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ABSTRACT

Drug classification in clinical pharmacy is increasingly important for organizing medication knowledge, supporting
therapeutic decisions, and improving patient-centered pharmaceutical care. As healthcare data become more
complex, traditional rule-based classification approaches may be insufficient for interpreting heterogeneous drug-
related information, including medication histories, molecular descriptors, clinical indicators, adverse-event records,
prescription patterns, and patient-specific risk factors. This review examines how artificial intelligence, machine
learning, deep learning, feature selection, optimization, and decision-support systems contribute to drug classification
in clinical pharmacy. The review discusses the role of intelligent models in medication safety assessment, drug—drug
interaction monitoring, personalized therapy, pharmacy-service planning, and operational medication management.
It also highlights major challenges related to data quality, interpretability, generalizability, workflow integration,
and ethical implementation. Overall, intelligent drug classification can strengthen clinical pharmacy practice when
computational models are transparent, clinically meaningful, and aligned with professional pharmaceutical judgment.
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1. INTRODUCTION

Drug classification in clinical pharmacy has become an in-
creasingly important research direction because modern phar-
maceutical care depends on the ability to organize, interpret,
and use drug-related information in a clinically meaningful
manner. In clinical settings, pharmacists and healthcare pro-
fessionals are required to evaluate therapeutic indications,
patient characteristics, drug safety profiles, pharmacokinetic
behavior, adverse-event risks, possible drug—drug interac-
tions, and treatment suitability under conditions of growing
data complexity. Traditional classification approaches, which
often rely on fixed taxonomies, manual interpretation, or rule-
based grouping, can be useful for standard documentation
but may be limited when applied to heterogeneous clinical
data. As healthcare systems move toward more personalized,

evidence-based, and digitally supported decision-making, ar-
tificial intelligence-based classification offers a stronger ana-
Iytical foundation for identifying hidden relationships among
drug properties, patient profiles, and therapeutic outcomes
[1]. Figure 1 presents an illustrative graphical summary of
the methodological categories commonly discussed in drug
classification research within clinical pharmacy. The fig-
ure organizes the reviewed methodological directions into
major categories, including deep learning approaches, ma-
chine learning approaches, hybrid or integrated models, op-
timization techniques, feature selection methods, fuzzy and
uncertainty-based methods, data-centric approaches, Inter-
net of Things and sensor-based approaches, operational or
logistics models, and clinical decision-support systems. This
graphical representation helps clarify the methodological ori-
entation of the review by separating dominant computational
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families from emerging or more specialized research direc-
tions; the chart should be interpreted as a conceptual visual-
ization unless its counts are replaced with values obtained
from a formal bibliometric analysis.

The illustrative distribution shown in Figure 1 indicates that
deep learning approaches can be positioned as a leading
methodological direction because advanced neural architec-
tures are increasingly used for complex healthcare classifica-
tion tasks. Machine learning approaches also occupy a major
position because they remain widely applicable to structured
clinical, pharmaceutical, and patient-related datasets. Hybrid
and integrated models appear as an important methodologi-
cal category because they combine multiple computational
strategies to improve classification robustness, model adapt-
ability, and predictive reliability. Optimization techniques
and feature selection methods are also strongly relevant to
drug classification because they help refine model structure,
reduce unnecessary input variables, and improve the balance
between predictive performance and interpretability.

The lower-positioned categories in Figure 1 should not be
interpreted as less important; rather, they represent more
specialized or emerging directions within clinical pharmacy
analytics. Fuzzy and uncertainty-based methods are use-
ful when classification boundaries are not sharply defined,
which is common in clinical decision-making. Data-centric
approaches emphasize the importance of dataset quality, pre-
processing, and bias reduction before model training. Internet
of Things and sensor-based approaches support continuous
patient or pharmacy-system monitoring, while operational
and logistics models connect drug classification with medica-
tion availability, inventory behavior, and service-management
requirements. Clinical decision-support systems represent the
final practical layer, where computational classification out-
puts are translated into tools that can assist pharmacists and
healthcare professionals in medication review, risk evaluation,
and patient-centered therapeutic planning.

The need for intelligent drug classification is reinforced by
the increasing diversity of data generated across clinical
pharmacy, drug development, and patient-care workflows.
Drug-related datasets may include demographic variables,
medication histories, molecular descriptors, clinical measure-
ments, treatment-response indicators, adverse-event records,
prescription patterns, and pharmacy-service utilization data.
These data sources are rarely uniform, and they often con-
tain high-dimensional, incomplete, imbalanced, or noisy
features that complicate conventional analysis. Machine
learning methods can support the transformation of such
data into predictive and classificatory knowledge by learning
from complex patterns rather than depending only on prede-
fined assumptions. This capability is particularly relevant in
pharmacy-related decision-support systems, where classifica-
tion outputs may assist in drug-use assessment, therapeutic
monitoring, and medication-safety evaluation [2].

A central challenge in drug classification is the selection of
informative features from large and sparse datasets. Phar-
maceutical and biomedical datasets frequently contain many
candidate variables, yet only a limited subset may contribute
meaningfully to classification performance. Including ir-
relevant or redundant features can increase computational
cost, reduce model interpretability, and weaken generaliza-

tion when the model is applied to new clinical cases. Feature
selection is therefore essential because it can improve clas-
sification efficiency while helping researchers and clinicians
identify the most influential variables associated with drug
behavior, safety, and therapeutic relevance. In this context,
optimization-based feature selection has become valuable for
handling high-dimensional biomedical data, especially when
the objective is to improve predictive accuracy while reducing
unnecessary input complexity [3].

Drug classification also has direct implications for personal-
ized medicine, where treatment decisions increasingly depend
on matching drug characteristics with patient-specific biolog-
ical and clinical conditions. In this setting, classification mod-
els can support the identification of drug sensitivity patterns,
potential therapeutic response groups, and clinically relevant
associations between drugs and disease-related data. Such
models may help improve treatment stratification by recog-
nizing relationships that are difficult to detect through manual
assessment alone. This is particularly important when pa-
tients differ in genetic background, disease subtype, previous
medication exposure, comorbidities, and response profiles.
Therefore, intelligent classification can contribute to more
individualized pharmaceutical care by supporting the interpre-
tation of complex drug-response information in a systematic
and data-driven manner [4].

Metaheuristic optimization has attracted attention in health-
care classification because many clinical prediction and drug-
related classification problems involve search spaces that are
large, nonlinear, and difficult to solve using simple deter-
ministic procedures. In these problems, the classification
task is not limited to training a predictive model; it may also
require selecting features, tuning hyperparameters, balanc-
ing conflicting objectives, and improving model robustness.
Metaheuristic algorithms can support these requirements by
exploring candidate solutions and identifying improved con-
figurations for classification models. Their value becomes
particularly visible when applied to medical datasets that con-
tain overlapping class boundaries, imbalanced observations,
and complex associations among clinical variables. Accord-
ingly, metaheuristic-assisted classification can strengthen the
design of computational pharmacy models by improving both
predictive performance and model configuration [5].

Advanced feature selection and classification strategies are es-
pecially important in medical and pharmacy-related datasets
because the consequences of misclassification may affect clin-
ical interpretation, medication planning, and decision-support
reliability. Unlike general classification problems, clinical
pharmacy applications require attention not only to accuracy
but also to stability, transparency, and the practical relevance
of selected variables. A model that performs well numerically
may still be difficult to justify if it depends on features that
lack clinical meaning or if its classification behavior cannot
be interpreted by healthcare professionals. Therefore, fea-
ture selection should be understood as both a computational
and clinical requirement, since it can reduce dimensional-
ity while improving the clarity of the relationships used by
the model to distinguish between drug-related categories or
patient-response groups [6].

