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ABSTRACT

The physicochemical characteristic of solubility is one of the most critical properties
affecting how well a pharma- ceutical compound is absorbed, distributed and/or
biodisponible. Therefore, accurately predicting the solubility helps support both drug
discovery and the development of drugs/formulations. Drug solubility is most
commonly determined using experimental methods which can be expensive and time-
consuming for multiple drug/solvent combinations.

Recently developed machine-learning tools and chemoinfor- matic models provide an
alternative way to predict physico- chemical properties of chemicals using
descriptors defined at the molecular level. In this study, we present the use of a new
machine-learning framework to predict drugs’ solubility in multi-component
drug/solvent systems based on descriptor-based datasets.

Descriptors for training the models were obtained from mul- tiple scientific sources,
including Shodhganga research theses, PubChem, DrugBank, and ChemSpider. The
training data was preprocessed using several techniques to create an appropriate
structured dataset suitable for inputting into machine-learning algorithms.
Preprocessing techniques included normalizing de- scriptors, handling missing
values, and conducting feature engi- neering.

Three regression models—Ridge Regression, Random Forest Regressor, and
XGBoost Regressor—were trained and evaluated using Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and coefficient of determination (R2). The results
demonstrate that ensemble learning models provide reliable predictive performance
for solubility estimation.

Index Terms—Drug Solubility Prediction, Machine Learning, Chemoinformatics,
Random Forest, XGBoost, Pharmaceutical Modeling
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I. INTRODUCTION

Overall, solubility is extremely important physicochemical characteristic that
contributes to how a drug behaves in the body pharmacokinetically. How well a drug
dissolves in a solvent will determine how quickly it will dissolve and absorb where it
is needed, as well as how effective it will ultimately be as a therapeutic agent. Many
times, poorly soluble drugs may have decreased bioavailability; therefore, evaluating
how well a compound is soluble is crucial during the drug development and
formulation phases.

Traditionally, solubility has been measured in the laboratory using experimental
techniques such as equilibrium dissolution testing, spectrophotometric techniques,
and chromatographic techniques, all of which can provide reliable data; but doing so
takes significant amounts of time, requires specialized laboratory facilities, and
requires multiple experimental trials for multiple drug-solvent combinations.

With recent advances in chemoinformatics and machine learning, researchers now
have new opportunities to develop computational methods to predict solubility and
other physic- ochemical properties of compounds. Machine learning can be used to
build models that learn the complex relationships that exist between molecular
descriptors and experimentally observed solubility, allowing researchers to estimate a
drug’s solubility characteristics before performing parts of the drug development
process.

Besides the structure of the drug molecule itself, other factors such as the interactions
occurring between solute and solvent molecules (e.g., hydrophobic interactions,
hydrogen bonding, polarity compatibility, etc.) can significantly impact the ability of
a drug molecule to dissolve in a given solvent, thereby determining the drug’s overall
solubility characteris- tics. It is important that predictive model development uses
descriptors for both drug and solvent so that these properties can be factored into the
prediction of drug solubility.

In this study we propose a machine-learning framework to estimate drug solubility
based on molecular descriptors that have been using multiple well-reputed chemical
repositories

i.e. Shodhganga, PubChem, DrugBank and ChemSpider. The collected descriptors
from those repositories will be used to train multiple regression algorithms including
Ridge Regres- sion, Random Forest, and XGBoost. The model’s effectiveness will be
assessed using three well-documented regression met- rics MAE, RMSE, and the
coefficient of determination (R2).

The primary contributions of this paper are summarized below :

* A machine learning framework to predict drug solubility for use in multi-
component drug-solvent systems.

* Collection of molecular descriptor data from multiple reputable chemical
repositories including Shodhganga, PubChem, DrugBank and ChemSpider.
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* Implementation and comparison of three regression algo- rithms: Ridge
Regression, Random Forest, and XGBoost.

+ Evaluation of predictive performance using standard re- gression metrics including
MAE, RMSE, and R2.

The remainder of this paper is organized as follows. Section 1l presents a review of
existing literature on computational solubility prediction. Section III describes the
system archi- tecture and design. Section IV explains the data sources used for
descriptor collection. Section V details the preprocess- ing and feature engineering
steps. Section VI discusses the experimental setup. Section VII presents the model
training process. Section VIII presents the results and analysis. Section

IX presents the descriptor contribution analysis. Section X discusses the findings.
Finally, Section XI concludes the paper and outlines directions for future work.

