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Abstract 

Feature selection is an important task in medical applications, given that the dimensionality and 
numerosity of such datasets is very high. In these cases, time parameter becomes also important, 
along with classification accuracy, in estimating the performance of a leaning model. In this work we 
propose intelligent agent teams that are capable to automatically discover the best time to build 
models while keeping the general accuracy at highest levels. For computing attributes’ relevance for 
the classification process, several techniques were used: Information Gain, Gain Ratio, Correlation 
and Relief Attribute Evaluator. The two proposed agent teams discovered that an optimum subset 
composed by 20 attributes (out of 133 attributes of the initial dataset) leads to accuracy rates equally 
to the ones registered on the entire dataset, meaning 98%, using Naive Bayes learning model, while 
improving the time taken to build model from 0.1 seconds to 0.03 seconds. For the proposed dataset, 
Naïve Bayes outperformed other classification techniques, such as: J48, Random Forest, and 
Dl4MlpClassifier.The proposed agents also integrated the best discovered model into a chatbot that 
performs medical diagnosis based on the symptoms collected from users. 

Keywords: feature selection; intelligent agents; classification model; chatbot; medical diagnosis 
 

1. Introduction 

It is well known that medical datasets have many features, and learning such data is often time 
consuming. To deal with this issue, different approaches based feature selection are proposed. 

The authors [1] propose the development of an efficient feature selection methodology tailored 
for stress detection using chest electrodermal activity (EDA) signals. By employing this feature 
selection technique, the study aims to enhance the performance of the stacking ensemble model, 
ensuring that the most relevant features are utilized for accurate stress classification. This approach 
not only improves the model’s accuracy but also reduces computational complexity, making it more 
suitable for real-time applications in wearable devices. 

The study [2] introduces a hybrid feature selection approach that combines both filter and 
wrapper methods to identify the most relevant clinical features for diabetes prediction. Initially, 
statistical measures such as correlation coefficients are employed to eliminate irrelevant and 
redundant features. Subsequently, a wrapper-based method using a Genetic Algorithm (GA) is 
applied to select an optimal subset of features that enhance the performance of the machine learning 
classifiers. This two-tiered feature selection strategy effectively reduces the dimensionality of the 
dataset, mitigates the risk of overfitting, and improves the predictive accuracy of the models. 

In the paper [3], the authors propose the integration of explainable AI methods to discern and 
validate the most relevant features (biomarkers) for NAFLD diagnosis. By employing ensemble 
machine learning models alongside XAI tools, the system not only achieves high diagnostic accuracy 
(over 95%) but also provides transparency in its decision-making process. This approach facilitates 
the identification of critical clinical attributes, enhancing the interpretability and trustworthiness of 
the AI system in a medical context. 
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The authors [4] propose the development of an embedded feature selection method that 
synergistically combines filter and wrapper techniques. This hybrid approach aims to balance 
computational efficiency with predictive accuracy, addressing the challenges posed by high-
dimensional clinical datasets. 

The paper [5] introduces a novel metaheuristic algorithm, the Memory-Based Sand Cat Swarm 
Optimizer (MSCSO), specifically designed to enhance feature selection processes in medical 
diagnostic applications. By employing a wrapper methodology, the algorithm evaluates subsets of 
features based on the performance of a specific classifier, ensuring that the selected features 
contribute significantly to the model’s predictive accuracy. 

The SOFIA method proposed in [6] is applied to various medical datasets, demonstrating its 
effectiveness in reducing dimensionality while maintaining or enhancing classification accuracy. This 
is particularly beneficial in medical diagnostics, where datasets often contain numerous features, 
some of which may be irrelevant or redundant. 

The article [7] investigates the significance of selecting relevant features from high-dimensional 
medical datasets to enhance the performance of machine learning models in diagnosing heart disease. 
The findings indicate that even with a reduced number of features, the performance of classification 
models improved notably, including enhanced accuracy and reduced training time, compared to 
models trained on the full feature set. 

Other medical applications [8] focus on developing a non-contact, rapid, and reliable method 
for detecting elevated body temperature in elderly individuals—a critical indicator of potential viral 
infections. The study utilizes thermal imaging and deep learning techniques to enhance early 
detection capabilities in healthcare settings. 

Generative AI (GAI) chatbots [9] are also used in various domains, including medical domain, 
where some studies introduce novel decision-making framework designed to assist organizations. 

In previous studies [10,11], we proposed multi-agent systems manages various machine 
learning tasks-from data preprocessing and labeling to model selection and evaluation-by delegating 
them to specialized agents. 