The clinical usefulness of drug classification is also con-
nected to the broader development of diagnostic and predic-
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The chart shows that deep learning approaches are the most widely used methodology in drug classification research,
followed by machine learning approaches. Hybrid models and optimization techniques also play a significant role,
while fuzzy methods, data-centric approaches, and loT-based models are emerging research directions.

Figure 1. Illustrative graphical distribution of methodological categories relevant to drug classification in clinical pharmacy. The chart
organizes major methodological directions, including deep learning, machine learning, hybrid models, optimization, feature selection, fuzzy
reasoning, data-centric methods, sensor-based systems, operational models, and clinical decision-support approaches.

tive healthcare systems. Many medication-related decisions
occur within a larger clinical environment where disease di-
agnosis, prognosis, comorbidity assessment, and treatment
selection are interdependent. Classification models developed
for healthcare prediction can therefore provide methodologi-
cal insights for pharmacy applications, particularly in relation
to data preprocessing, model evaluation, feature reduction,
and optimization. When classification frameworks are de-
signed carefully, they can support safer and more consistent
decision-making by reducing dependence on subjective inter-
pretation and by providing structured evidence from patient
data. This connection highlights the importance of adapt-
ing robust healthcare classification methods to drug-centered
tasks in clinical pharmacy [7].

Drug classification in clinical pharmacy should not be limited
to therapeutic categories alone, because pharmacy practice
also involves understanding patient access, service utilization,
and the social factors that influence medication-related care.
Machine-learning analyses of healthcare needs and access
barriers provide a methodological basis for examining ser-
vice inequalities. Extending these approaches to pharmacy
services could help identify groups with limited access or
unmet needs, although pharmacy-specific data and validation
would be required. This perspective is important because the
effectiveness of drug classification depends not only on com-
putational modeling of drug properties but also on the clinical
and service contexts in which medications are prescribed,
dispensed, monitored, and evaluated [8].

The digital transformation of pharmacy systems has also ex-
panded the role of intelligent classification beyond direct clin-
ical decision-making into operational and inventory-related
functions. Smart pharmacies increasingly rely on connected
systems, automated monitoring, and predictive models to
manage stock availability, reduce medication shortages, op-
timize dispensing workflows, and support timely access to
essential drugs. In such environments, classification models
may help organize drug inventories, identify demand pat-
terns, prioritize high-risk medications, and support automated
decision-making for pharmacy management. This operational
dimension is relevant to clinical pharmacy because poor stock
management, delayed availability, or inefficient distribution
can affect treatment continuity and patient safety. Therefore,
intelligent classification can support both the clinical and
logistical dimensions of modern pharmacy practice [9].

Artificial intelligence-based drug classification must ul-
timately be positioned within a broader pharmaceutical
decision-support ecosystem that includes healthcare supply
chains, clinical workflows, patient-centered care, and respon-
sible data governance. The successful use of classification
models depends on the quality of input data, the suitability
of selected features, the transparency of model behavior, the
validity of evaluation metrics, and the ability of healthcare
professionals to interpret and apply model outputs. Although
intelligent classification can improve drug-related analysis,
its implementation must avoid overdependence on black-box
predictions and should be guided by clinical relevance, eth-
ical safeguards, and practical usability. Therefore, this re-
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view examines drug classification in clinical pharmacy as a
multidimensional research area that connects artificial intel-
ligence, machine learning, feature selection, optimization,
pharmacy-service management, and personalized therapeutic
decision-making [10].

2. LITERATURE REVIEW

The literature on intelligent drug classification and clinical
pharmacy analytics reflects a gradual movement from isolated
predictive modeling toward broader computational frame-
works capable of supporting medication-related decision-
making across molecular, clinical, operational, and service-
oriented dimensions. Earlier data-driven healthcare studies
mainly focused on whether machine learning models could
classify disease states or predict clinical outcomes with ac-
ceptable accuracy; however, more recent pharmacy-related
research has extended this objective toward understanding
how drug information, patient characteristics, biochemical
descriptors, medication-use behavior, and healthcare-system
variables can be structured into useful classification tasks.
This development is important because drug classification in
clinical pharmacy is not a single computational activity. It
may involve grouping drugs according to therapeutic role,
predicting drug response, identifying potential safety risks,
recognizing interaction patterns, distinguishing pharmacolog-
ical profiles, or supporting medication-management decisions.
Therefore, the reviewed literature should be interpreted as
a connected body of work in which classification models,
optimization techniques, biomedical feature engineering, and
pharmaceutical decision-support systems contribute to the
broader goal of improving clinical interpretation and phar-
macy practice.

A major direction in the literature concerns the use of com-
putational intelligence for drug—drug interaction prediction.
This area is highly relevant to clinical pharmacy because
interaction risks represent one of the most critical factors
affecting medication safety, especially among patients receiv-
ing multiple therapies. Conventional interaction screening
can identify known interaction pairs, but it may be less ef-
fective when the objective is to infer previously unobserved
interaction patterns from complex drug-related data. Graph-
based computational frameworks address this limitation by
learning relationships among drugs, with skip connections,
additional neural layers, and training refinements used to
evaluate different interaction-prediction architectures. Such
frameworks are useful because drug—drug interaction predic-
tion requires the classification of relationships rather than
the classification of isolated drug entities. In this setting, the
model must evaluate how two or more drugs may behave
when considered together, which increases the complexity
of the classification problem. The literature therefore sug-
gests that interaction-oriented classification can strengthen
clinical pharmacy decision support by helping pharmacists
assess potential medication risks before they result in adverse
therapeutic consequences [11].

Another important stream of research focuses on quan-
titative structure—activity relationship modeling and
cheminformatics-based classification. This direction is
valuable because it connects drug classification with molec-
ular descriptors, chemical properties, and computational

representations of pharmacological activity. In clinical
pharmacy, such models can support the interpretation of how
structural characteristics may relate to therapeutic effect,
toxicity, or drug behavior. Feature selection is particularly
important in this context because molecular datasets often
contain a large number of descriptors, many of which may
be redundant, weakly informative, or statistically unstable.
When irrelevant descriptors are included, classification
models may become unnecessarily complex and less
interpretable. By contrast, descriptor selection can improve
the clarity of the model by retaining variables that contribute
more directly to the classification of drug-like compounds
or pharmacological categories. The literature indicates that
combining cheminformatics representations with supervised
learning provides a useful pathway for transforming
molecular information into structured classification outputs
that can support early-stage pharmaceutical assessment and
computational drug evaluation [12].

A further body of literature examines general medical di-
agnosis classification as a methodological foundation for
pharmacy-related classification problems. Although diag-
nostic classification and drug classification are not identical,
they share several computational concerns, including data im-
balance, feature relevance, algorithm selection, validation reli-
ability, and the need to compare model behavior across differ-
ent statistical indicators. Medical diagnosis studies are useful
for clinical pharmacy research because medication decisions
often depend on diagnostic context, disease subtype, comor-
bidity patterns, and patient-specific risk profiles. A drug clas-
sification model that ignores these clinical dimensions may
produce outputs that are technically accurate but clinically
incomplete. Therefore, diagnostic machine learning literature
contributes indirectly to drug classification by demonstrating
how classification pipelines can be evaluated under controlled
conditions, how different algorithms respond to structured
biomedical data, and how statistical measures can be used to
compare predictive reliability. This methodological evidence
is important for developing pharmacy-oriented models that
are not only computationally effective but also suitable for
integration into clinical decision-support environments [13].

