comprising 71 anti-diabetic
drugs. The optimised NCF model achieved strong predictive performance, with an accuracy of 0.9004, precision of 0.7658, recall of
0.4209, F1-score of 0.5433, specificity of 0.9789, and AUC of 0.8717 on held-out data. Furthermore, the BioBERT-based semantic module
generated clinically coherent drug similarity rankings, suitable for recommending alternatives in cold-start scenarios. By fusing patient-
centric probability estimates with semantic similarity scores, the proposed hybrid strategy delivers ranked drug recommendations,
supporting personalised and data-efficient diabetes treatment.
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1. INTRODUCTION Managing diabetes is a complex and highly personal
process. The treatment plan depends on factors such as
a patient’s age, existing health conditions, kidney func-
tion, blood sugar levels, and their response to previous
therapies. With numerous available drug options, doc-
tors often employ combination therapies to help pa-
tients achieve their glucose goals. This diversity makes
personalisation essential, and precision medicine holds

great promise for improving diabetes care [2].

Diabetes mellitus encompasses a set of chronic
metabolic disorders characterised by sustained hyper-
glycemia due to defects in insulin secretion or action.
Common types include type 1, type 2, and gestational
diabetes. Diabetes affects multiple organs and systems
and is associated with increased mortality. Globally,
diabetes was among the top ten causes of death, ac-
counting for 4.2 million deaths in 2019 [1]. The disease

is therefore a significant and growing public health
concern.
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Recommender systems are algorithmic frameworks
that predict items likely to be relevant to users by lever-
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aging historical interactions, preferences, and item fea-
tures [3]. These systems are widely applied in domains
such as e-commerce and social media [4, 5], and they
have recently been adapted for healthcare tasks, includ-
ing disease prediction, diagnosis support, and treatment
recommendation [6]. Traditional collaborative filtering
(CF) methods have the potential to improve treatment
selection because they identify patterns in shared pa-
tient behaviour. However, CF often struggles when data
are limited or when new patients or drugs enter the sys-
tem; a challenge known as the cold-start problem.

In this paper, we focus on two types of cold-start is-
sues:

a. New-patient cold start, where there’s no prior
medication history.

b. New-drug cold start, where a new or rarely used
medication lacks enough prescription data.

While some existing methods attempt to overcome
these challenges by utilising drug information or clus-
tering patients, few effectively handle both simultane-
ously in a clinically meaningful manner [7-8].

To solve this, we propose a hybrid model that com-
bines Neural Collaborative Filtering (NCF) with BioBERT-
based semantic retrieval. The NCF module learns pat-
terns from structured clinical data to generate person-
alised recommendations for patients with prior records.
Meanwhile, BioBERT transforms drug descriptions into
rich semantic vectors, helping the system recognise and
suggest new but relevant medications. Together, they
produce ranked drug recommendations that balance
personalisation with pharmacological reasoning.

The main contributions of this paper are as follows:

«  We propose a hybrid recommendation framework
that integrates patient-level Neural Collaborative
Filtering (NCF) with BioBERT-based drug semantic
retrieval to address both patient and drug cold-
start challenges effectively.

«  We conduct a comprehensive evaluation, includ-
ing a quantitative assessment of the NCF model’s
predictive performance and a qualitative analysis
of BioBERT-based drug retrievals against authorita-
tive clinical guidelines.

2. LITERATURE REVIEW

Recommender systems have increasingly been ex-
plored to support diabetes management by synthe-
sising patient records, prescription histories, and drug
metadata to generate tailored pharmacological and
lifestyle suggestions. Early efforts relied primarily on CF
techniques that exploit patterns of co-occurrence be-
tween patients and drugs. Such approaches are straight-
forward and effective when sufficient interaction data
exist. However, they degrade markedly under data
sparsity and in cold-start scenarios. To mitigate sparsity,
researchers have proposed hybrid and preprocessing
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methods that enrich interaction signals. For example,
clustering combined with cosine-similarity CF can group
similar patients or encounters to increase effective den-
sity, thereby improving recommendations for frequently
occurring patterns while remaining sensitive to the
granularity of clustering and input quality [7]. Explain-
able hybrid CF models aim to make recommendations
more transparent by combining memory-based and
model-based components with probabilistic or Bayesian
overlays. These enhancements improve interpretability
but typically require relatively dense interaction matri-
ces and comprehensive user-drug records [8].