The overall workflow of the proposed prediction framework is illustrated in Fig. 1.
II. LITERATURE REVIEW

Aqueous solubility prediction is a big area of research within chemoinformatics.
Solubility is so importante be- cause it impacts drug absorption, bioavailability, and
therefore formulation. Some of the early work in this area utilized various quantitative
structute-property relationships (QSPR’s) attempting to find the mathematical
relationships between molecular descriptors and solubility, as measured in exper-
iments. Delaney [1], developed the ESOL model - one of the most common methods
for calculating aqueous solubility from molecular structure. QSPR models represent
linear and therefore easy to interpret solutions; however, they do not adequately
capture the complexity of nonlinear relationships between feature molecular
descriptors and their resulting [physio]chemical characteristics.
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Fig. 1. Overall workflow of the machine learning based solubility prediction system.
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To address these limitations, researchers began applying neural network techniques
for modeling nonlinear patterns in chemical datasets. The work of Huuskone [2]
demonstrated that using artificial neural networks can greatly enhance the accuracy of
predictions for different types of organic com- pounds. With the rapid expansion of
chemical databases and advances in computing power, the use of machine learning
methods is becoming more common in chemoinformatics.

The use of ensemble learning algorithms for predicting molecular properties has
yielded very good results. One great ensemble learning algorithm is Random Forest,
first intro- duced by Breiman [4]. Random Forest models have gained popularity
because they are able to effectively learn nonlinear relationships and are robust to
noisy data about descriptors. The performance of the Random Forest model in this
domain can be improved upon through the use of gradient boosting algorithms like
XGBoost, which progressively add multiple weak learners to produce one strong
prediction model [3].

In addition, recent research has shown that deep neural net- works can be utilized for
predicting chemical properties (e.g., aqueous solubility). When trained with large
datasets, Lusci et al [5]. found that deep neural networks are more accurate than
former quantitative structure activity relationship (QSAR) models. Due to the high
volume of data and computational power required to train these models, they are
generally slower than the older QSAR methods.

A major part of the research examining how soluble some- thing is will be based on
using curated chemical datasets. An example of this is when Sorkun et al [6].
produced AqSolDB which includes data for many thousands of compounds’ sol-
ubility (the solubility of a chemical in a given solvent) and their molecular
descriptors. The existence of these datasets has led to the systematic benchmarking of
solubility predicting machine learning algorithms against data from these datasets.
For our study, we acquired molecular descriptors from available databases on the web
and/or online software pro- grams such as PaDEL [7].that allow for building
molecular descriptors.

Although scientists have made considerable advancements in our knowledge of
solubility, predicting solubility in complex mixtures of numerous pharmaceuticals in
many cases is still difficult. While approaches to understanding solubility based on
advanced descriptors and machine learning have made significant advances, complex
solute-solvent interactions (e.g., hydrogen bonding, hydrophobic interactions, and
polarity of the solute and/or solvent) do not always correlate with simple descriptors.

There have been multiple studies that demonstrated promis- ing approaches to
improving the accuracy of predictive solu- bility models based on the use of advanced
descriptors. For example, Tetko et al [8]. demonstrated how consensus models
enhance prediction accuracy. Wu et al. [9] proposed using deep learning architectures
to predict chemical properties. Kearnes et al. [10] provided an example of how the
use of graph convolutions can be used to represent molecular structures.
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Additional studies from Mayr et al. [11] and Sheridan [12] provided evidence that
descriptive feature representation and descriptor selection are crucial for improving
the predictive power of models. Research from Goh et al. [13] demonstrated the use
of chemoinformatics approaches based on neural networks to predict chemical
properties. Additionally, Liu et al. [14] studied the use of hybrid machine learning
from chemical property prediction.

The results of these studies suggest that by using multiple descriptors and advanced
machine learning techniques, solu- bility prediction accuracy can be dramatically
increased.

I11. SYSTEM DESIGN

The proposed architecture for the Solubility Prediction System will allow for
processing of datasets, model training and prediction of solubility for drug and
solvent combinations. The user/system interactions with the various elements of the
architecture are illustrated in the diagram as follows; 2.

This particular system will be used primarily by researchers who will upload their
molecular descriptor datasets into the system, train their model and receive solubility
predictions using the resulting trained model. The uploaded dataset will be processed
by the system through a number of stages including preprocessing, feature extraction,
training a model, and evaluating the performance of that model.

Once the model has been trained, it can be used to predict the solubility of new
drug/solvent combinations from their corresponding molecular descriptors. This
workflow will allow for evaluation of potentially suitable solvent systems without
requiring extensive laboratory experimentation by researchers.

ot B e iy B i e B
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Fig. 2. Use case diagram illustrating the interaction between the researcher and the
Al-based solubility prediction system.
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IV. DATA SOURCES AND DESCRIPTOR COLLECTION

This research makes use of a dataset developed using molecular descriptors that were
obtained from many well- established chemical databases to gather realistic chemical
information about pharmaceutical compounds.

PubChem, which is under the jurisdiction of the National Center for Biotechnology
Information (NCBI) is a huge open-access repository of chemicals. There are over
millions of compounds (which include chemical structure, molecular properties,
biological activities, as well as physicochemical properties) with the chemicals from
PubChem being one of the primary sources of the data used to extract molecular
descriptors for both drug substances (molecules) and for solvents.

