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Abstract— This review paper examines the complexities surrounding doctor recommendations in clinical practice. It explores 

the key factors that influence doctors' decision-making processes, such as patient preferences, clinical guidelines, medical 

evidence, and ethical considerations. The paper also evaluates the impact of these recommendations on patient outcomes, 

treatment adherence, and healthcare quality. Finally, it discusses challenges faced by healthcare professionals in providing 

personalized recommendations and offers suggestions for improving decision-making frameworks. 
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                              INTRODUCTION 

 

A Doctor Recommendation System is an intelligent healthcare 

application designed to help patients find the most suitable 

doctors based on various factors such as medical expertise, 

patient reviews, location, availability, and personal 

preferences. In today’s digital era, where healthcare services 

are expanding rapidly, patients often struggle to identify the 

right doctor for their specific medical conditions. Traditional 

methods, such as word-of-mouth recommendations or generic 

online searches, are often unreliable and time-consuming.  A 

doctor recommendation system leverages advanced 

technologies like Artificial Intelligence (AI), Machine 

Learning (ML), and Big Data Analytics to process large 

amounts of healthcare data and generate accurate and 

personalized doctor recommendations. These systems 

consider multiple criteria, including a doctor’s specialization, 

years of experience, hospital affiliation, consultation fees, and 

even patient feedback to provide well-rounded suggestions 

tailored to individual needs. 

The core functionality of a doctor recommendation system 

involves data collection, filtering, and intelligent matching. 

The system gathers information from various sources such as 

hospital databases, online healthcare platforms, electronic 

health records (EHRs), and patient reviews. 

It then processes this data using sophisticated algorithms to 

match patients with the most appropriate healthcare provider. 

Some systems use content-based filtering, which recommends 

doctors based on a patient's past preferences, while others 

employ collaborative filtering, which analyzes patterns from 

other users with similar medical conditions. 

 

 

 

 

The most advanced systems use hybrid models, combining 

multiple approaches to enhance accuracy and ensure that 

patients receive the best possible healthcare guidance. 

 

 

                                            RELATED WORK 

 

Machine learning and deep learning technologies are 

increasingly contributing to various industries by enabling the 

development of intelligent applications. One critical area is 

doctor recommendation systems, which play a significant role in 

building a robust healthcare infrastructure, particularly for 

developing nations. This study introduces a machine learning-

powered, web-based disease prediction platform integrated with 

a recommender system. The aim is to create a more strategic and 

effective healthcare ecosystem. It is evident that there are few 

disease specific solutions are available; but a diverse disease 

prediction system considering all common diseases is still 

missing (to the best of our knowledge). 

 

There are various researchers who suggested some model to 

recommend desired doctors to patients. Qusai Y. Shambour et 

al. [1] introduces a hybrid approach combining content-based 

filtering and multi-criteria collaborative filtering (MC-CF) to 

help patients find the most suitable doctors based on their 

individual preferences. This method integrates multi-criteria 

decision-making, doctor reputation scores, and detailed content 

information about doctors to enhance the accuracy of 

recommendations and address the challenge of data sparsity 

when sufficient rating data is unavailable. Experimental results 

using a real-world healthcare multi-criteria rating dataset 

demonstrate that the proposed method delivers reliable 

recommendations with superior predictive accuracy and 

coverage compared to traditional item-based CF        

recommendation algorithms, even under conditions of high         

data sparsity. 
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LUNING BI et al. [2] presents a doctor recommendation 

model based on a heterogeneous graph framework utilizing 

electronic health records (EHR). The approach incorporates a 

latent vector representing the connections between different 

types of heterogeneous nodes into the message-passing 

process. To enhance the representation of doctor, patient, and 

service nodes, three key relationships—service-service, 

doctor-specialty, and patient-doctor—are reconstructed 

simultaneously. To address data privacy concerns in the 

medical field, a federated decentralized learning approach is 

employed to improve the performance of local models. 

Experimental results demonstrate that the proposed model, FD-

GATDR, achieves high prediction accuracy. Future work will 

focus on enhancing prediction accuracy and communication 

efficiency by employing a bi-level optimization model for 

more complex heterogeneous graphs. 

 

 

 
 

 

Qihang Zhou et al. [3] address the challenge of recommending 

doctors based on personalized user needs, this study introduces 

RR&R-CNN. (1) Unlike traditional distributed text 

representation methods, RR&R-CNN leverages the pretrained 

BERT model to generate vectorized representations of review 

texts, effectively handling the issue of polysemy. (2) For rating 

features, recognizing that user evaluations may not always 

align with their ratings, revised user and doctor ratings are 

employed as the final representation. These revised ratings are 

combined with the vectorized review text and fed into a 

convolutional neural network (CNN) for deep feature 

extraction. 