Building on the idea that semantics can complement
co-occurrence signals, Wang and Li [9] introduced a
CF algorithm that fuses user behaviour with drug se-
mantic similarity derived from Word2Vec embeddings,
demonstrating improved recommendation accuracy
when drug semantics are informative. Complementary
work has extended hybrid designs to incorporate be-
havioural and genetic data for lifestyle or non-pharma-
cological recommendations, showing promise but also
revealing scalability constraints when specialised data
are required [10].

Beyond static and hybrid CF methods, approaches that
explicitly model sequential or decision-making processes,
such as reinforcement learning (RL), have emerged for
adaptive treatment planning. RL models, including Deep
Q-Networks trained with clinical guidance, can learn dy-
namic policies that adapt to evolving patient states and
have shown encouraging results for glycemic control in
retrospective simulations. However, their dependence on
richly labelled longitudinal data and the difficulty of vali-
dating learned policies in novel clinical scenarios remain
essential limitations [11]. These methodological strands
highlight a central tension for diabetes recommender sys-
tems. Models that rely on interaction histories can achieve
strong personalisation when data are ample. In contrast,
methods that exploit content or semantics can recom-
mend plausible options for rare or new items but may lack
patient-specific nuance.

Neural Collaborative Filtering (NCF) represents an
evolution of CF paradigms by leveraging embedding
layers and deep architectures to capture high-order,
nonlinear patient-drug interactions. NCF architectures
enable the integration of side information (clinical fea-
tures, temporal signals, item attributes), allowing for
richer representations than linear matrix factorisation
while preserving the core of item-user interactions [12].
In healthcare, NCF and its variants have been adapted
for use in treatment recommendations, safety-aware
combination selection, and temporally sensitive per-
sonalisation. For instance, SafeDrug integrates molecu-
lar graph encoders into an NCF pipeline to account for
the molecular structures of drugs and their interaction
risks [13]. In contrast, dynamic network and multi-view
drug representation approaches extend NCF to model
patients’ health trajectories and comorbidity contexts,
thereby improving temporally aware recommendations
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[14]. Privacy-preserving variants, such as federated NCF,
enable multi-institutional learning without sharing raw
data, addressing a practical deployment barrier in cross-
site healthcare applications [15]. Applications of NCF
beyond medication, such as personalised rehabilitation
and skincare, illustrate its adaptability to diverse clinical
and consumer health tasks when appropriate contex-
tual features are included [16, 17].

Parallel to these interaction-based advances, text-
based embedding methods have matured into power-
ful tools for mitigating item cold-start. Static embed-
dings (Word2Vec) and contextual transformers (BERT
and its biomedical adaptations, such as BioBERT) pro-
duce dense semantic vectors from drug labels, mecha-
nisms, and indications, enabling similarity-based re-
trieval even when prescription histories are absent.

Several lines of work have demonstrated the utility of
such embeddings for cold-start and metadata-sparse
settings. Incremental or meta-embedding schemes can
learn useful item representations from limited interac-
tion data [18, 19], while content-link networks and BERT-
enhanced memory recommenders have improved cold-
start resilience and contextual relevance in medical do-
mains [20, 21]. Empirically, domain-adapted transform-
ers (e.g., BioBERT) tend to outperform general-domain
embeddings on biomedical similarity tasks because
they capture domain-specific relations and terminology
nuances, making them particularly suitable for recom-
mending pharmacologically coherent alternatives.