Another commonly utilized chemical database is DrugBank, which contains extensive
information (including but not lim- ited to molecular structures with property
descriptions, phar- macological data, and drug-target interactions) that incorporate
data about drugs. The descriptors found in DrugBank can provide physiochemical
characteristics of drug substances and facilitate identification of characteristics of the
drug substance that affects solubility.

Additional descriptor information contained in datasets from an additional chemical
database, ChemSpider, has been ag- gregated from many sources and the chemical
structures and properties have each been validated through curation by the Royal
Society of Chemistry or other authoritative sources. The primary application of
ChemSpider-specific descriptor data was to further validate and augment descriptors
collected from the other chemical databases that were used.

In addition to these chemical databases, research on solubil- ity behaviour and
physicochemical analysis of pharmaceutical compounds found in Shodhganga (a
digital repository) was also reviewed. Shodhganga contains postgraduate and doctoral
theses from Indian universities, many of which have conducted extensive studies on
drug-solvent interactions and pharmaceu- tical formulation analysis.

Molecular descriptors for both drugs and solvents were ex- tracted from both
repositories.The selected descriptors include molecular weight, topological polar
surface area (TPSA), hydrogen bond donor and acceptor counts, rotatable bond count,
and partition coefficient (LogP). These physicochemical descriptors have common
use in chemoinformatics as they predict an important structural feature that comprises
the solubility behaviour.

Descriptor data was compiled into a structured dataset that represented drug-solvent
pairs and corresponding molecular properties; it was used as input in order to train
and evaluate machine learning models.
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V. METHODOLOGY
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Fig. 3. Activity diagram illustrating the workflow of data preprocessing and feature
engineering.

The proposed framework follows a structured workflow consisting of data
preprocessing, feature engineering, machine learning model training, and
performance evaluation. The methodological workflow adopted in this study is
illustrated in Fig. 3.

A. Data Preprocessing

Inconsistencies in datasets obtained from various chemical sources may have
detrimental effects on the effectiveness of machine-learning algorithms and must be
corrected prior to training. Duplicate entries must be identified and removed from the
dataset to avoid introducing bias into the learning process. Clean and standard
numerical representations must be produced from descriptor values containing non-
numeric symbols or estimated values.

Missing values must be filled in using the median as an estimate because it produces
the least amount of distortion to the overall statistical distribution of the dataset. Once
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Normalisation will prevent descriptor values with larger magnitudes from dominating
the model-training process and will allow equal contributions from all descriptors
during model-learning.

B. Feature Engineering

To better represent interactions between drug and solvent molecules, additional
interaction-based features were gener ated from the existing molecular descriptors

LagFyig revence = LogFapuy — LoaF, sruene (1)
TR ety e D e (2)
TP5Astvent

The difference in LogP gives a measure of hydrophobic compatibility between
solvent and drug molecules, while the ratio of total polar surface area (TPSA) is a
measure of polar interactions affecting the dissolution behaviour. Incorporation of
these descriptors based on the interactions between drugs and solvents allows
machine learning models to more accu- rately reflect the physicochemical
relationships that describe the solubility of pharmaceuticals.

C. Implementation Workflow

The implementation workflow of the proposed system is il- lustrated in Fig. 4. This
workflow represents how the prepared dataset flows through different stages of
processing and model execution.

The sequence diagram demonstrates how a dataset is re- ceived, and molecular
descriptor databases are loaded. The system checks if there are any missing values,
and cleans and imputes, if applicable. The dataset is split into training and testing
phases after it has been pre-processed. Feature selection and normalisation will be
applied before multiple machine learning algorithms are trained. The final model will
be selected based on evaluation metrics, to predict solubility values. The sequence
diagram provides a clear visual repre- sentation of the movement of data through each
phase of the workflow.

VI. EXPERIMENTAL SETUP

To test how well a computer can predict how well a drug will dissolve, we used
multiple dimensionality of molecular descriptors for each of these drugs and solvents.

The data is made up of several hundred combinations of solvent/drug pairs that have
been described in numerous papers, e.g. PubChem, DrugBank, ChemSpider, and cited
in Shodhganga.

The dataset developed was divided into a training dataset and a test dataset at a rate of
80
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During the training of the models, feature scaling and normalization was applied so
that all descriptors could con- tribute equally during the training process, while
descriptors with larger numerical ranges could have potentially dominated the
training process and caused the models to have poor performance.
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Fig. 4. Sequence diagram illustrating the workflow of data processing, model
training, and solubility prediction.
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To determine the settings for the various machine learning algorithms,
hyperparameter tuning was conducted using grid search optimization. For trains of
the Random Forest model, parameters that were tweaked were the number of trees
and maximum tree depth. For the XGBoost model, parameters that were evaluated
were learning rate, tree depth and number of estimators to determine which were the
optimal settings for the model.

