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Abstract—Complementary and alternative medicine are com-
monly used concomitantly with conventional medications leading
to adverse drug reactions and even fatality in some cases. Fur-
thermore, the vast possibility of herb-drug interactions prevents
health professionals from remembering or manually searching
them in a database. Decision support systems are a powerful
tool that can be used to assist clinicians in making diagnostic and
therapeutic decisions in patient care. Therefore, an original and
hybrid decision support system was designed to identify herb-
drug interactions, applying artificial intelligence techniques to
identify new possible interactions. Different machine learning
models will be used to strengthen the typical rules engine used
in these cases. Thus, using the proposed system, the pharmacy
community, people’s first line of contact within the Healthcare
System, will be able to make better and more accurate thera-
peutic decisions and mitigate possible adverse events.

Index Terms—Herb-drug interactions, artificial intelligence,
rule-based systems, knowledge bases, machine learning, health-
care

I. INTRODUCTION

Polypharmacy is an indisputable reality of the XXI century.
In addition to the medications that doctors prescribe, patients
can add a variety of over-the-counter herbs, supplements or
even food which have a high potential to interact [If]. In
addition, over the last few years, the usage of Complementary
and Alternative Medicine (CAM), such as herbs and dietary
supplements, has increased considerably [2]. These products,
unlike conventional drugs, embrace several bioactive entities
that may hold therapeutic activity. CAM is very popular in
several cultures and regions, and it is known by traditional or
folk medicine, such as traditional Chinese, Tibetan, Japanese
kampo, Indian ayurvedic and Yunani medicine [2], [3].

Despite the benefits that CAM can bring at the therapeutic
level, there are several reports in the literature of adverse
events as a consequence of an Herb-Drug interaction (HDI) or
a Supplement-Drug Interaction (SDI) [3|]. However, contrary
to what happens with Drug-Drug Interactions (DDI) which is a
challenge widely studied in clinical pharmacy, HDIs and SDIs
are not a major concern in the pharmaceutical community [4]],
[5]. Therefore, it becomes imperative to alert consumers,
clinicians, pharmaceutical industries and health authorities,
about the dangers of combining CAM with conventional drugs,
as is already happening with drug combinations [[1]]-[3]].
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In medicine and healthcare, many computer systems have
been developed to automatically assist clinicians and patients,
such as medical experts systems [[6]. An expert system (Fig.[I)),
a sub-domain of Artificial Intelligence (AI), aggregates the
knowledge provided by an expert into a knowledge base and
encodes it as a set of if-then rules, with an inference or
rule engine, to emulate human thought processes so that the
program operates at or near the level of human experts [7].
The rule engine includes an explanation module that can show
users how the system reached its conclusion. The user interface
allows the user to get an answer to his question or problem
in an intuitive and simplistic way. In particular, to deal with
the mass of knowledge about DDIs, some works have applied
this knowledge-based approach. For instance, an ancient study
implemented an expert system to aid decision making in
combination with drug therapy [§]], and another investigation
resulted in a micro-computer based expert system on drug
interactions [9]]. However, to the best of our knowledge, no
other work has yet applied expert systems to the domain of
HDIs [8]], [9]l.

Furthermore, recent studies have been applying other meth-
ods of AI to deal with DDIs, such as autoencoders and
weighted Support Vector Machine (SVM) [10], Recurrent
Neural Network (RNN) [11f], among others. This range of
investigations has the potential to improve the performance
of an expert system. For example, some works suggest that,
healthcare professionals have the ability to pay more attention
to alerts that are most clinically significant if the volume
of unnecessary DDI alerts is reduced [12]. AI can help
with this topic by selecting the “right” alerts to display and
reducing the number of alerts healthcare workers are exposed
to. Consequently, early investigations have been carried out
to establish a list of high-priority DDIs for alerting purposes
resorting to semi-supervised learning algorithms [10]. This
volume reduction would help to handle overwhelming amounts
of data in the construction of the knowledge base of expert
systems.

Based on previous studies and resources, ForPharmacy
project [13] intends to research and develop telepharmacy
solutions with particular attention to those in direct connection
to pharmacovigilance and HDIs using pharmacies near patients
to early detect and advise on distinct health-related risk factors.
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Fig. 1. Basic structure of an expert system.

In particular, reliable tools that keep healthcare professionals
up-to-date on potential HDIs are imperative. Therefore, in
the context of the project, this article aims to present the
conceptualization and contextualization of a Decision Support
System (DSS) that will act as a critical tool to help local
pharmacists to transform large amounts of clinical data into
actionable knowledge to raise awareness about HDIs.