The literature suggests complementary strengths
and weaknesses across three families of approaches:

UCI Diabetes 130-US Hospitals
(1999-2008) dataset

Neural Collaborative Filtering-Based
Recommendation

Top three recommended drugs

(probability scores)

Adress the cold-start problems for new patients

interaction-centric CF/NCF methods excel at patient-
level personalisation when sufficient data exist but
struggle with new items [22]; content-centric embed-
ding methods provide semantically plausible options
for new drugs but may not fully capture patient het-
erogeneity; and sequential decision frameworks like RL
can optimise dynamic policies but demand longitudi-
nal, labeled data and careful validation. These observa-
tions motivate the development of hybrid architectures
that integrate patient-level neural collaborative mod-
els with biomedical semantic retrieval to address the
drug cold-start problem. By combining the expressive
power of high-capacity interaction models with the
contextual understanding provided by domain-specif-
ic text embeddings, such hybrid pipelines aim to retain
the personalisation strengths of NCF while expanding
coverage to novel or sparsely represented drugs. This
design effectively tackles the dual cold-start challenges
encountered in diabetes drug recommendation tasks,
ensuring both adaptability and clinical relevance.

3. METHODOLOGY

The overall architecture of the proposed hybrid rec-
ommender is illustrated in Fig. 1. It consists of three
modules: (1) an NCF-based recommender that learns
from patient-drug interactions and clinical features,
(2) a word-embedding-based semantic recommender
that encodes drug descriptions for cold-start drugs,
and (3) a fusion module that consolidates NCF predic-
tions with embedding-based alternatives to produce
the final ranked suggestions.

DrugBank diabetes

medication dataset

Word Embedding-Based Recommendation

Top three recommended drugs

(similarity scores)

Adress the cold-start problems for new drugs

Final Drug Recommendation

Fig. 1. Hybrid drug recommendation framework

3.1. NEURAL COLLABORATIVE FILTERING-
BASED RECOMMENDATION

a) Data acquisition and preprocessing

We utilised the UCI Diabetes 130-US Hospitals dataset
(1999-2008), which comprises 101,766 encounter records
from 71,518 unique patients and over 50 attributes.
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We selected key patient features and the 11 most
commonly used diabetes drugs. Data preprocessing in-
cluded deduplication, numerical encoding of lab tests
and ICD-9 codes, normalisation of drug use, discretisa-
tion of continuous features, and binary encoding of
categorical variables(details shown in Table 10). These
steps ensured that the input for the NCF module was
structured and clean.
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Table 1. Select features and

Feature Name Meaning
patient_nbr Unique patient identifier
AlCresult Glycosylated haemoglobin result

max_glu_serum
diag_1, diag_2, diag_3
number_diagnoses

ICD-9 diagnostic codes
Total diagnoses
Age Age interval
Change
diabetesMed
num_medications Total Medications
time_in_hospital Days in hospital

Use the status of the 11 most

rug- ifi
commonly used drugs Drug-specific use status

b) Patient-drug interaction matrix construction

After preprocessing, the patient-drug interaction
matrix contained 56,103 patients and 11 drugs.

The matrix was sparse: only 14.07% of all potential
patient-drug pairs were positive, indicating a strong
class imbalance.

Maximum blood glucose

Whether medication changed
Whether the diabetes medication used

data processing methods

Processing Method
Used directly as a patient ID for the interaction matrix
Encoded: None=0, Norm=1, >7=2, >8=3
Encoded: None=0, Norm=1, >200=2, >300=3
Discretized: low (1-3)=0, medium (4-6)=1, high (>6)=2
Mapped to disease categories and numerically encoded
Converted to a median numeric value and standardised
Binary: No=0, Ch=1
Binary: No=0, Yes=1
Discretized: low (1-5)=0, medium (6-15)=1, high (>15)=2
Discretized: short (1-4)=0, medium (5-8)=1, long (>8)=2

Binary: No=0, Steady/Up/Down=1

c) Model design and training

The NCF model embeds patient and drug IDs into low-
dimensional vectors, concatenates them with clinical fea-
tures, and passes them through multi-layer perceptrons
(MLP) with ReLU activations and dropout regularisation. A
sigmoid output predicts the probability of drug use (Fig. 2).

Patient ID

[ (1) 1)

Input Layer

Patient Features
(11)

£

Patient Drug
Embedding LayFr Embedding E
(16) (16)

!

