
Page | 66 
 

 

 
 
Author: Olusoji John Samuel, University of Roehampton, London, United Kingdom. 
Email : (soji.samuel@hustle.app) 

AI-Powered Decision Support Systems in Traditional Medicine 

 

Abstract 

Ayurveda is part of the traditional system of medicine, along with 
Traditional Chinese Medicine and Unani among others that continues to 
exist in the major part of the world today and serve many billions of 
people. Nevertheless, its application in contemporary clinical practice is 
a problem because of such issues as the absence of standardized 
approaches to diagnosis, the inability to determine the connections 
between symptoms and their treatment, as well as the infeasibility of 
digitalization of centuries-old knowledge. Decision Support Systems 
(DSS) based on Artificial Intelligence (AI) is an interesting way to 
overcome this scenario as it merges modern computational intelligence 
with the accrued experiences of traditional medicine. With the use of 
machine learning, natural language processing, knowledge graphs, and 
computer vision, AI-enhanced DSS can engage with large, heterogeneous 
data--including historical manuscripts and real-time patient data--to 
deliver evidence-informed diagnostic and therapeutic suggestions. [1,2] 
This paper addresses the architecture, possibilities, and practical 
utilization of the AI-powered DSS designed to be used with traditional 
medicine, their potential in terms of increasing diagnostic accuracy, 
enhancing the regularity of treatment, or supporting integrative health 
care strategy. Moreover, the paper addresses implementation issues, 
ethical implications, and the necessity of using culturally responsive AI 
frameworks to establish trust among the practitioners and acceptance of 
the patients. With the connection between long-standing knowledge and 
the capabilities of powerful computers, an AI-driven DSS would open the 
possibility of a more affordable, efficient, and universally standardized 
healthcare system. [3, 4] 
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1. Introduction 

With myriad varieties, traditional medicine (TM), including Ayurveda, Chinese Traditional Medicine (TCM), 
Unani, Kampo, and African herbal medicine, has a long history that provides holistic systems of preventing, 
diagnosing, and treating diseases. As has been outlined by the World Health Organization (WHO), 
traditional medicine still sets in motion as a primary or secondary form of healthcare provision to billions 
of people across the globe, especially across the areas where the establishment of modern healthcare is 
not held to the highest degree. Its principles of diagnosis and treatment tend to have long histories tracing 
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back to centuries of accumulated empirical information, its traditions, and a centuries-old comprehension 
of human health that focuses on the harmony between mind, body, and the surroundings. 

In spite of its popularity, TM has remained a headache in terms of integration in contemporary clinical 
systems. This is because of the absence of standard diagnostic methods, a mass of poorly understood 
interrelationship between the symptoms and therapy, the incomplete digitalization of historical data and 
unreliable quality testing of herbal and natural medicines. These act as a barrier to evidence based 
validation and international acceptance. [2, 5]  

Any form of knowledge interred in TM is mostly qualitative, context sensitive, and is stored in a variety of 
formats enveloping ancient manuscripts, notes left by practitioners, oral truth, amongst others, and hence 
cannot be easily analyzed and used systematically when combined with traditional computing 
technologies. 

The combination of Artificial Intelligence (AI) and Decision Support Systems (DSS) present an attractive 
opportunity to deal with those challenges. Using the abilities of processing complex data with traditional 
medical wisdom, AI-powered DSS has the potential to synthesize large amounts of varied and disparate 
data, identify complicated symptom and treatment patterns, and make evidence-based suggestions. 
[1,6,7] Natural language processing, knowledge graphs, machine learning, and computer vision are 
various techniques that can make these systems scale-up and digitally take TM knowledge through 
interpretation and operationalization. Utilized in the workflow of practitioners, the DSS powered by AI 
can assist with more accurate diagnosis as well as more personalized recommendations regarding 
treatment and better uniformity throughout the clinical decision-making process. [2, 4] 

Nonetheless, the use of AI in TM does not exist without obstacles. The problem of scarce data, cultural 
sensitivity, ethical issues as well as trust by the practitioners needs close attention. Additionally, the 
introduction of AI into TM must comply with the philosophical principles of the traditional practices, along 
with the increase of the practices clinical importance. This paper explores the possibility of using AI-driven 
DSS in conventional medicine, challenges of the implementation process, and a plan of creating culturally 
inclined, valid and extendible systems to enable ancient knowledge to flow through the wires and live in 
harmony with computer-intelligence. 