The literature also includes studies that investigate feature se-
lection and neural classification performance as independent
methodological problems. This direction is relevant because
many clinical pharmacy datasets contain heterogeneous vari-
ables such as medication attributes, patient demographics,
laboratory indicators, adverse-event information, prescrip-
tion records, and clinical history. A classifier trained on all
available variables may appear comprehensive, but excessive
dimensionality can reduce transparency and increase the pos-
sibility that the model learns weak or misleading associations.
Feature-selection-based classification studies, therefore, pro-
vide a methodological basis for designing more compact,
stable, and interpretable models. In particular, neural classi-
fiers can benefit from carefully selected inputs because the
architecture can focus on informative signals rather than dis-
tributing learning capacity across noisy variables. This is
important for clinical pharmacy because interpretability and
reliability are often as important as numerical performance.
A model used to support medication-related decisions should
provide a defensible relationship between the selected fea-
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tures and the classification output, especially when the result
may influence therapeutic evaluation or patient monitoring
[14].

Deep learning-based disease monitoring literature provides
another relevant perspective because it demonstrates how in-
telligent systems can manage continuous, large-scale, and
multimodal healthcare data. While this research direction is
not limited to drug classification, it is useful for clinical phar-
macy because medication management increasingly occurs
within digitally connected healthcare environments. Patient
monitoring data, wearable signals, hospital records, phar-
macy databases, and disease-progression indicators can all
affect how medications are classified, prioritized, or evalu-
ated in practice. Deep learning models are particularly useful
when the data contain complex nonlinear relationships or
when disease-related patterns must be detected from large
volumes of information. For drug classification, this sug-
gests that future systems may move beyond static drug labels
and instead classify medications according to dynamic pa-
tient context, monitored disease status, and predicted care
requirements. Such a direction can make classification more
clinically responsive, because the same medication may have
different relevance depending on the patient’s condition, treat-
ment stage, and monitoring evidence available at the time of
decision-making [15].

Across these studies, the literature shows that intelligent drug
classification in clinical pharmacy is shaped by several dis-
tinct but complementary research directions. Interaction
prediction contributes to medication-safety assessment by
classifying relational risks between drugs. Cheminformat-
ics modeling contributes to molecular-level interpretation by
linking chemical descriptors with pharmacological classifica-
tion. Medical diagnosis classification provides methodologi-
cal lessons for validating healthcare models under clinically
meaningful evaluation conditions. Feature-selection research
supports dimensionality reduction and interpretability in com-
plex pharmacy datasets. Deep learning-based monitoring
extends the discussion toward dynamic healthcare environ-
ments where drug classification may depend on real-time
patient and disease information. These directions do not rep-
resent repeated versions of the same problem; rather, each
one addresses a different layer of the clinical pharmacy clas-
sification ecosystem. Together, they indicate that the future
of drug classification will likely depend on the integration
of molecular data, clinical evidence, safety signals, patient
monitoring, and optimized machine learning pipelines within
transparent and clinically usable decision-support systems.

Despite the progress demonstrated in the reviewed literature,
several methodological gaps remain evident. Many studies
emphasize predictive performance, but fewer provide suffi-
cient discussion of how classification outputs can be inter-
preted by pharmacists or translated into medication-related
decisions. This gap is important because clinical pharmacy
requires models that can be trusted, explained, and aligned
with professional judgment. In addition, several classifica-
tion pipelines are evaluated on specific datasets, which may
limit generalization when applied to different patient groups,
drug categories, clinical settings, or pharmacy-service envi-
ronments. Another concern is that optimization and feature
selection are often treated as technical improvements rather

than as mechanisms for improving clinical clarity. For drug
classification, the selected features should not only improve
accuracy but should also make sense within pharmacological,
therapeutic, or patient-care reasoning. Therefore, future re-
search should give greater attention to clinical interpretability,
external validation, workflow integration, and the practical
relationship between model outputs and pharmacy decision-
making.

Overall, the literature demonstrates that artificial intelligence-
based drug classification is moving toward a more compre-
hensive and clinically connected research direction. The
reviewed works collectively show that classification in this
field can benefit from hybrid learning frameworks, molecular
descriptor analysis, diagnostic machine learning principles,
feature-selection strategies, and deep healthcare monitoring
models. However, the value of these techniques depends on
how effectively they are adapted to the specific requirements
of clinical pharmacy. A useful drug classification system
should not function only as a numerical classifier; it should
support medication safety, therapeutic interpretation, patient-
centered decision-making, and operational reliability. For
this reason, the present review positions drug classification in
clinical pharmacy as a multidimensional topic that requires
both computational rigor and clinical relevance. This per-
spective allows the review to examine not only how models
are developed, but also how they may contribute to safer,
clearer, and more evidence-based pharmaceutical care. Ta-
ble 1 summarizes representative artificial intelligence, ma-
chine learning, optimization, and healthcare decision-support
methodologies that can inform drug classification research
in clinical pharmacy by showing how different data types,
modeling strategies, and operational objectives contribute to
classification-oriented pharmaceutical intelligence.

The methodological studies summarized in Table | collec-
tively demonstrate that drug classification in clinical phar-
macy should be understood as a broad computational prob-
lem that extends beyond the direct assignment of drugs into
fixed therapeutic groups. The selected references represent
a diverse methodological landscape in which artificial in-
telligence, machine learning, deep learning, metaheuristic
optimization, mathematical programming, fuzzy reasoning,
inventory modeling, and connected healthcare systems con-
tribute different analytical roles. This diversity is important
because clinical pharmacy classification does not depend on a
single data structure or a single modeling objective. Instead, it
may require the interpretation of patient-centered information,
drug-related descriptors, clinical service patterns, diagnostic
indicators, pharmaceutical supply variables, and operational
constraints. For this reason, the methodology matrix was de-
signed to show how different computational approaches can
support classification-oriented pharmaceutical intelligence
from complementary perspectives without reducing the topic
to one narrow predictive task.

The first methodological direction represented in the table
concerns personalized health optimization. This direction is
relevant to drug classification because pharmaceutical deci-
sions are increasingly influenced by patient-specific health
conditions, wellness indicators, treatment goals, and individ-
ualized care requirements. Evolutionary and nature-inspired
optimization methods provide a useful computational basis
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Table 1. Representative computational methodologies relevant to drug classification in clinical pharmacy

Study focus

Data type

Methodological approach

Personalized health Patient-centered health Evolutionary computing and

optimization [16]
Clinical trial personal-
ization [17]

Emergency healthcare
routing [18]

Pharmaceutical
plier ranking [19]

sup-

Secure attribute selec-
tion [20]

Clinical decision sup-
port [21]

Sensor-based disease
prognosis [22]

Multi-modal disease
classification [23]

Genetic-data diagnosis
[24]

Queueing-inventory
healthcare modeling
[25]

Fuzzy medical differ-
entiation [26]

Pharmaceutical cold-
chain logistics [27]

Adaptive production
control [28]

Patient quality-of-life
prediction [29]

indicators

Patient covariates and
treatment  allocation
data

Injury locations, sever-
ity, and ambulance de-
mand

Supplier criteria and
order-allocation data

Industrial Internet of
Things attributes

Liquid-based cytology
image data

Electrocardiogram sen-
sor data

Breathing audio and
chest-wall video data

Breast cancer
expression data

gene-

Patient-flow and

medical-waste data

Chinese medicine syn-
drome data

Cold-chain inventory
and routing data

Kanban system and sim-
ulation data

Patient-reported health-
care data

nature-inspired optimization

D-optimal design with sequen-
tial allocation

K-means++ clustering and time-
variant SPEA2

Machine learning, multi-criteria
ranking, and mixed-integer pro-
gramming

Hybrid firefly-based attribute se-
lection and split-point mecha-
nism

Deep learning-based decision-
support system

Hybrid deep learning architec-
ture with resource allocation

Deep learning with audio—visual
feature fusion

Seagull optimization for feature
selection with random forests

Data-driven queueing-inventory
system

Evolutionary fuzzy learning

Inventory-routing optimization

Particle swarm optimization-
based adaptive system design

Prototype machine learning pre-
diction model

Main objective

Supports individualized health-oriented decision-
making by showing how adaptive search strategies can
be used to optimize complex wellness and care-related
variables.