Other studies use multi-agent systems for evaluation of a portable, intelligent device designed 
to assess and treat Cervical Motor Control (CMC) impairments [12], or to integrates physical activity 
with interactive learning to enhance motor and cognitive development among school and high school 
students. [13] 

To automatically find the optimal subset for learning medical data, we propose a multi-agent 
system that integrates feature selection and classification tasks. In the preprocessing stage, a Feature 
Selection Agent communicates with three subagents, namely Attribute Evaluator Subagent, Search 
Method Subagent and Threshold Subagent to find the optimum feature subset, for keeping the 
accuracy at high values rates while automatically finding the best time for building models. The 
optimum learning model, returned by a Classification Agent, with two subagents (Model Selection 
Agent and Model Performance Subagent), is integrated into a chatbot system and proved its 
confidence for medical diagnosis. The proposed model is trained on binary data (indicating the 
presence or absence of each known symptom in the user’s list), and the next step will be testing 
models on text data, as performed in the research described in [14]. 

2. Materials and methods 

Intelligent Agents Based on Feature Selection for Time Improvement 

The proposed system architecture is suitable for time improvement in learning medical data. 
The system is composed of two main agents and five subagents, with specific tasks (Figure 1). The 
proposed agents and subagents were implemented using Weka data mining tool [15,16], and Jade 
platform [19]. 
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Figure 1. Intelligent agents’ architecture. 

The proposed agents collaborate to automate the process of finding the best subset and the best 
model for medical applications. Agent behaviors are presented below. 

Feature Selection Agent: 
• loads the initial medical dataset; 
• finds the optimum subset in terms of accuracy and time taken to build models; 
• if the threshold is reached, then sends the reduced dataset to Classification Agent. 

Classification Agent: 
• receives the reduced dataset from Feature Selection Agent; 
• finds the best model and the best model configuration; 
• sends the final model to the chatbot to be used for medical diagnosis. 

The proposed system contains five subagents for time and model performance improvement. 
Their specific behaviors are described below. 

Attribute Evaluator Subagent: 
• applies different evaluation methods to compute the relevance of an attribute (InfoGain, 

GainRation, Correlation, RelieF); 
Search Method Subagent: 

• uses search method (Ranker) for finding the relevant features that will be included in a specific 
subset of data; 
Threshold Subagent: 

• applies different threshold values to decide if the attribute is relevant and will be kept in the 
subset. 
Model Selection Subagent: 

• learns the medical data with different models (decision trees, naïve bayes, deep learning neural 
networks); 

• chooses the best model considering the model performance in terms of accuracy and time. 
Model Performance Subagent: 
• finds the best model configuration; 
• send the optimum model to the system’s chatbot to be used in medical diagnosis. 
For selecting the best model, the autonomous subagents collaborate to find an optimum subset 

of attributes with the best classification time values, while the general accuracy is kept on its initial 
rate, or it is even improved. The first agent’s task (Attribute Evaluator Subagent) is to evaluate the 
dataset with different attribute evaluators (InfoGainAttributeEval, GainRatioAttributeEval, 
CorrelationAttributeEval, ReliefFAttributeEval) to determine the importance of each attribute for the 
classification process. The second agent (Search Method Subagent) uses different search methods 
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(BestFirst, GreedyStepwise, Ranker) to decides which of the discovered subsets of attributes best 
classifies (in terms of time and accuracy) the dataset. The third agent (Threshold Subagent) performs 
a final refinement of the optimal subset as proposed in [20], by eliminating the attributes that have 
the importance score below a threshold. One of this paper contributions’ is that the proposed 
Threshold Subagent automatically finds the best threshold for attributes’ relevance by evaluating the 
dataset with different thresholds values. The preprocessing stage is monitored by the Feature 
Selection Agent, that collects messages from its subagent team and sends the optimum discovered 
feature subset to the classification module. 

The classification module uses different classification models to learn the data (Model Selection 
Subagent) to decide which is the most suitable one for the considered dataset. For the previously 
chosen model, the Model Performance Subagent performs the classification task using different 
parameter values, to find the optimum model configuration. The final model (trained and tested on 
the entire dataset) is sent to Classification Agent and used for predicting the disease for new 
registered patients. 

As a remark, the proposed system optimizes the entire process (from preprocessing to 
classification stages) without any human support, being suitable for real-time diagnosis of different 
diseases. The preprocessing and classification results, together with the dataset description for the 
medical domain are presented in the fourth section. 