2. Background & Related Work 

The field of traditional medicine is broad and deals with various systems and practices of healthcare which 
have developed over the centuries of various cultures. The formulations like Ayurveda, Traditional 
Chinese Medicine (TCM), Unani, among other indigenous healing practices, are based on holistic 
philosophies placing emphasis on interdependencies of body, mind and the environment. The eponymous 
diagnostic processes in TM are exemplified by qualitative diagnostic measures, e.g. pulse-reading as in 
Ayurveda or tongue-diagnosis as in TCM, and therapies are based on natural medicine, e.g. by using herbal 
formulations, minerals and lifestyle changes. On the one hand, these methods have proved long-standing 
effectiveness in community health care, but on the other hand, they face recurring criticism on the 
grounds that they have not been proven to be standardized or evidence based in a way that is comparable 
to contemporary biomedical studies. 
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During the last 20 years, the technological progress in computer technologies promoted attempts to 
formalize and study the TM knowledge. The pioneers of computer based expert systems sought to 
recreate the rationale that was used by traditional practitioners through the encoding of the rules of 
treatment as present in the classical texts. Yet the complexity, variability and situational nature of the TM 
knowledge gave problem to these rule-based systems. The advent of machine learning (ML) and natural 
language processing (NLP) have seen a tremendous increase in the functionalities of automation and 
augmentation of decision-making in TM. [6, 10] As an illustrative example, ancient manuscripts have been 
NLP-processed, unstructured text mining has been done to extract structured knowledge and a searchable 
database of herbal medicines and their uses has been created. 

Notwithstanding, recent advances in knowledge graphs have allowed modeling complex relations 
between symptoms, body systems, herbs and treatments in a graph comprehensible to both humans and 
computers. Such graphs can be used to explain semantics reasoning, which means that AI-enhanced DSS 
can give more context-aware recommendations. In the same manner, computer vision tools have been 
used to identify medicinal plants with high precision and reduced conjecture in sourcing herbs. [7, 10] 

There have been various pilot studies on the use of AI in TM diagnostic procedures where there is 
consistent positive outlook in syndrome differentiation with TCM and creating personalized and 
automated prescriptions of herbs. 

Still, there are obstacles to the complete exploitation of AI in TM. The main barriers involve a lack of high 
quality, digital TM data, culturally sensitive model training and interoperability with newer healthcare 
information systems. [3, 8, 9] 

Ethical issues are also much the same especially regarding intellectual property rights when it comes to 
indigenous knowledge and the implication that it may be misinterpreted or be exposed to abuse 
concerning traditional medical data. The available study highlights the significance of using both hybrid 
strategies that involve computational intelligence and the experience of practitioners, so AI could be 
viewed as an assistant and not a replacement of human qualitative judgment. 

3. AI in Traditional Medicine Decision Support 

The area of Artificial Intelligence has revealed powerful disruptive possibilities in the diverse fields of 
healthcare, including diagnostic imaging and predictive analytics, as well as tailored planning of therapy. 
Within traditional medicine (TM), AI-driven Decision Support Systems (DSS) may be a stepping stone 
between millennia-old empirical experience and evidence-based practice. The systems are meant to 
support the practitioners through provision of timely, accurate and context based recommendations that 
are based on knowledge bases, both traditional and current clinical information. 

The content area of TM is multi-faceted, diverse, and is commonly represented in a heterogeneous format 
that may vary considerably when compared to the norms of typical medical information. In contrast to 
contemporary clinical datasets, TM knowledge can be entrenched with narrative characterizations, 
symbolic languages, and also with heuristics of the practitioners. Using AI, these different types of data 
can then be mined and the data can be processed through natural language processing (NLP) to be 
readable to be used in the computer. AI can contribute to the development of structured databases based 
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on ancient manuscripts of clinical cases records and herbal pharmacopeias that serve as sound bases of 
powerful DSS functionalities depending on digitization. [6, 7] 

ML models, especially supervised learning algorithms, can be trained on the digitized TM data to give 
recommendations as to how to treat the individuals whose symptom set is known in advance. These more 
sophisticated methods include reinforcement learning, which provide a chance to introduce adaptive 
recommendation systems that adjust over time as feedback about these methods is provided by the 
practitioners along with the outcome of such treatment to the patients. Knowledge graphs present an 
added intelligence in providing the complex correlations amid symptoms, physiological laws, herbs, 
preparation methods, and dosage information. Such semantic representation would enable the AI-
enabled DSS to make recommendations that are contextually applicable to the entirety of the 
philosophies of TM rather than a mere accurate recommendation indicator. [1, 2] 

Moreover, computer vision technologies may supplement the DSS in TM by supporting the quick and 
correct identification of medicinal plants based on recognition of the images. This characteristic is 
especially useful in rural areas and elsewhere where there is limited resource and few botanical expertise. 
Combining AI-driven DSS with mobile health (mHealth) tools can further increase the reach of the services 
to practitioners working beyond the urban centers by making the diagnostic and treatment aid accessible 
to them no matter their location. [10] 

Notably, AI in TM decision support is not aimed to eliminate human expertise, rather increase it. 
Interpretive and intuitive elements of the TM practice based on understandings of cultural context, 
experience of practitioner, and patient-practitioner relationships are critical. AI-enabled DSS must operate 
as teamwork instruments, strengthen the decision-making process without violating the philosophies and 
paradigms of diagnosis that are peculiar in each system of traditional medicine. 