The performance of each model was assessed through three standard regression
metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and
Coefficient of Deter- mination (R2).These metrics provide quantitative measures of a
model’s prediction accuracy and ability to generalize from training data.

VII. MODEL TRAINING

Three machine learning regression algorithms were imple- mented for predicting drug
solubility.

A. Ridge Regression

The Ridge Regression modelling technique adds L2 Reg- ularisation to linear
regression for regularization to decrease overfitting and improve stability of the
model. Ridge Regres- sion was utilized in this study as a baseline model in order to
evaluate the degree to which linear relationships exist between the molecular
descriptors and the solubility values.

B. Random Forest

In contrast to Ridge Regression, Random Forest uses an ensemble learning approach,
where multiple (many) decision trees are built and used to combine their predictions
ultimately generating the final output. The use of multiple decision trees increases the
stability of the prediction and reduces the potential for overfitting . Random Forest
does an excellent job of capturing nonlinear relationships between molecular
descriptors.

C. XGBoost

XGBoost is a type of Gradient Boosted Decision Tree model that is built sequentially
to minimize error from predictions by creating a new tree to fix the current prediction
error from the previous model. As a result, XGBoost is widely used in machine
learning for quickly processing complex datasets.

VIII. RESULTS AND ANALYSIS

Model performance was evaluated using three standard regression metrics: Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), and coefficient of
determination (R2). These metrics provide quantitative insight into prediction
accuracy and the ability of the models to generalize across unseen data.
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TABLE I MODEL PERFORMANCE COMPARISON

Model RMSE | MAE R?
Ridge Regression | 1.1884 | 30.12 | -0.1638
Random Forest 0.9480 | 24.95 | 0.1383
XGBoost 0.9883 | 22.85 | 0.3532

Table I The evaluated machine learning models’ perfor- mance has been summarized.
The Ridge Regression model provided the least performance, indicating that the
modeling of drug—solvent solubility behaviour cannot be accurately modelled solely
using linear relationships. The Random Forest model produced the lowest RMSE
value which illustrates strong robustness for capturing the non-linear interactions of
molecular descriptors. The XGBoost model R2 provided the highest score, thus
demonstrating superior ability to explain the degree of variance in solubility data.

Fig. 5 has a comparative analysis of the MAE of the Ridge

Regression, Random Forest, and XGBoost models. MAE is an important measure
because it shows how large (on average) the errors in the predicted values are
however it does not measure whether they are above or below the actual value. From
the graph you can see that the XGBoost model had the lowest MAE which means it
was more accurate and consistent at predicting solubility values than both the
Random Forest Model and the Ridge Regression Model. The Random

Model Comparison - MAE
16

Mean Absolute Errpe
- - p ra
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Fig.5 MAE comparison of the evaluated machine learning models.

Forest Model performed moderately in terms of accuracy and consistency; it scored
lower with MAE than Ridge Regression but does not score as low with MAE as
XGBoost. The Ridge Regression model had the highest MAE which shows that it was
unable to accurately model the complex nonlinear relationship that exists between the
solvent and drug solubility data.
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Fig.6. RMSE comparison of machine learning models on a logarithmic scale.

Fig. 6 The Root Mean Square Error (RMSE) comparison between models is
represented on a logarithmic scale. The RMSE is significant because it penalises
larger errors more heavily. Thus, using it to assess models, its application is
appropriate in cases where there are large deviations from expected results.

The Random Forest model has the lowest RMSE value, suggesting that it effectively
reduces large prediction errors and handles data variability. The next lowest value
belongs to the XGBoost model, just slightly higher than that of the Random Forest;
however, it has demonstrated significantly better performance compared to Ridge
Regression.

Additionally, Ridge Regression has the highest RMSE value of any of the models
evaluated, confirming that it has limited ability to model nonlinear relationships
present in the data.
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Fig.7. R2 score comparison across the evaluated machine learning models.
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Fig. 7 The figure presents the R2 value of the three models. R2 is a measure of how
well the fit of the model describes the variance around the target. XGBoost had the
highest R2, indicating that it captures the underlying correlations in the dataset, thus
allowing for the most accurate predictions of the three models. Random Forest
performed at a moderate level with a positive R2, which suggests that it has some
predictive ability. In contrast, Ridge Regression produced an R2, which indicates
performance below the simple mean, and therefore is not appropriate for this problem
domain.

IX. DESCRIPTOR CONTRIBUTION ANALYSIS

It is beneficial to know which molecular descriptors have the most significant effect
on solubility predictions because they can help future researchers and developers
understand how to interpret machine learning model outputs. In this context,
descriptor contribution analysis aids researchers and developers in determining the
physicochemical descriptors that largely affect model outputs.

Random Forest is an excellent tool for determining the relative importance of
descriptors within a data set, as it estimates the importance value for each descriptor
based on its ability to reduce error in prediction accuracy (i.e., its ability to “’split” or
categorize decision trees).