~

Flatten Layer

Concatenation Layer

Fully Connected Layer

Output
Output Layer

Model Parameters:

* Embedding dimension: 16
* Clinical features: 11

* Hidden layers: 64+32-16
* Dropout rates: 0.3, 0.2

- A Relu, S

1 neuron + Sigmolid

Probability [0,1]

Fig. 2. Structure of the NCF model

Training used an 80/20 train-test split and 3-fold
cross-validation. The binary cross-entropy loss and
Adam optimiser were employed, with a batch size of

128 and early stopping to prevent overfitting. To fur-
ther improve model performance, three optimisation
strategies were explored as shown in Table 2.

Table 2. Model optimisation methods

Optimisation Aspect Baseline Model

Optimizer Adam

Initial Learning Rate 0.001

Learning Rate Adjustment None
Class Weights Not used
Overfitting Control Early stop

Sample Imbalance Treatment None
Main Optimisation Objective Baseline
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Class weight optimisation Model

Learning Rate optimisation Model

Adam Adam
0.001 0.0005
None Dynamic decay
Used Not used
Early stop + weights Early stop + learning rate decay
Class weight None

Imbalance solution Training stability
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«  Baseline: no class weighting, fixed learning rate.

«  Class weight: apply class weights to the loss to pe-
nalise misclassification of the minority class.

«  Learning rate optimisation: use a dynamic learning
rate decay schedule to improve stability and gen-
eralisation.

d) Model evaluation

Model performance was evaluated using multiple met-
rics, including accuracy, precision, recall, and F1 score.

3.2, WORD EMBEDDING-BASED
RECOMMENDATION

a) Data and preprocessing

Descriptions of 71 anti-diabetic drugs were retrieved
from DrugBank’, encompassing major pharmacologi-
cal classes such as insulin analogues, sulfonylureas, bi-
guanides, a-glucosidase inhibitors, GLP-1 receptor ag-
onists, DPP-4 inhibitors, and SGLT-2 inhibitors. Eleven
drugs used in the NCF module served as baseline items,
while the remaining drugs were treated as unseen new
drugs. Descriptions were preprocessed through lower-
casing, punctuation removal, tokenisation, stop-word
elimination, and lemmatisation.

b) Semantic representation

Three embedding models with progressively higher
levels of linguistic and biomedical sophistication were
employed: Word2Vec, BERT, and BioBERT. Each model
encoded the preprocessed drug-related text into dense
semantic vectors, capturing latent pharmacological se-
mantics. These embeddings capture latent pharmaco-
logical semantics, enabling computation of inter-drug
similarity without prior interaction data.

c) Similarity computation and evaluation

The cosine similarity was used to calculate the simi-
larity between the baseline drugs and all the new
drugs. Based on the similarity scores, the top three
drugs with the highest similarity were selected as the
recommended results. For each baseline drug d, the
cosine similarity between its embedding v, and those
of all other drugs v,is as follows:

25

Percentage (%)
G S

=
1=}

5 3.71%

1.63%

0.16% 0.68%

9.52%

) Vi Uj
sim(d;, d;) = —————
( ! ’) I Iy
The top three drugs with the highest similarity were
selected as recommendations for d..

Clinical interpretability was evaluated using an Ex-
tended Semantic Coherence Score (SCS) that consid-
ers both identical and mechanistically related pharma-
cological classes. For each baseline drug d,

N
Soee lz 2 jeropk R (€1, )
N K

i=1

where R(C, C )=1if classes are identical, 0.5 if therapeuti-
cally or mechanistically related, and 0 otherwise.

Higher SCS* values indicate better alignment between
embedding similarity and therapeutic mechanism.

3.3. HYBRID RECOMMENDATION STRATEGY

This module integrates outputs from the NCF and word
embedding models to generate a ranked list of drug rec-
ommendations. For existing or new patients, the NCF
model predicts the probability of each drug by inputting
and preprocessing patient IDs or clinical data, then selects
the top three highest-probability drugs as recommenda-
tions. For each drug recommended by the NCF model, the
three most similar drugs are generated using a word em-
bedding model. The primary drug and its similar alterna-
tives are integrated into a recommendation list, providing
both primary and extended drug options for each patient.