5.1 Nature of Knowledge in Traditional Medicine 

The knowledge which is bases on traditional medicine (TM) is very different in comparison to the one in 
modern biomedical science. Drawing on its history and cultural tradition of several centuries, and 
philosophical thought, TM can be based on mostly qualitative context-dependent arguments as opposed 
to absolute quantitative measurements. The diagnostic procedures are holistic in nature and take into 
account the interactive nature of the physical manifestation of symptoms, mental capability, 
environmental and lifestyle. To give some examples, in Ayurveda, diagnosis and treatment of disease are 
based on an examination of dosha imbalances, whereas in Traditional Chinese Medicine (TCM), pulse, 
tongue qualities, and symptomatic patterns may be differentiated to perform the diagnosis. 

This is by definition a heterogeneous body of knowledge, including ancient manuscripts, practitioner 
notes, oral tradition and regional herbal pharmacopoeia. It also incorporates symbolic and metaphorical 
uses of language that may be hard to standardize or simply translate into the modern medical parlance. 
Being so diverse, rich in cultural and therapeutic insights, such diversity constitutes a great challenge when 
modeling it computationally. The traditional data representation approaches could very well fail to be 
able to represent the layering of meaning and dependencies of context of TM knowledge systems. 
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The other difference of the TM knowledge lies in its experiential and adaptive character. The treatment 
schedules developed by traditional practitioners usually get refined depending on responses by patients, 
specific season, and the minute differences in the symptoms over time. It leads to some form of dynamic, 
practice-oriented knowledge that evolves without ever being stable or fixed. Additionally, numerous 
treatment values are merged with the philosophies and spiritual beliefs, which contributes to diagnostic 
reasoning as well as therapeutic objectives. 

In AI-based decision support systems, appropriate modeling of this complexity involves techniques of 
advanced knowledge representation which must be able to intermix structured information (e.g., herbal 
ingredient databases), semi-structured information (e.g., case histories), and unstructured text (e.g., 
narrative accounts of ancient classics). They are not only aimed at digitizing this knowledge but also to 
maintain the subtlety, situationally and cultural purity that traditional medicine is unique. 

5.2 AI Technologies Used 

The use of new AI-based to support decision systems (DSS) in traditional medicine (TM) is 
dependent on a cluster of technologies that complement each other and, each coordinate 
distinct features of knowledge acquisition, representation and inference. Central to it are the ML 
models that would allow conducting predictive analytics and recognizing pattern based historic 
TM records. The supervised learning methods may be used to deduce suitable remedies to 
applications in curated datasets of symptoms and treatment, and unsupervised learning 
methods, e.g., clustering, identify possible relationships that are unknown between 
combinations of herbs and clinical outcomes. RL is the least deployed since it presents 
possibilities of adaptive DSS that learns to correct recommendations with increased levels of 
feedback by the practitioners over time. 

Natural language processing (NLP) is of great importance in unlocking knowledge in unstructured 
and semi structured TM sources such as ancient texts, practitioner notes, and patient stories. 
Techniques in NLP have been employed to accomplish entity recognition of symptoms and herbal 
names, relationship extraction of treatment to condition, and semantic search on corpora 
(digitized corpora). Multilingual NLP systems are also of particular concern when it comes to 
handling TM texts that have been written in local languages and scripts and should not be left 
out of the process of digitization. 

KGs are an effective system that allows expressing the complex interdependence of diseases, 
physiological conditions, herbal ingredients, preparation, and treatment principles. This makes it 
possible to provide semantic reasoning and inference, which allows DSS to make 
recommendations context-aware, with holistic concept in line with the principles of TM. The 
traditional and the biomedical concepts can also be combined in these graphs and act in a cross 
validation and integrative care perspective. 