The analysis results show that the two principal types of descriptors that affect model
output are polar and hydrophobic descriptors. Results indicate that logP and
topological polar surface area (TPSA) descriptors have a pivotal effect on solubility
predictions by having a direct correlation to inter- molecular attractions between
solute and solvent molecules.

Creating interaction descriptors like logP difference and TPSA ratio enabled the
model to predict solubility better by correlating the solubility of the drug to that of the
solvent, thus allowing for a more realistic representation of the physic- ochemical
relationship between the solubility of the solute and the characteristics of the solvent.

These results are consistent with the basic principles of pharmaceutical chemistry,
where molecular polarity, hy- drophobic intermolecular attraction, and ability to form
hy- drogen bonds in the solubility of compounds are important aspects in determining
the solubility of a compound.

It can be observed from the results of this study that choosing suitable molecular
descriptors has a major impact on how accurate the models produced were. Thus, the
influence of both Polarity (TPSA) and Hydrophobicity (LogP) indicates that both
characteristics are important in determining drug solubility in regards to solvent
systems.

X. DISCUSSION

According to the results of the experiment, ensemble-based methods have
outperformed the use of a simple linear regres- sion method as a prediction model
when using these methods to predict drug solubility in one or more solvent systems.
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The Random Forest ensemble method exhibited stable predictive accuracies when
applied to the various drug/solvent combi- nations and is able to learn to model non-
linear relationships between molecular descriptors effectively.

XGBoost also performed competitively to Random Forest in minimizing the average
prediction error; however, Random Forest provides a higher level of interpretability
when com- pared to the other algorithms, due to Random Forest’s inbuilt ability to
conduct a feature importance analysis, which allows researchers to identify molecular
descriptors contributing most to the solubility of a compound.

Utilizing molecular descriptor data from multiple chemical databases increased the
diversity of the datasets and im- proved the generalizability of all models. The
combination of descriptor data from the PubChem, DrugBank, ChemSpider and
Shodhganga datasets enabled the creation of a robust representation of drug/solvent
molecular systems.

The utilization of machine learning solubility prediction frameworks in support of
pharmaceutical research give re- searchers the ability to screen multiple candidate
molecules and solvent systems quickly and efficiently, prior to conducting laboratory
experiments. The use of these computational tools help reduce the time spent on the
development of the drugs, as well as assist with the design of drug formulations in the
earlier stages of the drug development process.

XI. CONCLUSION

In this research, we developed a machine learning model that predicts the solubility of
drugs in multiple solvents (multi-component drug; solvent systems) based on
molecular descriptors obtained from Shodhganga, PubChem, DrugBank and
ChemSpider.

The prediction results were produced by implementing ensemble learning algorithms,
specifically Random Forest and XGBoost; these methods provided dependable
predictions based on the solubility behaviours of the all the molecular descriptors.

This research also illustrates the ability of machine learning methods to aid in
pharmaceutical research by allowing for faster and more efficient computational
screening of drug candidates and solvent systems.

Future work could include additional molecular descriptors as well as exploring deep
learning methods in order to increase the accuracy of the predictions and
generalisation of the models.
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ABSTRACT

Cryptography trading is considered as one of the tough and little complicated field. It
is open all the time, it does not have any central regulator. Therefore it is very
different from other financial markets. because of that the prices of cryptocurrencies
changes very quickly and cannot be predictable. Resulting doing trading in
cryptocurrencies manually can be very challenging, and also does not work a lot.

Relative strength index and moving average convergence divergence this factors are
mainly used in making traditional trading strategies. They are helpful but not that
much good for dealing with such sudden changes in the market. They give signals but
those may be confusing for traders.

Nowadays, Automated trading systems have become more popular with the help of
Artificial intelligence and Machine learning. This systems find patterns also make
predictions regarding future price movements after studying existing data. even so
many of these systems acts like boxes resulting in very complicated for users to learn
the process of make their predictions. As well they do not have strategies for risk
management, which have impacts on practical use.

This research tells about a type of trading system which combines factors like
machine learning models along with technical validation & management of risk. The
objective is to create transparent system, adapting changing conditions of markets
and also predicting prices.

Analysis techniques such as Relative strength index, Moving average convergence
divergence and Exponential moving averages. Some more factors it uses like
candlestick pattern recognition and fair value gap detection. Risk management which
based on average true range helps user in adjusting stop-loss and take-profit
regarding market volatility.

System having step-by-step process starts from collecting date preprocessing,
training models then validating them and last generating signals. Results of
Experiment tells that combining learning along with multi-timeframe confirmation
resulting reduction in false signals & also helps in improving trading performance.
The system has features like more consistent, reliable and having risk-reward
advantage than that of traditional trading.
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The cryptography market is fast growing also changed the style of people's trading. It
is open for 24/7 means all the time available, also highly volatile and always active
market. Therefore while trading traders cannot depends on human strategies because
of price volatility. So, there is need of automated trading systems that can handles
such complexity.