4. RESULTS AND DISCUSSION

4.1. NEURAL COLLABORATIVE FILTERING-
BASED RECOMMENDATION

The UCI Diabetes 130-US Hospitals dataset provides a
realistic representation of clinical heterogeneity among
diabetic patients. After data filtering, the final dataset
comprises 56,103 patients and 11 target drugs. The age
distribution indicates that most patients fall within the
60-80 age range (Fig. 3).

25.62%

22.09%

16.96% 16.9%

2.74%

[0-10)

(10-20) [20-30) [30-40)

[40-50)

[50-60) [60-70) [70-80) (80-90) [90-100)

Age Groups

Fig. 3. Age distribution of patients

! https://go.drugbank.com/categories/DBCAT002117
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Polypharmacy is highly prevalent, with 96.18% of pa-
tients prescribed more than five medications. Similarly,
multimorbidity is common, as 66.64% of patients present
with more than six diagnoses, with cardiovascular disease
being a frequent comorbidity (~30%) (Figs. 4-5). Drug us-
age patterns are highly imbalanced: insulin is the most

frequently prescribed medication (67.44%), followed by
metformin (27.40%), glipizide (16.63%), and glyburide
(14.35%) (Fig. 6).

The resulting patient-drug interaction matrix contains
617,133 potential interactions, of which only 14.07% are
positive, highlighting the inherent sparsity of the dataset.
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Fig. 5. Diagnosis categories distribution

insulin

metformin

glipizide

glyburide
pioglitazone
rosiglitazone
glimepiride
repaglinide
glyburide-metformin
nateglinide

acarbose

67.44%

10

20

3 50 60

) 40
Percentage (%)

Fig. 6. Medication Usage Distribution

We evaluated three training strategies (baseline,
class-weighted, and learning-rate-optimised) under
identical data splits and evaluation protocols. As illus-
trated in Fig. 7, the learning-rate-optimised configura-
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tion achieved the best or performance on all key met-
rics for the training set, except the recall metric. At the
same time, the baseline model ranked second, and the
class-weighted model traded precision for recall (high
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recall but substantially lower precision and overall ac-
curacy). On the held-out test set, the learning-rate-
optimised model achieved strong discrimination and
clinically relevant performance: accuracy = 0.900, pre-
cision =0.763, recall = 0.421, F1 score = 0.543, specific-
ity =0.979, and AUC = 0.873 (Table 3).

Considering the balance between precision and re-
call, the stability of validation performance, and the
modest computational overhead of the scheduling
scheme, we selected the learning-rate-optimised mod-
el as our final configuration for downstream analyses.

Model Performance Comparison

1.0

0.896 0.900

Score

Precision

Accuracy

Metrics

0.8750.8730-885

B Baseline Model
BN Class Weight Model
mmm Learning Rate Model

Recall F1 Score

Fig. 7. Model Performance Comparison

Table 3. Test-set performance
(learning-rate-optimised NCF)

Evaluation Metric Value
Accuracy 0.900
Precision 0.766

Recall 0.421
F1 Score 0.543
Specificity 0.979
AUC 0.873

4.2. WORD EMBEDDING-BASED
RECOMMENDATION

The three embedding models were evaluated across
two complementary dimensions: semantic precision,
measured by the mean Top-3 cosine similarity, and
clinical interpretability, quantified using the Extended
Semantic Coherence Score (SCS*). As shown in Fig. 8,
BioBERT achieved the best overall balance between
linguistic and pharmacological understanding. Its
embeddings attained the best Mean Cosine Similarity
(0.936) and SCS*(0.76), indicating the highest internal
semantic cohesion and good clinical interpretability.

BERT achieved sufficient semantic precision, 0.911,
while it showed low domain comprehension; the pre-
training corpus for BERT lacks biomedical specificity.
Word2Vec was able to capture basic lexical proximity at
0.842, which, due to its shallow co-occurrence seman-
tics, resulted in recommendations lacking pharmaco-
logical coherence.