Improves treatment-effect estimation by accounting for
patient covariates and allocating participants efficiently
between experimental and control arms.

Optimizes dynamic ambulance routes by balancing
travel distance and patient ride time while accounting
for injury severity and changing demand.

Uses learned supplier weights to support supplier selec-
tion and order allocation while balancing supply-chain
cost and reliability.

Demonstrates how optimized attribute selection can
reduce irrelevant inputs and improve the security of
connected intelligent systems used in data-intensive
environments.

Supports automated clinical identification by extracting
diagnostic patterns from medical images and assisting
healthcare professionals in classification-oriented deci-
sions.

Enables continuous disease detection and prognosis by
combining connected sensing with optimized computa-
tional processing for healthcare monitoring.

Improves disease classification by combining comple-
mentary data representations, which is relevant to drug
classification tasks requiring heterogeneous clinical in-
puts.

Selects informative gene subsets for breast cancer clas-
sification, supporting a more compact representation of
diagnostic patterns.

Links healthcare service demand with inventory behav-
ior, supporting operational planning in settings where
patient care and material availability are interdependent.
Handles uncertainty in medical classification by com-
bining fuzzy reasoning with evolutionary learning for
syndrome differentiation and clinical pattern recogni-
tion.

Improves pharmaceutical distribution by jointly con-
sidering inventory movement, logistics efficiency, eco-
nomic cost, and environmental impact in medicine sup-
ply systems.

Provides an optimization-based perspective for adaptive
operational control, which can inform pharmacy inven-
tory and dispensing-flow management under changing
demand.

Supports patient-centered clinical interpretation by pre-
dicting quality-of-life measures that may influence med-
ication review, care planning, and pharmacy-service
evaluation.

for this type of problem because they are designed to search
complex solution spaces where many variables interact simul-
taneously. In clinical pharmacy, such approaches can inform
models that do not simply classify drugs according to general
labels, but instead evaluate how medication-related decisions
may vary according to patient profiles. This methodological
perspective supports the movement from generalized classi-
fication toward more personalized classification, where the
suitability, priority, or risk of a drug category can be inter-
preted in relation to individual health characteristics.

The second direction focuses on clinical trial personaliza-
tion through D-optimal experimental design and sequential
treatment allocation. This reference is methodologically im-
portant because clinical trials provide structured evidence for
treatment response, safety, and therapeutic effectiveness, all
of which are central to drug classification in clinical pharmacy.
Covariate-aware trial design can help determine how patients
are allocated between treatment groups and how treatment
effects are estimated for personalized medicine; the optimal
allocation need not be balanced. Although this approach is
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not a drug classifier in the narrow sense, it contributes to
the methodological foundation of classification by improving
the structure of the evidence used to distinguish treatment
responses. In pharmacy-related research, this is valuable be-
cause drug categories and treatment recommendations should
ideally be supported by carefully optimized evidence rather
than by uncontrolled or poorly balanced clinical observations.

The third methodological group addresses emergency health-
care routing and service-delivery optimization. Its relevance
to clinical pharmacy lies in the fact that drug classification
is not only a computational issue related to drug properties,
but also a practical issue connected to how medicines and
healthcare services reach patients under constrained condi-
tions. Multi-objective routing models can balance travel
distance and patient ride time while accounting for injury
severity and changing ambulance demand. This is impor-
tant for pharmaceutical care because medication availability
and timely delivery can directly affect treatment continuity,
particularly during emergencies, disasters, and public-health
crises. Therefore, this methodology contributes an opera-
tional dimension to the review by showing how optimization
models can support the classification and prioritization of
healthcare needs in contexts where access and urgency are
central considerations.

The pharmaceutical supplier-ranking methodology adds a
supply-chain decision-support perspective to the methodolog-
ical framework. Clinical pharmacy depends on the contin-
uous availability of safe, reliable, and appropriate medica-
tions, and this availability is strongly influenced by supplier
selection, procurement quality, distribution reliability, and
industrial decision-making. Machine learning can estimate
supplier-criterion weights, which can then be combined with
multi-criteria ranking and mixed-integer order allocation to
balance supply-chain reliability and cost. This is relevant
to drug classification because medication categories are not
only defined by therapeutic use, but also by their management
requirements, supply sensitivity, quality assurance demands,
and availability risks. By including supplier-ranking method-
ology, the table connects computational classification with
the broader pharmaceutical ecosystem in which drugs are
selected, sourced, stocked, and delivered.

The secure attribute-selection methodology provides a techni-
cal perspective on how irrelevant or excessive variables can
be reduced in connected intelligent systems. Although this
reference is drawn from an industrial Internet of Things con-
text, its methodological value for clinical pharmacy lies in the
optimized selection of attributes from complex data environ-
ments. Drug classification models often depend on datasets
that include many variables, not all of which are useful for
prediction or interpretation. Attribute selection can improve
model efficiency by reducing unnecessary inputs, while also
improving clarity by retaining the variables that contribute
most strongly to the classification task. In pharmacy-related
applications, this is particularly important because exces-
sive feature complexity may limit clinical interpretability and
make it difficult for pharmacists or healthcare professionals to
understand why a model assigns a drug, patient, or treatment
pattern to a specific class.

The deep learning-based decision-support methodology
demonstrates how image-centered clinical classification can

support automated healthcare interpretation. While the spe-
cific application area is diagnostic image analysis, the method-
ological structure is relevant to drug classification because it
shows how deep feature extraction, feature reduction, and op-
timized classification can be integrated into a single decision-
support pipeline. Clinical pharmacy can benefit from this type
of methodology when drug classification is linked to diagnos-
tic evidence, disease stage, or patient monitoring outputs. For
example, if a medication category is selected according to dis-
ease severity or clinical phenotype, then automated diagnostic
classification may become part of the broader drug-decision
pathway. This reference therefore contributes to the table
by showing how classification systems can combine deep
representations with optimized learning to support healthcare
decisions that may later influence pharmaceutical care.

The sensor-based disease-prognosis methodology introduces
the role of continuous monitoring data in healthcare classi-
fication. In modern clinical pharmacy, medication-related
decisions are increasingly influenced by real-time or near-
real-time patient information, including physiological signals,
disease progression indicators, and remote monitoring data.
The use of sensor data with hybrid deep learning and resource
allocation demonstrates how healthcare systems can classify
or predict patient conditions under connected monitoring en-
vironments. This is relevant to drug classification because the
same drug may have different clinical relevance depending on
a patient’s current physiological status, risk level, or disease
trajectory. Therefore, this methodology supports a dynamic
understanding of classification in which drug-related deci-
sions can be informed by continuously updated patient data
rather than static records alone.