This work is organized into multiple sections that can be
described as follows. Section II provides an overview on
current state of the art of the HDIs domain and intelligent
features that have emerged to address this problem. Section III
describes the proposed system. Finally, Section IV provides a
summary of the main conclusions of this work and appoints
future research lines.

II. ARTIFICIAL INTELLIGENCE IN CAM

The worldwide popularity of herbal products have been
incorporated into society healthcare supported by the per-
ception that “natural” ensures safety [14]], [[15]]. Furthermore,
concomitant intake of herbal medicines and prescription drugs
is a fairly common practice, particularly in patients with hy-
pertension, diabetes, cancer, seizures, and depression [16]]. As
a consequence, the risk of HDI is increasingly recognized as a
public health problem [16]]. This problem can be accompanied
by Adverse Drug Reactions (ADRs) that can lead to prolonged
hospitalization and fatality in some cases [16], [17].

There are several reasons of herb-drug interactions. Fig. [2]
tries to summarize the main reasons for these interactions [18]],
[19]. Roughly speaking, HDIs can be characterized as Phar-
macodynamic (PD) or Pharmacokinetic (PK), considering the
mechanistic pathways through which the HDIs occur, resulting
in null, beneficial or toxic responses. PD interactions can occur
when the constituents of herbal products have synergistic or
antagonistic activity respecting to the conventional drug. PK
interactions result from changes in the absorption, distribution,
metabolism or elimination of the conventional drug by the
herbal product or other dietary supplements. Drugs with a
narrow therapeutic index are, especially, a major security con-
cern relative to potential HDIs. Warfarin, the most commonly
used anticoagulant, has a narrow therapeutic index and a lot of
medicinal herbs and food interactions [20]. In the investigation
carried out by C. Awortwe et al. [16], it was concluded

that, in most cases, patients using warfarin and/or statins
(atorvastatin, simva statin and rosuvastatin) for the treatment
of cardiovascular complications described interactions after
the combination with herbal products such as sage, flaxseed,
SJW, cranberry, goji juice, green tea and chamomile. Poten-
tial interaction of warfarin and active constituents of herbal
products led to ADRs including ecchymosis, epistaxis, haema-
turia, hemiplegia and elevated INR [[16]. However, despite the
negative consequences that various HDIs can bring, others
have a beneficial effect on therapy when properly prescribed
to the patient [2]]. Fig. [3] presents these main mechanisms of
HDIs [19], [21].

In the late 1990s, after realizing the clinical importance
of HDIs, the scientific community and companies began to
develop databases of different HDIs using Information Tech-
nology (IT). For instance, UW Drug Interaction Database
(DIDB) [22]] is a commercially available HDI Database
founded by Dr. René Levy at the University of Washington
in the late 1990s. Although it was created several years ago,
it is updated daily and manually validated by experts. In june
2021, DIDB contained a total of 2,539 natural products (herbal
medications and food products), with 15,864 drug interaction
experiments/studies [[14].

In the last decade, Al technologies, especially Natural Lan-
guage Processing (NLP), have been applied in building HDI
databases. This computational technique is used to analyze and
represent naturally occurring texts with the goal of achieving
human-like language processing for several applications [23].
Thus, NLP is particularly relevant on this topic as it contributes
to understand and organize large amounts of biomedical text
data [24], [25]. To date, the most representative example of
the application of AI for an HDI database is SUPP.AI [14],
developed by L. Wang ef al., in 2019 [26]. This database
provides evidence of SDIs by automatically extracting sup-
plement information and recognize such interaction from the
scientific literature. The authors applied the RoBERTa lan-
guage model [27], an iteration of BERT [28]], using labeled
data for DDI classification. The aforementioned model, on the
SDI test set, reached 82% precision, 58% recall and 68% F1-
score. Unlike the DIDB, that requires a manual curation effort,
SUPP.ALI is updated with no manual validation once in several
months [[14].
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Fig. 2. Main reasons of herb-drug interactions.

Moreover, an intuitive function interface is equally impor-
tant to make full advantage of the collected data. Without it
the end user will not be able to use the information gathered.
Thus, databases designed to support healthcare professionals
usually have the concern of developing some key interfaces
to support the user, namely keyword-based searches, provid-
ing alphabetical indexes to facilitate searches and advanced
search options in order to simplify filtration of undesirable
search results. For example, Natural Medicines Comprehensive
Database (NMCD), a collection of databases, allows users to
eliminate certain fields for a particular query [14].