This, in turn, reflects the clear performance hierarchy
of the tested models in terms of their ability to encode
domain-specific biomedical knowledge into dense vector
representations. BioBERT provided the most clinically co-
herent recommendations. For example, it associated met-
formin with liraglutide, dulaglutide, and insulin degludec,

Volume 17, Number 6, 2026

consistent with ADA-endorsed treatment intensification
pathways that involve GLP-1 receptor agonists and insulin
analogues. Word2Vec, on the other hand, demonstrated a
tendency to generate lexically similar but pharmacologi-
cally irrelevant associations. For example, linking metfor-
min with insulin detemir. This underlines how static word
embeddings fail to capture the mechanistic and thera-
peutic context within medical texts. These results confirm
that domain-specific contextual embeddings enhance
both semantic precision and therapeutic interpretability,
thereby providing robust support for explainable cold-
start recommendations in diabetes pharmacotherapy.

0,80

| BioBERT
0,76 i o
0,60 |

BERT
0,55/ ®

0,50 WordVec

Senematic Coherence Score

0,40 |

0,30
0,80

082 084 096 098 090
Mean cosine similarity (semantic precision)

0,95

Fig. 8. Comparative performance of word
embedding models

4.3. HYBRID RECOMMENDATION OUTCOMES

The hybrid recommender system developed shows
impressive technical strength and real-world medical
relevance. By combining NCF with BioBERT-based se-
mantic embeddings, it effectively tackles the common
cold-start challenges, where systems struggle with
new patients or newly approved drugs.
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The NCF module captures complex relationships be-
tween patients’ health profiles and their past prescrip-
tions, allowing for highly personalised suggestions.
Meanwhile, BioBERT interprets biomedical language to
include new or rarely prescribed medications in the rec-
ommendations. Together, they create a balanced, clini-
cally consistent system that aligns with key guidelines,
including the ADA Standards of Care in Diabetes 2024
[23] and the KDIGO 2023 Clinical Practice Guideline[24].

During testing, the hybrid model delivered accu-
rate, guideline-based recommendations. For returning
patients, NCF's top-ranked drug suggestions closely
matched the actual prescriptions, outperforming tra-
ditional CF technique. For new patients, the system
adapted well, suggesting drug combinations tailored
to factors such as blood sugar levels, existing condi-
tions, and treatment complexity.

For instance, in one case, as shown in Table 4 (Pa-
tient 90341199, age 75, with multiple conditions and a

stable A1C), NCF correctly prioritised insulin and met-
formin, both of which were found in the real prescrip-
tion record. BioBERT added further depth by suggest-
ing related alternatives such as insulin degludec and
liraglutide, consistent with ADA recommendations for
patients at higher cardiovascular risk.

Table 4 also shows that, in another case involving a
new patient with poor glycemic control (A1C>7), the
system recommended insulin, metformin, and glipizide
as top options. BioBERT’s expansion identified GLP-1
receptor agonists and SGLT2 inhibitors, such as liraglu-
tide, dulaglutide, and canagliflozin, as clinically sound
alternatives that support heart and kidney health.

Overall, the model achieved strong clinical interpret-
ability. NCF offered patient-specific probability scores,
while BioBERT added context through semantic rank-
ing. This hybrid design not only delivers accurate and
personalised results but also ensures that every recom-
mendation is grounded in sound medical reasoning.