 

(3) The model is structured into a user network and a doctor 

network, with a factorization machine facilitating feature 

interaction between the two, while a loss function minimizes 

errors in rating predictions. 

Experimental findings indicate that incorporating revised 

rating features enhances recommendation performance, and 

using BERT for text vectorization yields superior results 

compared to word2vec. However, the BERT model requires 

significant computational resources in terms of time and 

memory. Current techniques for compressing and optimizing 

BERT's complexity are being explored. Future work will focus 

on validating these methods to potentially reduce resource 

consumption and enhance recommendation performance. 

Additionally, domain-specific variations of BERT, such as 

ClinicalBERT and BioBERT, will be investigated to further 

improve outcomes in medical recommendations. 

 

Yesi Sofia et al. [4] indicate that the content-based filtering 

approach is capable of recommending new doctors who have not 

previously treated patients or received ratings, whereas the 

collaborative filtering method is effective in recommending 

doctors with an established history and existing patient ratings. 

Following implementation, accuracy testing was conducted 

using a confusion matrix, achieving an accuracy rate of 91%. 

These results demonstrate that the hybrid filtering approach 

effectively assists in selecting the most suitable doctor based on 

patient preferences and criteria. Future research could 

incorporate additional parameters, such as user comments or 

preferences indicated through likes and dislikes, to further 

enhance recommendation accuracy. 

 

 

Yafeng Yan et al. [5] presents the MSF-CNN (Multi-Scale 

Fusion Convolutional Neural Network), an advanced algorithm 

for personalized medical decision-making. By combining multi-

scale feature fusion within convolutional neural networks and the 

analytical capabilities of graph neural networks, the method 

achieves significant improvements in healthcare decision 

support. The multi-scale fusion approach enhances the extraction 

of both macro and micro features in medical images, improving 

recognition accuracy for complex pathological changes. The 

integrated graph neural network component leverages 

relationships between patients or cases, enabling a deeper 

understanding of similarities and differences to support 

personalized treatment plans. 

 

Experimental results demonstrate that MSF-CNN outperforms 

existing methods in key metrics such as accuracy, sensitivity, and 

specificity, confirming its reliability in assisting medical 

professionals with personalized care. This approach highlights 

the potential of integrating deep learning with graph theory for 

medical image analysis and sets a strong foundation for 

advancing personalized medicine. The study concludes that 

MSF-CNN enhances diagnostic precision, supports personalized 

treatment, and contributes to safer and more efficient healthcare 

delivery. 
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Jusheng Liu et al. [6] provide model For department 

recommendation, an LSTM-based model was implemented, 

considering the contextual semantics of patients' complaint 

texts. This model outperformed alternatives like TextCNN, 

Random Forest, KNN, and SVM, achieving a precision of 

82.84% and an F1-score of 82.61% on the test dataset. For 

physician recommendation, a hybrid model was created by 

analyzing similarities between patients and physicians. 

Additionally, metrics like text and voice service quality were 

introduced to enhance evaluation. This combined approach 

surpassed models based on patient or physician similarity 

alone. 

 

Yingbin Zheng et al. [7] This paper proposes a hybrid 

recommendation model designed for patient-doctor matching, 

incorporating response metrics and leveraging natural language 

processing (NLP) techniques to address challenges in online 

medical triage. The system is structured to identify and 

recommend appropriate doctors by analyzing relevant data, 

enabling patients to connect with healthcare professionals who 

align with their specific medical needs. This innovative 

approach has substantial practical applications and can be 

seamlessly integrated into healthcare platforms to enhance the 

precision and quality of doctor recommendations, ultimately 

improving patient outcomes and user satisfaction. 

 

Joel Peito el al. [8] This study highlights the advantages of 

integrating domain-specific knowledge into healthcare 

recommendation systems (HRS) using Poincaré embeddings of 

the ICD-9 hierarchy. By incorporating patients' pre-existing 

conditions into the model, a notable improvement in 

performance was observed compared to traditional methods. 

The research emphasizes the potential of hyperbolic space for 

representation learning, demonstrating its applicability beyond 

natural language processing (NLP) and showcasing its value in 

healthcare for personalized medical recommendations. 

 

Despite promising results, certain limitations need to be 

addressed in future work. The current models rely solely on 

content-based (CB) approaches, overlooking the insights 

available from patient-doctor interaction data. Developing a 

hybrid recommendation system that combines these data 

sources with ICD-9 embeddings is a potential direction for 

improvement.Additionally, data consistency challenges 

persist, with significant information loss stemming from 

insufficient mapping across healthcare terminologies. 