Medical Diagnosis System Using the Best Discovered Learning Model 

The proposed system contains a chatbot that was built using the Rasa framework [21] and it was 
designed to interact with users in a medical context. This framework recognizes the users’ intents 
extracts the entities from their messages. For each intent, several examples of possible expressions 
are defined, which are used to train the Natural Language Processing model to recognize those 
intentions in real conversations. Also, symptom entities are defined, which allow the extraction of 
symptoms from the users’ messages, along with synonyms for normalizing terms. 

Sending symptoms (Figure 2): 
• The user sends the symptoms via POST/webhook; 
• The Flask Server forwards the POST/webhook/rest to the Rasa Server; 
• Race Server runs action_provide_diagnosis_and_suggest: 

o Checks if the symptom is valid. 
 If it’s valid, add it to the list and suggest other symptoms. 
 Otherwise, it returns a message that the symptom has not been recognized. 

• A JSON response is sent to the Web Site with the symptoms and symptom suggestions. 
The user says they have no symptoms (Figure 2): 
• The user sends the message “No, I don’t have any symptoms” via POST/webhook. 
• A new POST/webhook/rest call is made to the Race Server. 
• action_provide_diagnosis shall be executed, which: 

o Sends the data to the model for prediction. 
o Gets a diagnosis. 
o Replies with a JSON message containing the diagnostic results. 
Conversational rules were defined, meaning the steps that the bot follows when it identifies a 

specific intent. For example, if the user greets, the bot will respond with a welcome message. If the 
user declares that they are sick, the bot will ask for details about the symptoms. If symptoms are 
mentioned, a personalized action is triggered, which has the role of analyzing the symptoms and 
providing a relevant suggestion or a possible diagnosis. 

The classification model obtained in the previous stage is trained allows that chatbot to predict 
a diagnosis based on user-reported symptoms. The main goal is to interpret the symptoms expressed 
in natural language, to correlate them with a database of known symptoms stored in MySQL database 
management system [22], and to predict a medical diagnosis using the previously trained model 
(Figure 2). 
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Figure 2. Medical diagnosis system architecture. 

In this project, the key components of the conversational assistant developed with Rasa were 
extended and configured, with a focus on detecting symptoms and adapting the conversation 
according to the users’ state (Figure 3). 

If the user enters symptoms exactly as they appear in the database (for example: headache, 
vomiting, abdominal pain) and synonyms written as in the system file, the system recognizes them 
immediately and with high confidence. In this case: the text is converted to a standard format 
(lowercase letters, without diacritics); check if the symptom name (e.g., abdominal pain) exists as a 
column name in the dataset; if it exists, the symptom is added directly to the list of recognized 
symptoms; no fuzzy matching required. 
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If the user enters symptoms and synonyms in another form (typographical errors, e.g., skin ras 
instead of skin rash, no apetite instead of no appetite), the chatbot uses a fuzzy matching mechanism to 
interpret them correctly. 

If a symptom is entered by the user in a slightly wrong form but similar to the name in the 
database, it is directly compared to the column names from the database. If the fuzzy matched score 
exceeds the threshold of 80, the symptom is considered valid and is added to the list of recognized 
symptoms. 

Conversely, if the user enters a misspelled synonym compared to the thesaurus format, it is 
compared to the list of synonyms defined in the synonym mapping structure. If the fuzzy matched 
the score between the entered synonym and a known synonym is greater than 85, then the system 
maps it to the primary symptom associated with that synonym. This symptom is then added to the 
final list of symptoms that will be used for suggestions or diagnosis. 

When collecting data from the user, the system constructs a binary vector (with 0 and 1) 
indicating the presence or absence of each known symptom in the user’s list. This vector is 
transmitted to the Naïve Bayes model to predict the diagnosis. The model returns both the prediction 
and its probability, which allows to include a confidence value in the final answer. The message sent 
by the bot contains the predicted diagnosis, the list of symptoms on which the prediction was based, 
and the confidence level of the model. 

 

Figure 3. The personalized chatbot architecture. 

In the Natural Language Understanding Model, the intentions of user sick, user alright and 
symptoms mention have been defined and completed, aimed at capturing the state of health 
expressed by the user. The symptoms mention intent has been significantly expanded, including 
many of examples covering a wide range of symptoms, each appropriately labeled with the symptom 
entity. Also, several synonyms for symptoms have been implemented, making it easier to recognize 
them. 
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we Regarding the conversational rules, these have been defined for automatic replies to frequent 
intents. Specific rules have been introduced for managing symptoms and user status, as well as for 
triggering custom actions (e.g., action provide diagnosis, action provide diagnosis and suggest). 