The multi-modal disease classification methodology con-
tributes another distinct perspective by emphasizing the in-
tegration of heterogeneous data representations. Clinical
pharmacy data are often multi-modal because they may in-
clude structured clinical variables, medication histories, labo-
ratory results, imaging outputs, genetic information, patient-
reported outcomes, and service-use records. A classification
model based on only one data source may fail to capture
the full clinical context needed for reliable pharmaceutical
interpretation. Multi-modal frameworks address this limita-
tion by combining complementary representations that can
strengthen model performance and contextual understanding.
This methodological principle is directly useful for drug clas-
sification because drug categories, therapeutic suitability, and
patient response patterns may depend on multiple forms of
evidence rather than one isolated variable group.

The genetic-data diagnosis methodology highlights the im-
portance of biologically informed classification. Genetic
information can reveal patient-level differences that influence
disease susceptibility, treatment response, and medication
sensitivity. In clinical pharmacy, this is closely related to
pharmacogenomics and personalized therapy, where classifi-
cation may involve identifying which patients are more likely
to benefit from a drug, experience toxicity, or require dose
adjustment. A combination of seagull-optimization feature
selection and random forest classification illustrates how in-
formative gene-expression subsets can support breast cancer
classification. For drug classification, this methodological
direction is significant because it moves the discussion toward
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patient-specific biological evidence, allowing classification
systems to become more precise and clinically meaningful.

The queueing-inventory healthcare methodology provides a
service-system perspective that is different from direct patient
or drug prediction. Healthcare delivery depends on the in-
teraction between patient flow, resource availability, medical
materials, and operational timing. In pharmacy practice, sim-
ilar relationships exist between prescription demand, stock
availability, dispensing workload, waste control, and service
continuity. A data-driven queueing-inventory framework is
therefore relevant because it shows how healthcare systems
can be modeled as dynamic operational environments rather
than isolated clinical datasets. This perspective supports drug
classification by linking medication categories to operational
behavior, such as demand intensity, storage requirements,
usage frequency, and waste sensitivity. It also helps clarify
that intelligent pharmacy systems must consider both clinical
meaning and logistical feasibility.

The fuzzy medical differentiation methodology contributes
an uncertainty-handling perspective. Clinical and pharmaceu-
tical data are often ambiguous because symptoms, treatment
responses, medication risks, and patient conditions may not
always fit sharply defined categories. Fuzzy learning is useful
in this context because it allows classification boundaries to
be represented more flexibly. This is particularly important
when drug classification depends on partially overlapping
therapeutic roles, uncertain clinical indicators, or patient pre-
sentations that do not belong clearly to one category. By
combining evolutionary learning with fuzzy reasoning, this
methodological direction shows how intelligent systems can
support classification under uncertainty while preserving a de-
gree of interpretability. In clinical pharmacy, this is valuable
because pharmacists often work with incomplete, evolving,
or probabilistic evidence when evaluating medication-related
decisions.

The pharmaceutical cold-chain logistics methodology intro-
duces a specialized operational requirement that is directly
connected to drug management. Some medications require
strict temperature control, careful routing, and environmen-
tally sensitive storage conditions. Inventory-routing opti-
mization for cold-chain logistics is therefore relevant to drug
classification because certain drug categories may be distin-
guished not only by therapeutic purpose but also by handling
requirements, storage constraints, distribution sensitivity, and
environmental impact. This perspective expands the meaning
of classification by showing that pharmaceutical intelligence
must account for how drugs behave within supply systems.
For clinical pharmacy, this is especially important because
classification that ignores logistical conditions may fail to
support safe and reliable medication access.

The adaptive production-control methodology provides an
optimization-based view of how operational systems can re-
spond to changing demand. Although adaptive Kanban sys-
tems are often discussed in production environments, the
methodological principle can inform pharmacy workflow
and inventory management. Pharmacies must frequently re-
spond to fluctuations in medication demand, prescription
volume, dispensing pressure, and stock movement. Particle
swarm optimization-based adaptive control demonstrates how
system parameters can be tuned to improve responsiveness

and reduce inefficiency. This methodological perspective is
relevant to drug classification because medications can be
grouped or prioritized according to demand behavior, replen-
ishment needs, shortage risk, or service impact. It there-
fore contributes a process-optimization layer to the overall
methodology matrix.

The patient quality-of-life prediction methodology adds a
patient-centered evaluation dimension. Clinical pharmacy
should not evaluate medication-related decisions only through
technical or operational criteria; it should also consider how
treatment and care affect patient well-being. Machine learn-
ing models that predict quality-of-life measures provide an
example of how patient-reported outcomes can be incorpo-
rated into healthcare analytics. This perspective is important
for drug classification because medications may be classified
not only by pharmacological action but also by their rela-
tionship to patient experience, symptom burden, treatment
satisfaction, and long-term care outcomes. Including this
reference helps ensure that the methodology matrix does not
treat drug classification as a purely technical problem, but
rather as part of a broader patient-centered care framework.

Overall, the methodology references in Table 1 show that
drug classification in clinical pharmacy requires a multidi-
mensional methodological foundation. Some studies con-
tribute optimization principles, others contribute machine
learning pipelines, while others provide evidence from health-
care operations, diagnostic modeling, sensor-based monitor-
ing, biological data analysis, fuzzy reasoning, or pharma-
ceutical logistics. This combination is useful because drug
classification is influenced by molecular characteristics, clini-
cal conditions, patient-specific evidence, healthcare access,
supply-chain reliability, and service-delivery constraints. The
value of the methodology matrix is therefore not limited to
listing previous studies; it organizes them according to the
distinct methodological roles they can play in building more
reliable, interpretable, and clinically relevant drug classifica-
tion systems. By connecting computational intelligence with
pharmaceutical practice, the reviewed methodologies provide
a foundation for developing classification frameworks that
can support safer medication management, improved decision
support, and more adaptive clinical pharmacy services.

2.1 Clinical Foundations of Drug Classification

Drug classification in clinical pharmacy is not limited to ar-
ranging medications under broad therapeutic labels; rather, it
represents a structured clinical process through which drug
information is organized according to pharmacological ac-
tion, therapeutic purpose, safety profile, patient suitability,
administration route, monitoring requirements, and expected
clinical role. This classification process is essential because
pharmacists rely on drug categories to interpret medication
appropriateness, compare therapeutic alternatives, identify
potential risks, and support evidence-based recommendations.
In practice, the same medication may be viewed through
several classification lenses depending on the clinical ques-
tion being addressed. A drug may belong to one category
when considered according to its mechanism of action, an-
other category when evaluated according to its indication,
and a different practical group when assessed according to
monitoring burden, adverse-effect potential, or interaction
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sensitivity. This multidimensional nature makes drug classifi-
cation a complex task that requires more than static grouping.
Figure 2 presents a comprehensive conceptual illustration of
drug classification in clinical pharmacy. The figure shows that
drug classification is not restricted to a single therapeutic la-
bel, but rather represents a multidimensional clinical process
that connects therapeutic purpose, pharmacological mech-
anism, chemical structure, route of administration, safety
profile, and patient-centered factors. This structure is impor-
tant in clinical pharmacy because pharmacists do not evaluate
medications only according to their general category; instead,
they interpret each medication according to its clinical in-
dication, mechanism of action, formulation, possible risks,
monitoring requirements, and suitability for individual patient
conditions. Therefore, the classification framework shown
in Figure 2 supports rational drug selection, improves medi-
cation review, strengthens patient-specific therapy planning,
and assists healthcare professionals in organizing drug-related
information in a clinically meaningful manner.