Enhanced collaboration among standardization frameworks 

like SNOMED CT, UMLS, and ICD is essential to address this 

issue. Furthermore, digitization in healthcare, including 

assigning diagnostic codes to all patients, not just inpatients, is 

crucial for improving data quality and scalability of machine 

learning solutions. 

 

Content-Based Filtering (CBF) 

Content-based filtering focuses on recommending doctors 

based on the patient’s previous interactions, preferences, 

and medical history. Research by Patel et al. (2017) highlights 

that CBF-based models analyze doctor profiles, including 

their expertise, ratings, and patient feedback, to generate 

recommendations. A key limitation of this approach is the 

cold-start problem, where new users or doctors with little 

historical data receive fewer recommendations. 

 

Collaborative Filtering (CF) 

Collaborative filtering is widely used in modern doctor 

recommendation systems. It suggests doctors based on the 

preferences of similar users. According to Wang et al. (2019), 

CF-based models identify patterns in patient behaviors and 

recommend doctors based on collective experiences. This 

method is effective for personalized recommendations but may 

suffer from data sparsity issues if there are insufficient patient-

doctor interactions in the system. 

 

Hybrid Recommendation Systems 

To overcome the limitations of both content-based and 

collaborative filtering methods, researchers have developed 

hybrid recommendation systems. Studies by Liu et al. (2020) 

show that combining CBF and CF improves recommendation 

accuracy and reduces bias. These systems can integrate 

Natural Language Processing (NLP) to analyze patient 

reviews and sentiment analysis to provide better doctor 

recommendations. 

 

AI and Machine Learning-Based Approaches 

Recent advancements in deep learning, artificial intelligence, 

and natural language processing have significantly improved 

the performance of doctor recommendation systems. Studies by 

Kumar et al. (2022) explore how AI models such as neural 

networks, decision trees, and support vector machines 
enhance recommendation accuracy. Machine learning 

techniques enable the system to predict user preferences and 

dynamically adjust recommendations based on patient 

interactions 

 

 

                                       METHODOLOGY 
 

 

The methodology of a Doctor Recommendation System 

(DRS) involves designing and implementing a system that 

efficiently suggests the most suitable doctor for a patient based 

on multiple parameters such as specialization, experience, 

location, ratings, and patient preferences. The methodology 

follows a structured approach involving data collection, data 

preprocessing, feature selection, algorithm implementation, 

and recommendation generation. This section outlines a step-

by-step approach to developing a doctor recommendation 

system, incorporating modern technologies like Machine 

Learning (ML), Artificial Intelligence (AI), Natural 

Language Processing (NLP), and Big Data Analytics to 

improve accuracy and efficiency.
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2. System Architecture 

A Doctor Recommendation System consists of multiple 

components working together to provide accurate, 

personalized, and real-time recommendations. The key 

components include: 

1. User Interface (Frontend & Backend) – A web or 

mobile application where users input their medical 

requirements. 

2. Data Collection Module – Gathers doctor 

information from hospitals, clinics, online databases, 

and patient reviews. 

3. Data Processing & Preprocessing Module – Cleans 

and structures raw data for analysis. 

4. Recommendation Engine – Uses various algorithms 

(Content-Based, Collaborative Filtering, Hybrid 

Models) to suggest doctors. 

5. Database & Storage – Stores patient queries, doctor 

profiles, ratings, and feedback. 

6. Evaluation & Feedback System – Collects and 

refines recommendations based on user feedback. 

 

 
 

3. Methodology Steps 

Step 1: Data Collection     

The first step in building a Doctor Recommendation System 

is collecting relevant data from various sources: 

 Doctor Profiles – Name, specialization,  

qualifications, experience, hospital affiliation, 

consultation fees, location, and availability. 

 Patient Reviews & Ratings – Feedback from 

previous patients regarding doctor expertise, 

behavior, and treatment effectiveness. 

 Hospital & Clinic Data – Information about  

healthcare institutions, available services, and 

consultation hours. 

 Electronic Health Records (EHRs) (if integrated) – 

Patient medical history for personalized 

recommendations.       

  

 User Preferences – Patient’s health condition, 

preferred doctor gender, treatment type (in-

person/telemedicine), insurance coverage, and location 

preferences. 

 Tools Used: Web scraping (BeautifulSoup, Selenium), APIs 

(Google Maps API for location, Healthcare APIs), SQL/NoSQL 

databases (MySQL, MongoDB). 

 

 
 

 
 

Step 2: Data Preprocessing 

Before analysis, raw data needs to be cleaned and 

structured. The preprocessing steps include: 

 Handling Missing Data – Filling or removing 

missing doctor attributes. 