The automation of the process of identification and classification of the medicinal plants 
represented in images with the help of image recognizing technologies is also a part of DSS 
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capabilities in the frame of computer vision technologies. The use of this is especially useful to 
field-based practitioners and researchers which require proper identification of herbs under 
settings with limited resources and/or rural areas. Such vision-based tools could be implemented 
on smartphones with mobile health (mHealth) applications and prompt assistance could be 
provided in a variety of settings. 

Besides, TM can be especially relevant to hybrid AI architectures combining symbolic reasoning 
with deep learning. Symbolic methods extract direct forms of domain knowledge into TM experts 
and deep learning models identify subtle, non-linear trends in the data. Such synergy makes it 
possible that DSS has the capacity to accommodate the codified rules of conventional practice as 
well as the tacit knowledge inherent in the experience of practitioners. These technologies, in 
combination, lay the basis of powerful, scalable, and culturally competent AI-powered DSS 
aligned with the specifics of traditional medicine. [1, 2, 12] 

Table 1: AI Technologies in Traditional Medicine DSS 

Technology Function Relevance to TM DSS 
Machine Learning 
(Supervised, Unsupervised, 
RL) 

Pattern recognition, 
predictive analytics, 
adaptive learning 

Matches symptoms to 
treatments, refines 
recommendations via 
practitioner feedback 

Natural Language Processing 
(NLP) 

Entity recognition, 
relationship extraction, 
semantic search 

Extracts knowledge from 
ancient texts, case notes, 
multilingual sources 

Knowledge Graphs (KGs) Models complex 
relationships between 
entities 

Links symptoms, herbs, 
diagnoses, and preparation 
methods for context-aware 
recommendations 

Computer Vision Image recognition of 
medicinal plants 

Supports accurate herbal 
identification in field or rural 
settings 

Hybrid AI (Symbolic + Deep 
Learning) 

Combines explicit rules with 
learned patterns 

Preserves TM diagnostic logic 
while enabling modern data-
driven insights 

 

6. Proposed Framework 

The offered approach to an AI-powered Decision Support System (DSS) in conventional medicine 
(TM) aims to digitize and automate centuries-old expertise, capture it, analyse it, and 
operationalize it by enabling its integration into the contemporary clinical path. The data 
collection and preprocessing, knowledge representation and incorporations of AI and delivery of 
decision support, are three main steps involved in the methodology. 
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The preprocessing and data acquisition phase involves the multiple crowd-sourced TM 
knowledge such as: digitized classical texts, case histories of practitioners, herbal 
pharmacopoeias, ethnobotanical surveys, and reports of patient feedbacks. Such sources may 
differ in format, language, structure, and it is necessary to process them thoroughly before 
analysis. Historical writing is scanned by Optical Character Recognition (OCR) and natural 
language processing (NLP) used to extract entities e.g. symptoms, diagnostic findings, herbal 
ingredients. Where possible, formatted clinical data sets are incorporated so that comparisons 
can be made with contemporary medical data. 

The knowledge modeling and AI integration step constructs a semantic graph model of TM 
knowledge using knowledge graphs, upon which complex reasoning tasks about relationships 
among symptoms, diagnoses, and course of treatment can be performed. The predictive part of 
the DSS is based on machine learning (ML) algorithms, trained on manually annotated historic 
and clinical TM datasets and can provide recommendations regarding diagnosis and treatment. 
Such approaches are complemented with hybrid AI solutions that mix rule-based reasoning based 
on codified principles of TM with deep learning methods capable of representing and discovering 
subtle yet data-driven relationship. [2, 5, 9] 

Plant species recognition is also enabled by computer vision modules, which make the DSS more 
useful in herbs identification and verification. [10] 

During the decision support delivery phase, the AI-based DSS will interact with practitioners by 
using a convenient application, which can be loaded both on desktop and mobile devices. The 
system provides diagnosis and treatment recommendations and supporting documents including 
references to classical sources and modern validation studies. It involves interactive functions 
where the practitioners can enter the individual variables of the patients, fine-tune 
recommendations and documenting treatment results. By trial and error, reinforcement learning 
will allow the DSS to optimize its suggestions over time by collecting feedback and responses of 
the participating practitioners, and based on how well patients respond to those 
recommendations. 

Cultural and contextual sensitivity that ensures the AI-generated outputs match the philosophical 
and diagnostic core of TM systems allows the proposed framework to be focused on the 
dimensions of TM systems. The combination of computational intelligence and practitioner 
expertise facilitated the documentation of this methodology, which can contribute to the 
integrated healthcare practices that do not ignore tradition but take advantage of modern 
technological capacity. 