INTRODUCTION

Traditional trading approaches are based on indicators, like the Relative Strength
Index, Moving Average Convergence Divergence and moving averages. While these
tools are useful they have limitations when it comes to dealing with the cryptocurrency
market. Cryptocurrency trading systems need to be able to adapt to the nature of the
market. Cryptocurrency markets are constantly. Cryptocurrency trading systems need
to be able to keep up with these changes. The cryptocurrency market is a field and
cryptocurrency trading systems need to be able to handle this challenge. trading
systems capable of handling such complexity.

Conventional trading methods mainly use indicators like the Relative Strength Index
(RSI) Moving Average Convergence Divergence (MACD) and moving averages.
These methods are used by trading systems that can handle complexity.

Conventional trading methods mainly use indicators like the Relative Strength Index
(RSI) Moving Average Convergence Divergence (MACD) and moving averages.
These indicators help us understand market trends and momentum. They usually
work alone and only look at one timeframe. In volatile markets they can give wrong
or mixed signals.

The use of Artificial intelligence and Machine learning in markets becoming very
popular. Such technologies help us to analyze lot of real time data. They research
patterns and relations so it is hard to see along with traditional methods. The ML
models such as random forest & gradient boosting resulting very good at predicting
outputs. Many of machine learning based trading systems having a lot of limitations.

Traditional trading strategies consistently use analysis indicators such as relative
strength index. Moving average convergence divergence and Exponential moving
averages are mostly used for finding trends and also entry exit points. Because of
simplicity and ease of understanding makes these indicators more popular. They are
not good for high volatile markets.

They depends on predefined rules and single time frame analysis. This reduces their
ability to transform to changing market situations. Traders repeatedly get signals also
delayed reactions & inconsistent outputs.

Integration of artificial intelligence and machine learning into trading systems is the
only solution to overcome from these issues. This model can ability to process lot of
data then find patterns and also make predictions. Algorithms such as random forest,
gradient boosting and neural networks work better in predictions tasks.
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Many of the systems are complex to learn. They acts as black box models. This
makes it difficult for users to trust on their decisions. This thing reduces confidence of
user. Also making it complex to use such systems in real world trading.

BAckground

Since last ten years Algorithmic trading has changed a lot. Traditional trading systems
used some rules including one is when to buy or sell at moving averages another is
stock was oversold.

They helpless in unpredictable markets. Then machine learning came in. Helps
systems to go beyond this simple rules. For analyze data, techniques such as decision
trees, support vector machines and random forests were helped.

These methods helps to make predictions with more accuracy. But these methods
comes with new problems like overfitting and it was very complicated to learn why
they made such predictions. Then deep learning models such as long short-term
memory networks progressed. It did an even good job at learning data overtime.
These models need lot of data also powerful computers and along with that it’s still
difficult to understand how they make their forecasts. Coming with all these
advantage lot of trading systems still how predicting & checking and managing risk
as diff things. This way does not work good because its all dividing.

So people need a system that mix-up making predictions with checking & controlling
risks. Another big challenge in forecasting markets is that its all uncorrected and
unpredictable. How people feel about the market how much money is available &
how much quantity is being traded and unexpected events are some things directly
impacts on momentum of prices.

Some old statistical models fight with all these relationships, which limits how good
the can forecast. Machine learning though is better at looking patterns and
connections in variables, which making it better, for analyzing existing financial data.
Where patterns are not always in flow.

In spite of their advantages machine learning models wants designed features to work
good. Raw market data is not that well to get insights. Therefore feature engineering
might be important in process of turning data into useful information that makes
models work well. The technical indicators which made from price and volume data
give insights by studying volatility, momentum and trends.

Machine learning models have ability to learn market behavior even better when we
add price action things such as candlestick patterns and structure of market. This
things helps model to learn market behavior even good than human does. Two keys to
getting insights from market are machine learning models & feature engineering.

For making machine learning model, feature engineering and technical indicators are
really important factors. Making sure the signals are good enough is another
important thing. When getting signals for short time periods they can be incorrect
because of scenarios happening for time.

291




This results in make the outputs not reliable. On other hand stalking at longer time
periods gives you good view of what exactly happening right now in the market but it
can be difficult to find a good entry point of market.

Use of time periods helping a lot to traders because they able to view both big picture
and small details. This path gave opportunity for match up long term trends with short
term chances. People think that this is a path of making trading accurate but it is not
actually used in automated systems.

Moreover trying to forecast what exactly happen and making assurance about signals
are better a trading system also needs to have ability to manage expected risk. Even
the better forecasting models can make mistakes. If you are not able to manage risk
you can lose a lot of your money in few trades. Rather than using fixed plan it is
better way to do things in live markets, making strategies is one of the best risk
management theory. For making a good trading system feature engineering, technical
indicators with validation as well as risk management are very much important.