The central component of Figure 2 represents drug classifi-
cation as the main organizing concept in clinical pharmacy,
while the surrounding categories explain the major criteria
used to interpret medication use in practice. Therapeutic
classification groups drugs according to their clinical indi-
cation, such as antibiotics, antihypertensives, antidiabetics,
and analgesics. Pharmacological classification focuses on the
mechanism of action, allowing healthcare professionals to un-
derstand how a drug produces its therapeutic effect. Chemical
classification organizes drugs according to structural similar-
ity, which can be useful when comparing related compounds
or anticipating class-related properties. Route-based classifi-
cation highlights how administration method influences onset,
absorption, patient adherence, and clinical suitability. Safety
and risk classification emphasizes contraindications, adverse
effects, drug—drug interactions, and monitoring requirements,
which are essential for preventing medication-related harm.
Finally, patient-centered factors show that drug classification
must be interpreted according to age, comorbidities, renal or
hepatic impairment, pregnancy status, and dose-adjustment
needs. Together, these dimensions demonstrate that clinical
pharmacy classification is a practical decision-support pro-
cess that connects drug knowledge with individualized patient
care.

In clinical pharmacy, accurate classification supports safer
and more consistent decision-making because it helps orga-
nize large volumes of medication-related knowledge into in-
terpretable structures. When drug classes are clearly defined,
pharmacists can more effectively recognize therapeutic dupli-
cation, evaluate substitution possibilities, identify contraindi-
cated combinations, and determine whether a treatment aligns
with patient-specific needs. This role becomes particularly
important in patients with chronic diseases, polypharmacy,
renal or hepatic impairment, advanced age, pregnancy-related
considerations, or complex treatment histories. In these cases,
drug classification can guide medication review by allowing
clinicians to understand not only what a drug is, but also
how it behaves within the patient’s broader therapeutic plan.
Therefore, classification functions as a bridge between phar-
macological knowledge and practical clinical judgment.

A clinically meaningful classification framework should also

account for the difference between general drug identity and
contextual drug use. General identity refers to the stable
properties of a drug, such as its therapeutic class or pharma-
codynamic target. Contextual use refers to how the same
drug is applied in a specific patient, condition, dose, route, or
care setting. This distinction is important because pharmacy
decisions often depend on contextual interpretation rather
than general classification alone. For example, two drugs
may appear similar within a broad category, yet differ sub-
stantially in monitoring needs, adverse-event risk, interaction
profile, or suitability for specific patient groups. As a result,
advanced drug classification should support both standardized
organization and flexible clinical interpretation.

2.2 Data Organization for Pharmacy-Oriented Classification

The development of drug classification models depends heav-
ily on the quality and organization of the data used to repre-
sent medications, patients, and clinical contexts. Pharmacy-
related data may originate from prescription records, elec-
tronic health systems, laboratory results, adverse-event re-
ports, drug formularies, molecular descriptors, treatment out-
comes, dispensing logs, and patient-monitoring platforms.
These sources often differ in structure, completeness, termi-
nology, and clinical meaning, which makes data organiza-
tion a critical stage before any classification approach can
be applied. Poorly structured data can lead to misleading
classification outputs, even when advanced computational
methods are used. Therefore, pharmacy-oriented classifica-
tion requires careful preparation of input variables so that the
model reflects clinically meaningful relationships rather than
accidental patterns.

A major challenge in this stage is the transformation of
raw pharmacy data into usable classification features. Drug
names, dosage forms, strengths, frequencies, therapeutic indi-
cations, contraindications, adverse events, and patient char-
acteristics must be standardized to reduce ambiguity. Med-
ication records may include brand names, generic names,
abbreviations, spelling variations, and incomplete documen-
tation, all of which can affect classification consistency. Sim-
ilarly, patient-related variables may contain missing values,
measurement differences, or time-dependent changes that
influence how a drug should be interpreted. For this reason,
data organization should not be treated as a purely techni-
cal preprocessing step. It is a clinical knowledge-structuring
process that determines whether the classification model can
represent the real meaning of medication use in practice.

Effective pharmacy data organization should also preserve
the relationship between drug information and patient context.
A classification system that only uses drug-level variables
may be useful for general grouping, but it may be insufficient
for clinical decision support when patient-specific interpre-
tation is required. Conversely, a model that includes patient
variables without clear medication descriptors may fail to
capture the pharmacological basis of classification. A bal-
anced framework should therefore connect drug attributes
with patient characteristics, clinical conditions, monitoring
indicators, and treatment outcomes. This integration allows
classification outputs to become more relevant to clinical
pharmacy because they reflect both the medication itself and
the environment in which it is used. As a result, organized
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Drug classification is multidimensional and supports rational drug selection,
personalized therapy, and optimized patient outcomes in clinical practice.

Figure 2. Conceptual framework of drug classification in clinical pharmacy. The figure illustrates the major dimensions used to classify
medications, including therapeutic class, pharmacological mechanism of action, chemical class, route of administration, safety and risk

category, and patient-centered clinical-use factors.

data become the foundation for reliable, interpretable, and
clinically applicable classification.

2.3 Translation of Classification Outputs into Clinical Phar-
macy Practice

The practical value of drug classification depends on whether
classification outputs can be translated into useful pharmacy
decisions. A model may generate technically accurate cate-
gories, but its clinical usefulness remains limited if pharma-
cists cannot interpret the output, connect it to patient care,
or apply it within medication-management workflows. In
clinical pharmacy, classification results should support ac-
tions such as medication review, therapeutic comparison, risk
identification, dosage evaluation, monitoring prioritization,
formulary management, and patient counseling. Therefore,
the success of a classification framework should not be judged
only by computational performance; it should also be evalu-
ated according to its ability to assist professional reasoning
and improve the clarity of medication-related decisions.

For classification outputs to be useful in practice, they must
be presented in a way that aligns with clinical workflow.
Pharmacists require information that is concise, interpretable,
and connected to the reason for classification. If a system
classifies a medication as high risk, interaction-sensitive,
monitoring-intensive, or therapeutically suitable, it should

provide enough supporting information to explain why that
classification is relevant. This is especially important in
patient-facing and multidisciplinary settings, where pharma-
cists may need to communicate recommendations to physi-
cians, nurses, caregivers, or patients. A classification output
that cannot be explained may create uncertainty, reduce trust,
and limit adoption. Therefore, interpretability should be
considered a practical requirement rather than an optional
feature.