The conversational domain was modelled, so the symptom entity has been defined and 
associated with two slots (symptoms and suggested symptoms) to allow the collection and 
processing of received symptoms. In the proposed system, several relevant responses were added to 
basic medical and interaction scenarios and the personalized actions needed to process symptoms 
and provide an appropriate response have been integrated into the conversational logic. 

3. Experimental Results 

The Symptom-Disease Prediction Dataset used for validating the proposed systems was 
published in 2024 and was obtained from [23,24] and stores a collection of symptoms for various 
diseases. The data was collected from reputable medical literature, clinical observations, and expert 
consensus, and many attributes can be also collected from sensors in real-time applications. 

3.1. Symptom-Disease Prediction Dataset Description 

A sample of initial collected data is presented in Figure 4. The dataset contains 133 attributes 
and 4961 instances. The attributes’ values can be 1 or 0 meaning the symptom is present or absent. 

 
Figure 4. Sample of initial data. 

The class attribute can have one of the following 41 values: Acne, Urinary Tract Infection, 
Psoriasis, Impetigo, Fungal Infection, Allergy, GERD, Chronic Cholestasis, Drug Reaction, Peptic 
Ulcer Disease, AIDS, Diabetes, Gastroenteritis, Bronchial Asthma, Hypertension, Migraine, Cervical 
Spondylosis, Paralysis (brain hemorrhage), Jaundice, Malaria, Chickenpox, Dengue, Typhoid, 
Hepatitis A, Hepatitis B, Hepatitis C, Hepatitis D, Hepatitis E, Alcoholic Hepatitis, Tuberculosis, 
Common Cold, Pneumonia, Dimorphic Hemmorhoids (piles), Heart Attack, Varicose Veins, 
Hypothyroidism, Hyperthyroidism, Hypoglycemia, Osteoarthritis, Arthritis, Vertigo. 

3.2. Feature Selection and Classification 

For feature selection and classification, the Weka Machine Learning Tool was used [15–18]. 
In the dataset preprocessing stage, we used feature selection methods to reduce the size of the 

dataset and keep only the attributes relevant to classification process. We have applied several 
Attribute Evaluators: InfoGainAttributeEval (that computes the information gain related to the class 
attribute for a certain attribute) [16], GainRatioAttributeEval (that evaluates the importance of an 
attribute by computing its gain ratio related to the class attribute) [16], CorrelationAttributeEval (that 
measures the Pearson’s correlation between an attribute and the class attribute to establish the 
attribute’s importance) [16], ReliefFAttributeEval (that measures the importance of an attribute by 
repeatedly selecting instances and examining the attribute’s value in the nearest neighbors belonging 
to the same and different classes) [17,18]. The attributes are selecting according to their importance 
(ranging from 0 to 1) and the attributes that are above a specified threshold are selected for the 
optimal subset. 
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The classification methods used as base classifiers were: J48, RandomForest, NaiveBayes, 
Dl4MlpClassifier. 

For all of them, we used the Ranker Search Method, testing various values for the threshold 
parameter to determine the optimal threshold for selecting attributes. 

The results showed that InfoGainAttributeEval performed the best attribute evaluation, and 
optimal value for the threshold was equal to 0.02. 

The importance of each attribute that was included in the optimum subset is presented in Figure 
5 (Ranker search method, InfoGain evaluator): 

 

Figure 5. The importance of each attribute from the optimum discovered subset. 

The most relevant 20 attributes are: fatigue (persistent tiredness or lack of energy), vomiting 
(forceful expulsion of stomach contents through the mouth), high_fever (elevated body temperature), 
headache (pain or discomfort in the head), loss_of_appetite (decreased desire to eat), nausea 
(sensation of needing to vomit), abdominal_pain (pain or discomfort in the abdominal area), 
yellowish_skin (yellow discoloration of the skin), skin_rash (visible skin eruptions or discoloration), 
chills (the sensation of shivering), yellowing_of_eyes (yellow discoloration of the eyes), joint_pain 
(pain in joints), sweating (excessive or abnormal perspiration), itching (itchy sensation on the skin), 
malaise (general feeling of discomfort), chest_pain (pain or pressure in the chest area), cough 
(respiratory reflex of expelling air from the lungs), diarrhoea (requent watery bowel movements), 
dark_urine (urine that appears darker than normal), excessive_hunger (increased appetite or 
frequent feeling of hunger). 