Despite Al’s ability to process a large amount of data in
order to achieve greater coverage of HDI information, there are
still a number of limitations in database development. Some of
the limitations are related to improve the accuracy of methods
to perform various NLP tasks as well as some databases have
not been updated for a few years. Furthermore, due to the rule-
based and probabilistic methods used in database development,
developers of HDI databases should plan ahead to carry out
extensive method testing before implementing them [14].

Another problem is associated to the search for articles
related to HDIs. Some studies suggested that searches con-
ducted by physicians just achieve between 31-46% of relevant
articles [29]]. To overcome this disadvantage, K. Lin er al. [30]
construct an automated HDI interaction PubMed-based article
retrieval system. This system avoid completely the need for
users to write a PubMed query, accepting simple medication
and herb names as input and returning the articles that are
relevant. Evaluation was based on a randomly selected set of
herb-drug pairs from a previous review article [31f], achieving
a precision score of 93% and a sensitivity score of 92%.

In [32]], D. Trinh et al., proposed an approach for semantic
relation clustering with the aim of extracting potential HDIs
from the biomedical literature and, consequently, saving time
in such investigations. The authors used a feature reduction
method, Principal Component Analysis (PCA), to perform

sparse feature reduction and applied K-means to cluster all
the potential relations. The system reached 54.45% precision,
75.71% recall and 63% F-score.

Several developments in the HDI domain have occurred
recently, however more advanced computational methods are
needed to provide a better understanding of CAM to physi-
cians and the public in general [33]]. In that regard, some
methods based on Al that have been already proposed for
DDIs are also promising to be applied to the context of
HDIs. N. Lui et al, proposed a Machine Learning (ML)
framework with the aim of extracting useful features from the
Food and Drug Administration (FDA) adverse event reports
and, afterwards, identify potential high-priority DDIs. The
introduced approach combines Stacked Autoencoders (SAE)
and Weighted Support Vector Machine (wSVM). The exper-
imental results demonstrate the profitable performance of the
proposed algorithm to predict high-priority DDI candidates for
medication alerts as well as that features derived from adverse
events contains effective information regarding severity levels
of DDIs [10].

In [11], S. Lim et al., used a RNN to improve the per-
formance of DDI extraction in the biomedical domain. The
proposed model overcame the state-of-the-art model by 4.4%
and 2.8% in the detection and classification tasks, respectively.

Expert systems have also been applied in DDI context,
since it is crucial to deal with the large amount of knowledge
about DDIs to the individual patient. In [34], A. Mahdi et
al., introduced an expert system that draw conclusions from
more complex interactions, using cat swarm algorithm [35]]
to get accurate and fast results. This system can identify
possible interactions between drugs, drugs and disease ’s case
and between drugs and food along with alternative drug
suggestions that can be safer. However, to the best of our
knowledge, no other work has yet applied expert systems to the
domain of HDIs [8]], [9]]. There are several advantages of the
rule-based reasoning approach such as natural expression [306].
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Often humans tend to express their knowledge in if-then
rules, similar to the way knowledge is encoded into expert
systems. Another advantage is related to the fact that rules
are independent pieces of knowledge and consequently, can
be easily reviewed and verified by experts. Furthermore, the
rules are more transparent while compared with other forms
of knowledge representation, for example, those employing
neural networks [|37]].

III. FORPHARMACY APPROACH

Most CAM products do not require a prescription and can
be purchased at pharmacies or para-pharmacies. Therefore,
pharmacists are the most suitable professionals to early detect
possible HDIs, educate consumers about the use of CAM
and, consequently, decrease the risk of HDIs, promoting the
health of general population [38]. By this means, reliable tools
that keep health professionals updated and help them obtain
information quickly and usefully are required. The goal of For-
Pharmacy project is to expand access to pharmaceutical care
by providing greater patient safety and counseling. Therefore,
in the scope of the project, it is intended to develop an intelli-
gent service to provide awareness about HDIs, particularly in
relation to self-medication.