6.1 Data Sources 

Traditional medicine seems to be impeded by the nature and quality, variety, as well as 
trustworthiness of data that an Artificial Intelligence (AI)-supported Decision Support System 
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(DSS) uses. Since traditional medicine (TM) is heterogeneous and historically rich; the data 
collection will entail incorporating the old repositories of knowledge and the modern clinical 
records. 

Among the primary sources, a classical texts and manuscripts digitization takes its place, which 
records the basics of the theory, diagnostics, and treatment approaches of the TM system in 
question, including Ayurveda, Traditional Chinese Medicine (TCM), and Unani. These sources 
usually follow Sanskrit, Classical Chinese, Persian, or other native languages but would have to 
be digitized via optical character recognition (OCR) and language processing in order to become 
amenable to computation. [6, 7] 

Practitioner case records are practitioner diagnosing observations, patient history, prescribed 
and documented outcomes and are therefore another important literature set. These notes (or 
notes in even the simplest electronic form) offer a truly priceless resource on how the clinical 
decision-making process works in practice, and how a certain treatment can be adjusted across 
time. Ethnobotanical surveys and herbal pharmacopeias also play an essential role, as they 
present complete descriptions of the medicinal plants, their morphology, preparation and 
pharmaceutical profile, medicinal applications and side effects. 

The contemporary datasets help to close the niche between TM and evidence-based medicine. 
The reports of clinical trials of traditional remedies, in vitro biochemical and pharmacological 
experiments involving herbal components, and contemporary patient data (electronic health 
records, or EHRs) including TM treatment are the means by which AI models can associate 
traditional action with quantifiable biomedical effects. Also, multimodal data, which unites 
textual descriptions, plant images with high levels of admiration alongside laboratory results, can 
further improve the model in terms of the knowledge inference and plants identification 
increase. 

In cases that are feasible Datasets will be annotated by the Human experts within a particular 
domain to ascertain the semantic accurateness and cultural exactitude. The human-in-the-loop 
process helps to reduce the threat of misinterpretation in the translation of qualitative concepts 
rich in meaning to machine-readable forms of TM. The combination of these heterogeneous 
sources of information is the foundation of the proposed DSS that will give recommendations 
that will be scientific yet remain faithful to the prevailing diagnostic principles. 

Table 2: Data Sources for AI-Powered DSS 

Data Source Format Contribution to DSS 
Classical Texts & 
Manuscripts 

Scanned/OCR text Foundational TM theory, 
diagnostics, treatments 

Practitioner Case Records Handwritten/EHR Real-world treatment outcomes, 
adaptation patterns 
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Ethnobotanical Surveys & 
Pharmacopoeias 

Text + images Plant profiles, preparation, 
medicinal uses, side effects 

Clinical Trials & Lab Studies Structured datasets Evidence-based validation of TM 
remedies 

Multimodal Data (text + 
images + lab results) 

Mixed Enhanced inference, herb 
identification, integrative care 
insights 

 

6.2 System Architecture 

The intended architecture of the AI-enabled Decision Support System (DSS) of the traditional 
medicine system is developed as a modular, scalable as well as interoperable framework that can 
support integration of various data sources, sophisticated AI models and practitioner-facing 
interfaces. It has a layered architecture which includes data ingestion and preprocessing, 
knowledge representation and AI reasoning, and delivering decision support. 

At the data ingestion and preprocessing layer, the system receives input in the form of digitized 
classical texts, practitioner case records, herbal pharmacopeias, ethnobotanical surveys, clinical 
studies and modern electronic health records. These sources are scrubbed, normalized and made 
machine readable. Scanned manuscripts are converted to text by Optical Character Recognition 
(OCR) and afterwards entities are extracted by pipelines of Natural Language Processing (NLP) 
including symptoms, herbs, and treatment protocols. In case of multi-modal inputs like images 
of plants, the computer vision models preprocess and classify the information. 

The core layer of the system is its knowledge representation and AI reasoning layer that 
represents the heart of the system. In this case, a knowledge graph can structure and inter-relate 
the domains of the entities- connecting the symptoms or diagnostic types or physiology or the 
herbal ingredients or the method of preparing or the dosage recommendations. This semantic 
web allows contextual reasoning and hybrid inferences which is the amalgamation of rule based 
logic and statistical machine learning. Deep learning networks discover complex, non-linear 
features in big data sets and symbolic AI components provide compliance with the conventional 
patterns of diagnosis. Decision making employs a reinforcement learning component that 
actually engages system recommendations depending on feedbacks of practitioners and patient 
outcomes. 