A sample of preprocessed data is presented in Figure 6. 
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Figure 6. Sample of preprocessed data. 

In the classification stage, the initial and reduced dataset was learned by different classifiers (J48, 
RandomForest, NaiveBayes, Dl4MlpClassifier) to decide which is the best model for the considered 
data and to highlight the time improvement in the reduced data. 

In the case of the Random Forest and Deep learning neural network (Dl4MlpClassifier) 
classifi1rs, the preprocessed set significantly improved the testing accuracy, increasing from 95% to 
98%. Naive Bayes maintained a high and stable accuracy of 98%. Only in the case of Decision Tree 
(J48) was registered a slight decrease in performance on the testing dataset (from 95% to 93%), but it 
remains an acceptable value (Table 1, Figure 7). For testing the models, 20% split percentage method 
was used, meaning that 80% of instances (3969 patients) were used to train the models, and the 
remaining 20% of instances (992 patients) were used to test the discovered models. 

Preprocessing the dataset by feature selection (Information Gain with threshold equal to 0.02) 
did not negatively affect the performance of the models. On the contrary, in some cases it increased 
the accuracy rates in the testing phase, which suggests better generalization and reduced overfitting. 
The preprocessed dataset is therefore more efficient than the initial dataset. Naïve Bayes classifier 
was chosen to be integrated into the proposed application, because the model achieved an accuracy 
of 98% on the test set, demonstrating a better generalization on the new data. Also, the model based 
on Naive Bayes was built in 0.03 seconds, being the best performing model (Table 2, Figure 8). 

Table 1. Classification accuracy for different learning models. 

Classifier 
Accuracy on Initial Dataset 

(ID) 
Accuracy on Reduced 

Dataset (RD) 
J48 (Decision tree) 95% 93% 

RandomForest 95% 98% 
NaïveBayes 98% 98% 

Dl4MlpClassifier (Deep 
learning) 

95% 98% 

 

Figure 7. Classification accuracy for different models. 

Table 2. Time taken to build models. 

Classifier 
Time for Initial Dataset 

(ID)-seconds 
Time for Reduced Dataset 

(RD)-seconds 
J48 (Decision tree) 0.71 0.08 

RandomForest 1.13 0.33 
NaïveBayes 0.1 0.03 
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Dl4MlpClassifier (Deep 
learning) 

28.26 0.24 

 

Figure 8. Time taken to build models. 

3.3. Testing the Chatbot Based Naïve Bayes Classifier 

For implementing the proposed system, the Rasa framework was used [21]. 
Communication between the chat interface and the Rasa model is done through a webhook 

defined in Flask [25], which sends the user’s messages to Rasa and displays their responses in the 
chat (Figure 9 and Figure 10). Thus, every interaction with the chatbot is associated with the 
authenticated account. 

 

Figure 9. Chatbot for medical diagnosis based on Naïve Bayes model. 
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Figure 10. Chatbot for medical diagnosis based on Naïve Bayes model. 

Webhook flow (Figure 9 and Figure 10): 
1. The user sends a message in the interface 
2. The JavaScript in the index.html makes a POST to /webhook with the message 
3. Flask takes the message and sends it on to Rasa 
4. The race analyzes the message, executes actions 
5. The race sends a response (JSON) to the Flask 
6. Flask returns the response to the frontend 
7. The frontend displays it in chat as a bot message 

The main goal is to interpret symptoms expressed in natural language, correlate them with a 
database of known symptoms, and predict a medical diagnosis using the previously trained Naive 
Bayes model. 

4. Discussion 

In this work, we have shown that intelligent agents can perform the automation task, being able 
to discover time taken to build model equal to 0.03 seconds in the case of Naïve Bayes classifier, while 
keeping the general accuracy at 98% (as discovered also in other studies on the same data [26,27]). In 
our study, the optimum feature set was discovered using Information Gain evaluation method, and 
Ranker search method, with a threshold of selecting attributes equal to 0.02. The reduced dataset 
contained 20 relevant attributes out of 133 attributes of the initial dataset. The proposed system 
automates the process of finding the optimum learning time, while keeping the accuracy at high 
levels. 

5. Conclusions and Future Developments 

The optimum discovered model was automatically integrated into a medical diagnosis 
application and used by a chatbot in establishing the diagnosis for different diseases. We mention 
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that the proposed system can help the patients with information, but the final decision belongs to the 
doctors. 

As further development, we plan to test the Naïve Bayes model also on text data, meaning 
considering not just the presence or the absence of a symptom, but considering also the description 
of the symptoms in the training process. 
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