 Data Normalization – Standardizing rating scales 

and consultation fees for consistency. 

 Duplicate Removal – Eliminating redundant 

entries. 

 Text Processing (for NLP-based models) – 

Tokenization, stop-word removal, and sentiment 

analysis of patient reviews. 

 Encoding Categorical Data – Converting textual 

information (e.g., specialization, gender) into 

numerical values for ML models. 

 Tools Used: Python (Pandas, NumPy, Scikit-learn), NLP 

libraries (NLTK, spaCy). 

http://www.ijcrt.org/


www.ijcrt.org                                                         © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882 

IJCRT25A5821 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org p821 
 

 

 

 

 
Figure 3. Level 0 DFD 

 

Figure 4. Level 1 DFD 

1. Patient 

Patient performs basic actions in our system which includes 

registration in Doctor Recommendation and appointment 

system through a registration page in the android application 

with is not mandatory only used if patients wants to store its 

detected disease and appointments. After the registration if 

patient will provide its symptoms and the app will process and 

provide a detected disease. Patient can also proceed to fix an 

appointment with any doctors recommended nearby. 

 

2. Doctor 

It is the entity which is responsible for appointment 

acceptance and report suggestion. Doctors usually accepts or 

rejects the appointment based on the disease detected by the 

system. User can also see the location of the doctor’s clinic or 

hospital based on the nearby feature. 
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I. RESULT AND DISCUSSION 

 

Applications such as Practo helps you find online medical 

services and solutions to enable you to take better care of 

yourself. While Sminq (android app) only helps in booking 

appointments online. Ada is a chatbot based app with access 

the symptoms from the users and provides any predicted 

disease. 

 

These existing systems do not provide location of the nearby 

hospitals or clinics with respect to the predicted disease 

specialist doctor. Both disease prediction and doctor 

recommendation and appointment is done co-ordinately in 

Doctor Recommendation and appointment system. 

 

II. CONCLUSION AND FUTURE SCOPE 

 

The Doctor Recommendation System (DRS) is a powerful 

AI-driven solution designed to improve healthcare 

accessibility, efficiency, and patient satisfaction. By utilizing 

machine learning, natural language processing (NLP), 

collaborative filtering, and real-time patient data, the 

system provides personalized doctor recommendations 

based on user preferences, medical history, and feedback. 

Key Achievements of the System 

 Personalized Doctor Matching: AI algorithms ensure that 

patients are matched with the most suitable doctors based on 

their symptoms, location, ratings, and availability. 

 Improved Healthcare Accessibility: The system helps 

patients quickly find specialists, reducing waiting times and 

improving healthcare efficiency. 

 Data-Driven Decision Making: Patient reviews, treatment 

outcomes, and hospital databases are analyzed to ensure 

accurate and reliable recommendations. 

 Integration with Telemedicine & IoT: The system enhances 

remote healthcare services by integrating with telemedicine 

platforms and wearable health devices. 

AI-Powered Trust & Transparency: Explainable AI (XAI) 

features ensure that recommendations are fair, unbiased, and 

ethical. 

Challenges and Limitations 

Despite its success, the system faces several challenges, 

including: 

 Data Privacy & Security Risks: Handling sensitive medical 

data requires strict compliance with regulations (e.g., 

HIPAA, GDPR). 

 Bias in Recommendations: Unequal representation of 

doctors may lead to algorithmic bias, requiring fairness-aware 

AI models. 

 Cold-Start Problem: New users and newly registered doctors 

may receive fewer recommendations due to lack of historical 

data. 

 Fake Reviews & Ratings Manipulation: Implementing 

blockchain-based verification can enhance trust in doctor 

reviews. 

Future Enhancements 

To further improve the system, future developments 

may include: 

Federated Learning for Privacy-Preserving AI: AI 

models can be trained locally on patient devices 

without exposing sensitive data. 

 Real-Time AI & Predictive Healthcare: The 

system can predict potential health issues and 

suggest preventive care measures. 

Blockchain for Trust & Transparency: Secure 

patient-doctor transactions and verified doctor ratings 

will eliminate fake reviews. 

Multi-Specialty & Emergency Doctor 

Recommendations: AI can provide cross-specialty 

doctor recommendations and emergency healthcare 

services. 

Final Thoughts 

The Doctor Recommendation System is a 

transformative step in healthcare digitalization, 

offering intelligent, secure, and efficient doctor 

recommendations. As AI, IoT, and blockchain 

technologies continue to evolve, the system will 

become more accurate, personalized, and 

trustworthy, ultimately leading to better healthcare 

outcomes for patients worldwide. 
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