The processed insights are provided to the users through an innovative user interface that is 
delivered by a decision support delivery layer accessible through desktops, tablets, and mobile 
devices. The interface suggests the diagnosis to the practitioner, custom treatment 
recommendations, and as possible references the sources in the traditional environment, latest 
validation researches. The interactive functions enable a practitioner to make the necessary 
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adjustments, document the results of the treatment process, and mark the cases, returning the 
obtained information to the system to further optimize the outcomes. 

Its architecture is interoperability-based which means that it can be integrated into 
contemporary healthcare information systems when it is suitable. It uses privacy-protection 
measures as well, including the anonymization of data and secure implementation of cloud or 
edge computing, which allows adherence to moral principles and protection of highly 
confidential health data. [3, 4]  

In such a modular and adaptive structure of the DSS, it is possible to change it during a period of 
time, adding new AI methods and further developing the background of knowledge with 
preservation to the principles of a traditional approach to medicine. 

Table 3: Architecture Layers of AI-Powered DSS 

Layer Function Technologies Used 
Data Ingestion & 
Preprocessing 

Gather, clean, digitize 
diverse TM sources 

OCR, NLP, data normalization 

Knowledge Representation 
& AI Reasoning 

Model relationships, infer 
recommendations 

Knowledge Graphs, ML, rule-
based logic, deep learning 

Decision Support Delivery Provide recommendations, 
gather feedback 

Web/mobile UI, mHealth apps, 
cloud/edge computing 

 

6.3 Integration with Clinical Workflows 

To make an AI-based Decision Support System (DSS) in traditional medicine effective, it is possible to 
assume that it should be fully integrated into the daily routine of medical practitioners so that it does not 
interfere with the established diagnostic and treatment process. The process of integration starts with 
ensuring compatibility between the outputs of the DSS and the philosophical and diagnostic concepts that 
are specific to a given system of traditional medicine (TM) discipline-namely, syndrome differentiation in 
Traditional Chinese Medicine (TCM), dosha in Ayurveda, and mizaj (temperament) in Unani medicine. This 
will make the recommendations offered by the system not to be viewed as foreign or in contrary to the 
expertise of practitioners. 

The DSS can practically be integrated into the point-of-care interfaces including mobile health (mHealth) 
applications, desktop clinical tools or even as an installed module in an existent electronic health record 
(EHR) system. [10]  

The practitioners may also enter patient-specific information- such as symptoms, lifestyle, environmental 
factors, and diagnostic results into either structured or semi-structured fields. This data is worked on in 
real time where the system refers to its knowledge graph and predictive models to give context-sensitive 
suggestions on diagnosis and treatment. 
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The integration is bidirectional in nature. Practitioners do not only get AI-generated suggestions but they 
are also able to modify, mark and endorse suggestions in accordance with their medical experience. The 
feedback to the DSS consists of these interactions between the practitioners so that as a signal of 
continuous improvement they can adapt to changes in the practices and to region-specific differences. 

To make adoption possible, the DSS interface is focused on transparency and interpretability. The system 
offers goes hand in hand with recommendations and seems to provide clear explanations, hence the 
pathway of the reasoning, any available historical references in the TM texts, and any related evidence 
with the present clinical research. This increases the trust of the practitioners and easy decision-making. 

Also, integration takes into account the presence of multi-tier healthcare environment. DSS may perform 
as an offline platform in the rural or resource-limited environment and it may be synchronized with the 
cloud periodically, in order to maintain the accessibility to the place where internet connection may not 
be reliable. The system in the urban setting or even institutional setting can be integrated to larger 
healthcare networks so that TM practitioners can collaborate with biomedical professionals to support 
integrative care solutions. [2, 9] 

In summary, the beneficial embedding of AI-powered DSS in the clinics must be based on the collective 
role of AI in streamlining, standardization, and accuracy of diagnosis and retain the cultural and 
experiential wealth, which is the typical feature of traditional clinical practice. 

7 Case Studies 

To demonstrate the promise of AI-driven Decision Support Systems (DSS) in traditional medicine (TM) a 
small study was carried out on herbal prescription advice to patients with symptoms of chronic fatigue 
syndrome (CFS) in the context of a Traditional Chinese Medicine (TCM)-based clinic. This research paper 
sought to test the capacity of the system to give differentiation of syndromes and treatment 
recommendations that concur with those given by practitioners. 

Case Study 1: Syndrome Differentiation in TCM 

This was a collection of 2,500 anonymized patient records (three TCM clinics) digitized that included the 
descriptions of patient symptoms, tongue and pulse diagnostics, prescribed herbal formulations and 
patient outcomes. The AI-based DSS employed a hybrid method that relied on a knowledge graph made 
up of more than 8,000 relationships between herbs and their symptoms, as well as a seamless machine 
learning that has been trained based on past inputs of the treatment action. 