Drug classification systems should also be designed to com-
plement clinical expertise rather than replace it. Pharmacy
practice involves judgment, patient communication, ethical
responsibility, and case-specific reasoning that cannot be fully
captured by automated classification alone. Intelligent classi-
fication can strengthen this process by organizing evidence,
highlighting relevant risks, and reducing cognitive burden, but
final interpretation should remain connected to professional
assessment. This human-centered role is particularly impor-
tant when medication decisions involve vulnerable patients,
uncertain evidence, conflicting guidelines, or individualized
therapeutic goals. In this sense, drug classification becomes
most valuable when it functions as a decision-support layer
that improves the pharmacist’s ability to evaluate medication
use safely, efficiently, and transparently.
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3. DISCUSSION

The reviewed body of work indicates that drug classification
in clinical pharmacy should be interpreted as a knowledge-
organization and decision-support problem rather than as a
narrow computational task that assigns medications to pre-
defined labels. In practical pharmacy environments, classi-
fication gains value when it helps structure the relationship
between drug properties, patient characteristics, therapeu-
tic goals, safety requirements, and service constraints. This
means that an effective classification framework should not
only identify the category to which a drug belongs, but should
also clarify why that category is clinically relevant, how it
may affect medication review, and how it can support safer
decision-making. Such an interpretation is especially im-
portant because clinical pharmacy operates at the intersec-
tion of pharmacological evidence, patient-centered care, and
healthcare-system limitations. Therefore, the significance of
drug classification lies in its ability to convert fragmented
pharmaceutical and clinical information into a form that can
be understood, evaluated, and applied by healthcare profes-
sionals. Figure 3 presents a structured workflow for artificial
intelligence-assisted medication safety and drug—drug inter-
action monitoring in clinical pharmacy. The figure explains
how clinical pharmacy can benefit from a connected and intel-
ligent monitoring framework that begins with patient-related
and medication-related clinical inputs, proceeds through an
artificial intelligence analysis engine, and finally generates
clinically actionable outputs that support safer pharmaceutical
care. This type of framework is important because medica-
tion safety in clinical pharmacy depends on the pharmacist’s
ability to integrate multiple sources of patient information,
identify possible therapy-related risks, and intervene before
medication-related harm occurs. Accordingly, the workflow
shown in Figure 3 illustrates a practical model through which
artificial intelligence can support the early recognition of
interaction risks, contraindications, dose-adjustment needs,
adverse-event probability, and monitoring priorities.

The left side of Figure 3 represents the clinical input layer,
which forms the foundation of the entire medication-safety
workflow. This layer includes patient demographics, current
medications, allergy history, laboratory results, comorbidities,
and renal or hepatic function. These variables are essential
because medication safety cannot be evaluated in isolation
from patient context. A drug that is appropriate for one pa-
tient may become unsafe for another because of age, organ
impairment, allergic predisposition, concurrent therapy, or
disease-related complexity. Therefore, the figure emphasizes
that safe medication assessment begins with the collection
of comprehensive and clinically meaningful input data. In
clinical pharmacy practice, this input layer reflects the rou-
tine information that pharmacists review during medication
reconciliation, treatment validation, and pharmacotherapy
assessment.

The middle section of Figure 3 illustrates the artificial intel-
ligence analysis engine, which functions as the core compu-
tational component of the workflow. This analytical layer
is divided into several interrelated tasks, including data inte-
gration, risk scoring, interaction screening, dose assessment,
and anomaly detection. Data integration is important because
medication safety evaluation often requires combining het-

erogeneous clinical information from different sources into a
unified analytical structure. Risk scoring helps estimate the
overall likelihood of medication-related harm by synthesizing
relevant patient and treatment variables. Interaction screening
focuses on identifying potential drug—drug or drug—disease
interactions that may not be immediately obvious during man-
ual review. Dose assessment evaluates whether the prescribed
dosage is appropriate in light of patient-specific character-
istics, while anomaly detection supports the identification
of unusual or high-risk patterns that may require additional
attention. Together, these analytical stages demonstrate that
artificial intelligence can support clinical pharmacy not only
by automating detection tasks, but also by organizing complex
medication-safety evidence into a coherent decision-support
process.

The right side of Figure 3 presents the clinical output layer,
which translates computational analysis into actionable phar-
macy recommendations. These outputs include drug—drug
interaction alerts, contraindication warnings, dose-adjustment
recommendations, adverse-event risk identification, monitor-
ing priorities, and pharmacist intervention. This part of the
figure is particularly important because it shows that the fi-
nal purpose of intelligent medication-safety systems is not
merely to classify risk, but to support practical clinical action.
Interaction alerts can prompt pharmacists to review combi-
nations that may cause harm, contraindication signals can
identify situations in which a drug should be avoided, and
dose-adjustment recommendations can improve the safety of
prescribing in vulnerable patients. Adverse-event risk outputs
can help prioritize surveillance, while monitoring recommen-
dations can guide follow-up assessments. The inclusion of
pharmacist intervention as a final output reinforces the fact
that artificial intelligence serves as a support tool rather than
a replacement for professional judgment.

The lower part of Figure 3 summarizes the broader clini-
cal impact of the workflow by linking the analysis process
with safer prescribing, reduced medication errors, person-
alized therapy, and better patient outcomes. This section
highlights the practical value of integrating artificial intelli-
gence into medication-safety monitoring. Safer prescribing
results from the early identification of clinically relevant risks
before the medication reaches the patient in an unsafe form.
Reduced medication errors emerge when automated screen-
ing complements manual review and helps identify omis-
sions, inappropriate combinations, or dosage inconsistencies.
Personalized therapy is strengthened because medication de-
cisions are adjusted according to individual patient factors
rather than relying only on generalized treatment assumptions.
Better patient outcomes represent the broader consequence
of these improvements, as safer and more individualized
pharmacotherapy can reduce preventable harm and improve
treatment quality.

Overall, Figure 3 presents medication safety in clinical phar-
macy as a layered and intelligent process in which patient
information, medication data, and computational analytics
are connected within a single decision-support workflow. The
figure clarifies that artificial intelligence can enhance medi-
cation review by structuring risk assessment, improving the
consistency of screening procedures, and supporting targeted
pharmacist intervention. At the same time, it preserves the
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Figure 3. Artificial intelligence-assisted medication safety and drug—drug interaction monitoring workflow in clinical pharmacy. The figure
shows how clinical inputs are processed through an artificial intelligence analysis engine to generate clinical outputs such as interaction
alerts, contraindication detection, dose-adjustment recommendations, adverse-event risk assessment, monitoring priorities, and pharmacist
intervention, ultimately improving medication safety and patient outcomes.

central role of the pharmacist by positioning the clinician as
the final interpreter of alerts, recommendations, and safety
signals. In this way, the workflow demonstrates how artifi-
cial intelligence-assisted medication-safety monitoring can
strengthen pharmaceutical care through a balanced combina-
tion of data-driven analysis and clinical expertise.

The methodology matrix presented in Table 1 shows that
drug classification is supported by several methodological
directions, each contributing a different analytical function.
Optimization-based methods contribute adaptive search and
configuration capabilities, while machine learning models
provide predictive and classification mechanisms for struc-
tured healthcare data. Deep learning approaches extend this
capacity when complex patterns must be extracted from high-
dimensional or multimodal information. Fuzzy learning in-
troduces flexibility when clinical boundaries are uncertain,
and operational models connect pharmaceutical classification
with inventory, logistics, access, and service-delivery deci-
sions. The importance of this methodological diversity is
that no single computational approach is sufficient for rep-
resenting the full complexity of clinical pharmacy. Instead,
classification systems become more meaningful when they
are designed as integrated frameworks that can handle clinical
evidence, patient variability, drug-related characteristics, and

pharmacy-service requirements together.