Table 4. Hybrid Recommendation Outcomes

Patient information
+Age Value: 75
+Number of Diagnoses: High (>6)
«Time in Hospital: Short (1-4)

Patient ID

«Number of Medications: Low (1-5)
+Diabetes Medication: Yes

+A1C Result: Norm

+Glucose Level: None

Existing Patient
(ID:90341199)

«Primary Diagnosis: other
-Secondary Diagnosis: other
-Additional Diagnosis: diabetes

TOP 3 NCF-recommended drugs

1. insulin - Probability: 0.6353
2. metformin - Probability: 0.2859
3. glipizide - Probability: 0.2284

Actually used drugs:
metformin, insulin

Hybrid recommendations (NCF + BioBERT)
1. NCF recommended drug: insulin
Similar drugs:

« Canagliflozin
(Similarity: 0.8678)

+ Insulin degludec
(Similarity: 0.8415)

« Insulin detemir
(Similarity: 0.8353)

2. NCF recommended drug: metformin

+Age Value: 50

+Number of Diagnoses: High (>6)
«Time in Hospital: Medium (5-8)
«Number of Medications: High (>15)

Similar drugs:
- Liraglutide (Similarity: 0.9375)

« Insulin degludec
(Similarity: 0.9316)

« Dulaglutide (Similarity: 0.9258)

1. insulin - Probability: 0.8902

«Diabetes Medication: Yes
+A1C Result: >7

New Patient

2. metformin - Probability: 0.2354

3. NCF recommended drug: glipizide

3. glipizide - Probability: 0.1620

+Glucose Level: >200

«Primary Diagnosis: diabetes
«Secondary Diagnosis: respiratory
«Additional Diagnosis: cardiovascular

Similar drugs:

« Bexagliflozin (Similarity: 0.9332)
« Lixisenatide (Similarity: 0.9307)
« Albiglutide (Similarity: 0.9298)

4.4. COMPARISON WITH REPRESENTATIVE
PRIOR METHODS

Two representative studies, Granda Morales et al. [6]
and Valdiviezo-Diaz [7], used the same UCI Diabetes
130-US Hospitals dataset as this research, providing a
consistent baseline for evaluation. Table 5 summarises
their methodologies, key performance results, and the
extent to which they address the cold-start problem.

Both prior studies relied primarily on CF. Granda Mo-
rales et al. [6] applied unsupervised clustering to reduce
sparsity before CF, achieving moderate accuracy but
limited personalisation due to fixed patient grouping.
Valdiviezo-Diaz [7] introduced a Bayesian hybrid CF
to enhance explainability, improving precision but re-
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maining dependent on historical interactions. Neither
approach explicitly addressed the cold-start problem,
particularly for newly introduced drugs. In contrast, our
method integrates NCF to model nonlinear patient-drug
interactions and BioBERT-based embeddings to infer se-
mantic similarity among drugs. This dual-module design
enhances prediction accuracy and facilitates recom-
mendations for previously unseen drugs and patients.

On the same dataset, our model outperforms previ-
ous methods while providing alternatives that are con-
sistent with pharmacological logic. The improvement
demonstrates the effectiveness of combining deep in-
teraction modelling with biomedical text semantics for
precision drug recommendation.
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Table 5. Comparative summary of previous and proposed methods

Study Dataset

Granda Morales et al. UCI Diabetes 130-US

Method

PCA and K-means clustering
combined with user-based

Key metrics Cold-start addressed

Accuracy =0.61;

collaborative filtering

Valdiviezo-Diaz UCI Diabetes 130-US

This work UCI Diabetes 130-US and DrugBank

5. CONCLUSION

This study proposes a hybrid drug recommendation
framework that combines NCF with BioBERT-based se-
mantic embeddings to enhance personalisation and
address data sparsity and cold-start issues in diabetes
treatment. Using the UCI Diabetes 130-US Hospitals da-
taset, the model achieves notably better accuracy and
robustness than previous CF and clustering approach-
es. By jointly modelling patient-drug interactions and
semantic drug relationships, the method effectively
handles both new-patient and new-drug scenarios, en-
hancing generalizability and clinical relevance. Despite
these advantages, this study has several limitations.
The dataset used is dated and imbalanced, which may
affect the generalisability of the results. The NCF model
also suffers from limited interpretability, and the em-
bedding performance is influenced by the quality and
completeness of textual data, potentially reducing ac-
curacy for rare or sparsely described drugs.

Future work will aim to address these limitations by
employing more recent and diverse clinical datasets,
integrating temporal and safety-related information,
and enhancing model interpretability to facilitate the
practical and trustworthy deployment of clinical appli-
cations.
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