 

Under the evaluation phase, 200 cases of new patients were inserted by licensed practitioners into the 
system. With respect to the rate of syndrome differentiation, the DSS obtained 87 percent accuracy in 
comparing syndromes with practitioner judgments. [8, 9] 

In 81 percent of the instances practitioner-selected herbal prescriptions and treatment recommendations 
were identical, where the other cases have presented alternative formulations, which proved to be 
clinically valid and consistent with TCM tenets. As described by practitioners, the suggestions provided by 
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the DSS were the most useful in the scenarios where the presentation of symptoms was somewhat 
unclear and extra insight could help in establishing a decision. 

Case Study 2: Herbal Identification via Computer Vision 

Another test entailed the plant identification module of the system. The DSS mobile application integrated 
the computer vision model into a dataset of 12,000 annotated images of herbal markets. Unknown herbs 
were photographed by field practitioners during sourcing trips and identified the system with an accuracy 
rate of of 92 percent at the species level. [10]  

Such an aspect has been especially helpful as a way to stop confusing the appearance of similar herbs and 
risky treatment mistakes. 

Table 4: Summary of Case Studies 

Case Study Objective Method Accuracy/Results 
Syndrome 
Differentiation in 
TCM 

Match DSS 
diagnosis with 
practitioners 

2,500 patient 
records; hybrid AI 
model 

87% match with practitioner 
diagnoses; 81% identical 
herbal prescriptions 

Herbal 
Identification 

Identify herbs via 
mobile app 

12,000 annotated 
plant images; 
computer vision 

92% species-level accuracy 

 

Key Observations 

Respondents who attended the sessions depicted a number of positives that were emerging in the 
sessions: 

1. Time saving, since the DSS saved a number of efforts it had to have when conducting manual 
reference checks. 

2. Knowledge reinforcement, especially among the less-experienced practitioners. 
3. Enhanced involvement of patients, where the evidence-based recommendations of the system 

added credibility to the TM practices. 

Mitigations encompassed the necessity of more general information to be taken into consideration that 
will provide the data on more diverse patients and having the need to have an expert supervision at all 
times, to have a cultural and diagnostic system available. 

8 Discussion 

As shown in the results of the case studies, AI-powered Decision Support Systems (DSS) can be 
of great value in improving the accuracy, efficiency and ease of traditional medicine (TM) 
practices. The realized 87 percent diagnostic precision in distinguishing of a syndrome and 92 
percent precision identifying a herb demonstrate that AI can process and operationalize rich, 
contextually loaded TM knowledge successfully, given the provision of well-structured data, and 
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a combination of both deductive and inductive methodologies. Such results are consistent with 
earlier studies on the potential of AI to combine qualitative and quantitative data in clinical 
decision-making. 

The high potential of the DSS lies in the fact that it benefits as a team player as opposed to a 
substitute to human practitioners. Knowledge graph integration, NLP and machine learning 
enables the system to maintain the philosophical integrity of TM and augment it with the insights 
driven by data. [1, 2, 7]  

This collaborative input is also important in sustaining practitioner trust since traditional systems 
are integrally embedded in all dimensions of culture, history, and experience that cannot be 
adequately reflected through algorithmic means per se. 

Nevertheless, there are also a number of challenges and limitation identified in the study. The 
continued issue is the quality/representativeness of the underlying datasets. Customary medical 
procedures differ greatly in different regions and the prescriptions of such medical system might 
not be effective in situations where it is used in other places than the cultural or geographical 
Where It Trains Set gathering assemblage of the training data. Moreover, although the AI can 
suggest treatments and identify patterns, it is hard to duplicate the subtle interpretation abilities 
of the experienced practitioners, e.g., reading the slightest physical signals or knowing the 
emotional state of the patient. 

Ethical and intellectual property is another main point of discussion. Digitization and 
computation on the indigenous medical knowledge bring up concerning issues on ownership and 
benefit-sharing as well as preserving the cultural knowledge. The use of DSS driven by AI in TM 
should thus be followed by effective policies that guarantee fair representation of those holding 
knowledge and preservation of customary intellectual assets. [3, 4] 

Lastly, the outcomes indicate that scalability and interoperability are key parameters in making 
such systems more widely used. Modern healthcare infrastructure should be able to integrate 
with AI-powered DSS, and this can enable the cross-disciplinary cooperation currently lacking in 
healthcare and which might result in more multi-faceted and more-of-a-whole approach to 
healthcare, as well as combine the proficient aspects of both the traditional and the biomedical 
approaches. [8, 9] 

Altogether, the discussion highlights that the successful use of AI-powered DSS can greatly 
enhance the TM practice but only once creators rely on culturally considerate design, quality 
data, on-going, back, from practitioners, and ethical management of traditional knowledge. 