A major implication emerging from this review is that the
clinical usefulness of drug classification depends strongly on
how well the model output can be interpreted within phar-
macy workflows. In many artificial intelligence applications,
classification performance is commonly assessed using nu-
merical indicators, but clinical pharmacy requires an addi-
tional layer of interpretability. A classification result should
be explainable in terms of medication risk, therapeutic rel-
evance, patient suitability, monitoring need, or operational
priority. Without this interpretive layer, even a highly accu-
rate model may remain difficult to adopt because pharmacists
and clinicians need to understand the reasoning behind the
classification before using it in medication-related decisions.
This requirement is particularly important in cases involv-
ing polypharmacy, chronic disease management, high-alert
medications, renal or hepatic impairment, and patients with
complex treatment histories. In these situations, drug classifi-
cation must support professional judgment rather than replace
it.

The discussion also highlights the importance of data mean-
ing in pharmacy-oriented classification. Clinical pharmacy
data are not simply numerical inputs; they represent medica-
tion histories, patient conditions, care processes, therapeutic
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decisions, and safety observations. If these data are poorly
structured, incomplete, inconsistently coded, or disconnected
from clinical context, the resulting classification may become
unreliable even when advanced algorithms are applied. For
this reason, data preparation in drug classification should
be treated as a clinical modeling stage rather than a routine
preprocessing step. Variables must be selected and orga-
nized in a way that preserves their pharmaceutical meaning.
Drug names, dosage forms, routes of administration, con-
traindications, interaction indicators, laboratory findings, and
patient-specific characteristics should be harmonized so that
the model can reflect meaningful relationships rather than
superficial statistical associations.

Another important consideration is that drug classification
systems should be evaluated according to their ability to gen-
eralize across different pharmacy settings. A model trained on
a specific dataset may perform well within that environment
but may not maintain the same reliability when applied to
another hospital, population, formulary, prescribing culture,
or medication-management system. This issue is critical be-
cause clinical pharmacy practice varies across institutions and
healthcare systems. Differences in documentation standards,
available medications, patient demographics, disease preva-
lence, and prescribing protocols can influence classification
performance. Therefore, future classification frameworks
should be tested under conditions that reflect practical vari-
ability. External validation, multicenter data, temporal testing,
and sensitivity analysis can help determine whether the model
is robust enough for real-world pharmacy use.

The role of feature selection deserves particular attention
because it connects computational efficiency with clinical
clarity. In drug classification, a large number of variables
may be available, but not all variables contribute meaningful
information. Including excessive or irrelevant features can
increase model complexity and reduce transparency. More
importantly, it can make the classification output harder to
interpret by healthcare professionals. A carefully designed
feature-selection strategy can help identify the variables that
carry the strongest clinical or pharmaceutical relevance. This
can improve the model not only by reducing unnecessary
dimensionality, but also by making the classification process
more understandable. In clinical pharmacy, this is essential
because selected features should be defensible from both
computational and professional perspectives.

The reviewed methodologies also suggest that drug classifi-
cation can benefit from being connected to patient-centered
outcomes. A medication category may be clinically meaning-
ful only when it is interpreted in relation to patient response,
quality of life, treatment burden, adherence, adverse-event
risk, and monitoring requirements. This perspective expands
classification beyond the drug itself and places it within the
broader patient-care pathway. For example, a medication
may belong to the same therapeutic class as another drug but
differ in its suitability for a specific patient because of tol-
erability, comorbidity profile, administration complexity, or
expected benefit. A patient-centered classification framework
can therefore support more individualized pharmaceutical
care by linking drug categories with the real conditions under
which medications are used.

Operational pharmacy considerations further broaden the

meaning of classification. In clinical practice, medications
are not only prescribed and evaluated; they are also procured,
stored, dispensed, monitored, and replenished. Some drugs
require cold-chain handling, others demand strict monitor-
ing, and some may be associated with shortage risks or high
operational sensitivity. Classification systems that ignore
these practical dimensions may provide incomplete support
for pharmacy management. By incorporating operational
variables, intelligent classification can help distinguish drugs
according to handling requirements, supply vulnerability, ser-
vice demand, and resource implications. This is important
because medication safety depends not only on correct ther-
apeutic selection, but also on the reliable availability and
proper management of pharmaceutical products.

The integration of drug classification with decision-support
systems must also consider the human role in clinical phar-
macy. Artificial intelligence can organize evidence, detect
patterns, and reduce cognitive burden, but medication-related
decisions require professional accountability. Pharmacists
must interpret classification outputs in light of patient his-
tory, clinical judgment, ethical considerations, and interdis-
ciplinary communication. Therefore, the most appropriate
role of intelligent classification is assistive rather than au-
tonomous. The model should provide structured information
that strengthens the pharmacist’s ability to evaluate medica-
tion use, but the final decision should remain connected to
clinical expertise. This human-centered approach can im-
prove trust and reduce the risk of overreliance on automated
predictions.

From a research perspective, the field would benefit from
classification frameworks that are more transparent, clini-
cally grounded, and implementation-aware. Future models
should be designed with attention to data provenance, variable
meaning, workflow compatibility, validation diversity, and
interpretability. In addition, the connection between model
development and pharmacy practice should be strengthened
by involving clinical experts during problem formulation,
feature definition, evaluation design, and output interpreta-
tion. This collaboration can help ensure that classification
systems address real medication-management needs rather
than abstract computational objectives. As drug classifica-
tion becomes increasingly influenced by artificial intelligence,
its success will depend on the ability to balance predictive
capability with clinical usability, safety awareness, and pro-
fessional relevance.

4. CONCLUSION

This review examined drug classification in clinical phar-
macy as a multidimensional area that connects artificial intel-
ligence, machine learning, deep learning, feature selection,
optimization, healthcare analytics, and pharmaceutical deci-
sion support. The discussion shows that drug classification
should not be viewed as a simple labeling process. Instead, it
should be understood as a structured approach for organizing
medication-related knowledge and supporting clinical inter-
pretation. A useful classification framework must be able to
connect drug characteristics with patient conditions, therapeu-
tic objectives, safety considerations, and pharmacy-service
requirements.

The reviewed literature and methodology matrix indicate
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that different computational approaches contribute distinct
strengths to pharmacy-oriented classification. Some methods
improve prediction, others support dimensionality reduction,
while additional approaches address uncertainty, personaliza-
tion, monitoring, logistics, and healthcare-service manage-
ment. This diversity confirms that drug classification cannot
rely on a single technical pathway. It requires an integrated
framework capable of reflecting the complexity of real clini-
cal pharmacy practice. Such a framework should be accurate,
interpretable, adaptable, and aligned with the professional
responsibilities of pharmacists.

A central conclusion of this review is that the value of intelli-
gent drug classification depends on clinical usability. Mod-
els must provide outputs that pharmacists can understand
and apply within medication review, risk assessment, treat-
ment planning and patient counseling workflows. Classifica-
tion systems that produce accurate but unexplained outputs
may have limited practical value. Therefore, future research
should prioritize transparent model behavior, clinically mean-
ingful feature selection, careful data organization, and vali-
dation across diverse healthcare settings. These elements are
necessary for moving drug classification from experimental
modeling toward reliable clinical implementation.

Overall, artificial intelligence-based drug classification has
strong potential to improve pharmaceutical care by supporting
safer medication management, clearer therapeutic interpreta-
tion, and more evidence-based decision-making. However,
this potential can only be realized when computational de-
velopment is guided by clinical relevance, ethical responsi-
bility, and practical workflow integration. The future of drug
classification in clinical pharmacy should therefore focus
on building decision-support systems that strengthen pro-
fessional judgment, improve medication safety, and support
patient-centered care without replacing the essential role of
pharmacists in clinical decision-making.
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