OBJECTIVES

The first and main goal of research is to build a trading system. Using machine
learning techniques to make sure the signals of trading are reliable and also a
consistent towards time intervals. Meaning of this is we shall look at trends of market
on various time frames. Examples like 1 hr., 15 min, 5 min charts.

Indicators such as RSI, EMA and MACD are good sense of markets trends that we
want to use. In addition to that we go through the price action patterns, like
candlestick for learn about market better. Trading system shall using Average true
range for risk management. Meaning that system will adjusting stop loss and also take
profit levels depends on volatility of market.

One more goal is to reduction in trading signals. We will achieve this by using
validation layers, that includes machine learning predictions & technical
confirmations. This helps the system make more correct predictions and also
improving entire performance. For understanding how the system works the trading
system keep logs of trading decisions.

This research targeted to making trading system reliable and more transparent. We
want users can trust our system and learn the reason behind its given decisions. Using
combine factors like indicators & machine learning techniques system providing clear
directions into operations. This helping a lot to users for making trading decisions
also improving entire performance of system.

Creation of system that is dynamic and also adaptable is our main focus. After
responding changing market situations with adjustment of its risk management art as
needed. This leading to help protect capital and also maintain a risk reward
proportion. Entire the goal of research is to build trading system that is more correct,
transparent and also reliable.
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To get assurance of trading decisions are enough consistent across various time
frames the trading system shall use timeframe validation. This way will help figure
out noise and reduction in similarities of signals. System will be able to create
informed decisions after analyzing markets trends on various time bounds.

To improve quality of forecasting we have option to use a set of technical indicators.
These helps to catch momentum and also trend direction giving insights in market
situation. After combining these indicators along with price action techniques for
generation of signals that are enough accurate and reliable.

Main motive behind research is to improve trading system efficiency. The system will
enhance performance and consistency in trading by reducing signals of trading and
improvement of signal quality. The final milestone is to build trading system that is
more reliable, transparent & accurate that gives users with information they needed to
create good trading decisions.

LITERATURE REVIEW

In last few years the use of machine learning in markets has been studied a lot. It is
very true when we trying to find out prices movements and when to buy or sell. At
very first people used methods such as linear regression, decision tree and support
vector machine. These ML methods were better at figure out patterns in price data
structure. It did a good job of forecasting prices than that of traditional methods.

In many cases they were not good at facing with changes in market and also prices
that was not follow a line, which is more common when you trades in cryptography.

People starts with use methods which is combined of ML models such as random
forests & gradient boosting. Helping to make predictions accurate and more reliable.
These ML models works by combine effects of results of models, results in reduction
of chance of getting it incorrect and also makes create predictions more common.
Because of having ability to handling noisy data and complex relations between
various items these ML models are better at forecasting prices in markets and this
shown in research.

Along with this advantages many of trading systems which uses machine learning are
still have not enough transparency which making it difficult for peoples to learn how
they build predictions and also trust them while making trades.

Machine learning is not only the path to make trade decisions but also look over the
charts and trends. To find trends means see how fast prices were moving and find out
when prices may be change direction peoples use things such as RSI, moving
averages and MACD. Complex methods such as stalking candlestick patterns and
also price movements can give little more insight into what actually market doing
now.

Depending on these kind of methods may lead to inconsistent results because they
might be give false of little conflicting signals and that factor can lead confusion for
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people who trying to build trading decisions depending upon ML and technical
analysis of many financial markets and also cryptocurrency trading.

Depending upon these advantages many systems which use ML are still not clear
which makes it difficult for people to learn how they create predictions and also
trusting on them when doing trades.

People who depending on methods to create decisions can getting incorrect results.
This is only because of these methods consistently give signals. It can be getting
confusing for people who trying to create decisions based on ML and cryptocurrency
trading. Especially it is very complicated when market is over to the place.

Systems required a lot of data and little powerful computers. Also it is difficult to
learn how they create decisions, which makes them little less suitable for trading. In
trading it is really important to understand how decisions are made.

Another important thing is managing risk. Many trading systems use fixed stop-loss
and take-profit levels. These levels do not change when the market changes. Studies
have shown that using volatility based risk management techniques is important.
These techniques use the Average True Range to adjust trading parameters.

These approaches have been shown to make trades last longer and reduce losses..
Combining dynamic risk management strategies with machine learning based
prediction systems is still not common.

PROBLEM STATEMENT

Cryptocurrency trading is very tough. This is because it is highly volatile and happens
all the time. There are also price swings. Traditional trading approaches use indicators
like RSI, MACD and moving averages. These indicators give buy and sell signals..
These indicators often work alone. They are not good at adapting to market changes.
As a result they often give signals. This is especially true in market conditions. It
leads to trading decisions and financial losses.