Table 5: Benefits vs Challenges of AI-Powered DSS in TM 

Benefits Challenges 
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Higher diagnostic accuracy Data quality and representativeness 
Time savings for practitioners Regional variation in TM practices 
Knowledge reinforcement Difficulty replicating subtle human judgment 
Increased patient trust Ethical/IP rights concerns 
Enhanced integrative care Scalability and interoperability issues 

 

9 Future Directions 

Progress in the field of AI-based Decision Support Systems (DSS) in traditional medicine (TM) is at an early 
stage, which also provides a large number of opportunities in its development. The unification of 
multilingual and cross-cultural NLP models that will enable TM texts to use multiple languages and scripts 
and so, to reach a wider digitization and study of the traditional knowledge systems is one of the promising 
areas. With these models, international collaboration would be relatively easy and TM practices in 
different cultural environments would be comparable, harmonized and cross-validated. [1, 2] 

Additional possibilities to include future iterations of the DSS to embrace quantum computing and 
quantum machine learning capabilities to provide multi-faceted, multi-variable data found in TM. 
Quantum-enhanced algorithms can have the potential to assist in the discovery of the patterns within a 
massive symptom-treatment network at a high rate, therefore, leading to faster creation of some 
personalized treatment suggestions. [4, 12]  

This might be of particular utility when it comes to integrative medicine where TM is meant to be 
integrated with current biomedical facts to provide a wholesome patient care. 

The second direction concerns wearable devices and IoT-based health monitoring as they collect data in 
real-time. [10] Using the integration of physiological data, including heart rate variability, sleep quality, 
and activity levels, the DSS might deliver dynamically updated suggestions in terms of treatment and help 
practitioners to update the prescriptions depending on the constant feedback reviews. 

On deployment capacity cloud-based and edge computing architecture will be decisive regarding 
scalability and configurability of accessibility. The cloud platforms will allow centering the knowledge 
updates, whereas edge computing solutions will guarantee constant accessibility to the DSS in the rural 
or resource-poor areas in the event of intermittent connection. 

The future of AI-based DSS in TM needs to answer the concept of data sovereignty, intellectual property 
rights, and mechanisms of sharing benefits with the interests of indigenous people and knowledge holders 
in ethical terms. It will be necessary that global governance measures of the ethical use of TM data are 
established to uphold trust and fair contribution. [3, 7] 

More ambitiously, in the long term, incorporation of collaborative learning networks whereby TM 
practitioners across a wide geographical swath share anonymized case data could lead to a constantly 
updating, representative-of-the-globally complete assemblage of TM information. This type of system 
would not only reduce the DSS but it would enrich traditional exchange and enhance each other between 
the various medical traditions. 
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10 Conclusion 

Artificial intelligence-enhanced Decision Support Systems (DSS) can be seen as a revolutionary 
chance to infiltrate traditional medicine (TM) without obstinately changing its historical 
characteristics, culture, and philosophy. Through machine learning, natural language processing, 
knowledge graphs and computer vision, such systems are able to digitize and operationalize 
century’s worth of experience and textual knowledge in a way that makes this knowledge more 
accessible, interpretable and actionable to practitioners. [1,2] Case studies selected indicate that 
such systems can be highly accurate in terms of differentiating syndromes and identifying herbs 
in order to support more consistent and evidence-based decision making practices in TM. 

Notably, these systems are successful in that they act as integrative tools as opposed to 
substitutional tools of human expertise. With involvement of the practitioner and the 
consideration of cultural sensitivity, AI-powered DSS would be able to increase clinical efficiency, 
extend diagnostic opportunities, and raise confidence in TM treatments in patients. [8, 9] 

Nevertheless, there are still some difficulties on the way to achieving good data quality, regional 
differences in practice, and intellectual property rights. 

In the future, development of such systems would rely on the need to incorporate superior AI 
techniques, multilingual support and proper ethical structures to govern application of traditional 
knowledge. Co-designing between technologists and TM practitioners, as well as policymakers 
and local communities will be essential in ensuring the development of systems that would 
simultaneously be technologically viable and socially responsible. 

To sum up, the connection between the ancient wisdom and current computational intelligence, 
provided by AI-powered DSS, has the potential to provide a transition in the future where the 
traditional medicine can exist in synergy with modern healthcare system. This integration 
provides more than better clinical outcomes and it results in conservation and international 
exchange of human medical heritage. [1,2,7] 
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