To accomplish the aforementioned, Fig. ] shows a draft of
the proposed system. Three different general phases can be
identified as follows:

« Knowledge extraction and representation: the infor-
mation about HDIs is extracted from different sources,
e.g., directly from biomedical literature or using HDIs
databases. As already mentioned in Section II this can be
a huge task taking into account that the information is not

in a standard format. Although, Al techniques, namely
NLP can be used to automate this step.

o Knowledge completion: the extracted information needs
must be standardized to be easily integrated in the expert
system.

o Knowledge exploitation: the standardized information
needs to be analysed and correlated to exploit and provide
new knowledge to the pharmaceutical system.

These three phases are crucial to ensure the efficiency of
the system. Each phase has different components and brings
different challenges to the development of the intelligent
service. In the following paragraphs, we briefly describe each
phase.

A methodology for extracting HDIs from textual data is
strongly needed since the inability of non-experts to review
the biomedical literature about potential HDIs is one of the
causes that lead to the combination of herb-based products
and prescription drugs [32]]. Therefore, knowledge extraction
and representation is the first phase and can be achieved
through different approaches. An approach involves conduct-
ing a literature review on the subject of HDIs. Subsequently, an
evidence-based approach is needed to evaluate the interactions.
This evaluation must take into account several parameters, for
a greater standardization of the data, such as reported by M.
Chavez et al. [2], and C. Awortwe et al. [[16]. On the other
hand, and considering that manually organizing information in
a database is a costly and time consuming process, text mining
tools, already applied for DDIs as mentioned in Section[[l] can
be applied to automatically extract the information. Finally,
the development of a data cloud is another approach to
organize and integrate all the information from the existing
HDI databases already mentioned in Section II. Any of these
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approaches is scalable and can be combined with other themes,
such as DDIs and SDIs.

All these sources should be consider when gathering data
for the knowledge base. Moreover, it is essential to work the
information provided by the different sources and represent it
in a unique, standard format. In this way, it becomes possible
to define standards to fill the information and, subsequently,
serve as input into the expert system. This is done in the
second phase designated by knowledge completion. Note that,
as we have multiple sources, it is also important to do a first
analysis of the information to ensure that we do not duplicate
information from different sources.

Then, all the knowledge gathered from different sources and
represented in the standard format will be used by the expert
system to exploit and provide new knowledge. This is the
“heart” of ForPharmacy DSS system, and is developed in the
final phase named by knowledge exploitation. The proposed
expert system will work in a hybrid mode, not only the typical
rule engine will be implemented, but it will be empowered by
ML models. Thus, the acquired knowledge is encoded in a set
of if-then rules in order to maintain the explainability of HDIs.
The rule engine runs an inference engine to process the rules
in the system to identify possible interactions.

To generate new rules from the knowledge base, different
ML techniques will be implemented. Thus, the rule learner
will use the best ML models to generate new rules and inserts
them into the rule system. Several ML techniques will be
studied to develop the rule learner, however one of the ML
techniques that seems to be most suitable for this case is the
Decision Tree, a supervised learning technique that is a very

simple and widely used algorithm, since it offers a very good
trade-off between performance and interpretability, favouring
the latter [39]].

As already mentioned in Section[II} it is extremely important
to ensure that the knowledge extracted is presented to the
health user in the simplest and most accessible way. Also,
in more specific industries such as healthcare, maintaining
consistency with the user interface of the already used systems
is crucial to ensure that users do not have a learning curve to
use the new system. ForPharmacy DSS system will have a
GUI that will be integrated in the pharmaceutical proprietary
platform used in most Portuguese pharmacies. The interface
design will be in accordance with the system that pharmacists
are familiar with and will allow them to select the drug and
herb names and verify if there is any interaction. If a possible
interaction is identified, the information provided includes
explanations of what may happen when two specific herbs and
drugs are used together and why this interaction may occur.

IV. CONCLUSION

ForPharmacy project aims to develop technologies that
enable pharmacies to offer a wider and more reliable range
of healthcare services. In particular, to the best of our knowl-
edge pharmacies do not own multidisciplinary tools to alert
the pharmacist about the potential risk to customers related
to HDIs. In the scope of ForPharmacy project we aim to
demonstrate for the first time, a DSS for HDIs which uses
Al techniques to identify new interactions. It will work in an
innovative hybrid mode: not only the typical rule engine will
be implemented, but it will be empowered by ML models.
Therefore, this system, which is currently under development,



will facilitate the daily life of pharmacists, helping them in
preventing possible HDIs caused by self-medication. Further-
more, it should be noted that this new system is fully scalable
to other subjects, such as DDIs and SDIs, which can greatly
improve pharmacy systems.
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