With more people using machine learning in markets predictive models have been
introduced to improve trading accuracy by looking at old data and finding complex
patterns. While these models are better than methods they also introduce new
challenges. Many machine learning models are being used in cryptocurrency trading
and markets. Cryptocurrency trading and markets are using machine learning to make
predictions. Machine learning and technical analysis of markets and cryptocurrency
trading are being used together to make trading decisions. The market and
cryptocurrency trading are very important, to people who are using machine learning
and technical analysis to make decisions.

Systems work like a box that you cannot see inside they make predictions. Do not
explain how they got those predictions, which makes users not trust them very much
and they are not very useful in real life. Also these systems are usually trained with
data and they have a hard time adjusting to changes in the market that happen very
quickly which makes them not work well when things are happening in real time.
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Another big problem with systems that exist now is that they do not handle risk well.
A lot of systems use strategies to decide when to stop a trade or take a profit but these
strategies do not take into account how much the market is changing. In markets like
the one for cryptocurrency which's very unpredictable using these simple strategies
can cause trades to end too soon or result in big losses. Because systems do not have a
way to check if their signals are correct the signals they produce are not very reliable.

In addition to these problems systems that use machine learning and traditional
methods of analyzing the market are not usually connected. Each method has its
strengths but they are often used separately which means they do not work as well as
they could. There needs to be a system that combines machine learning, technical
analysis and risk management into one framework. This system should not make
better predictions but also provide results that make sense and work well in different
market conditions.

Machine learning methods have been used to try to fix some of these problems by
allowing systems to find patterns in data and make predictions based on that data.
Trading systems like these can learn from cryptocurrency markets and other markets
and trading systems can make data-driven predictions, which's a big improvement
over systems that do not use machine learning.

Using these approaches having made predictions very accurate. In many cases they
also have some issues. Many ML models were such as boxes. they do not have ability
to explain how they create predictions. This making it difficult for many users to trust
them.

It is also complex to check if the signals which they are giving are reliable. Machine
learning models can also have sensitive modifications in market. They may not able
to work with data. One more big problem with systems is that they do not having any
validation methods. Signals getting from one timeframe may not able to show entire
market trend.

They may be affected by a short term volatility. These signals can lead to very bad
decisions without checking timeframes. Many of systems do not combine the study
with machine learning forecasting. This can leads to limits their abilities to use both
things domain knowledge and date insights. finally results in they failed to develop
trading strategy.

Management of risk is also one of concern. Many of solutions come up with the use
of stop loss and take profit strategies. These can not be adapting changing market
conditions. These can lead to early exits or big losses. The lacking in risk control gets
making trading system less effective. It increases chance of outputs.

The system must give clear explanations and provide predictions. Traders always
need a signals. Without giving any explanation is it difficult to trust on automated
trading system. This clearly shows need of a system which balances accuracy as well
as transparency.
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It must be good working in market situations. Therefore main problem is that this
research is addresses is a creating system which is integrated as well as smart &
explainable. It providing signals by combining various methods. After every
prediction there must be explanations. It also has ability to adapt market situations.
Traders have to trust on signals it gives. System improves trading results with helping
a lot to them.

METHODOLOGY

The system proposed is very simple and using machine learning and technical
analysis for generation of trading signals for who going to trade. it starts by fetching
real time market data from the official cryptocurrency exchange API. That data
including very high low closing prices with trading volume. After that this raw data is
going to cleaning up which meaning is handling missing values and removing
incorrectness and then transforming data into a format which is easier to analyze. The
system looking for information which can help improve the model once the data is
clean. Strength index and moving average convergence divergence this kind of
indicators system uses. Also it uses stuffs such as candlestick recognition & fair value
gap detection for capture prices action behavior.

After that data is labeled into three parts which are buy, sell & hold based on price
actions. For forecasting what things will happen system uses this ML techniques. It
trains models such as random forest and gradient boosting on data. After combining
their outcomes. This going to help to reduce overfitting and also making system
accurate. System checks predictions across time intervals such as 1 hr., 15 min, 5 min.
This gives assurance that trading signals were consistent and reduced impact of noise.
The system also has feature of risk management mechanism depending upon average
true range. It adjusting stop loss and take profit levels regarding to market volatility,
which is trading signal system. For proposed system the trading signal system is
really important. It uses it to make predictions.

SYSTEM ARCHITECTURE

Trading signal system is about how it uses machine learning for generating trading
signals for system. The system helps trade adjusting to change conditions and
improving risk control. This also helps to keep record of all decisions it makes.

It is really helping for making it easier to check how good trading signal system
working. The system is combination of machine learning, risk management and
technical analysis. This makes it good and easy for trading. Multiple timeframe
helping to analyze both short term and long term market trends. The data which is
collected is consistently updated at regular time intervals, and enables system to
operate in real time situations.

Next layer consisting data preprocessing and also feature engineering section, in
which raw data going to transform into well-structured format comfortable for
machine learning.
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This stage also including cleaning dataset by handling the missing values also
removing incorrectness and standardizing data. Above preprocessing and feature
extraction is important.

It brings together data processing, machine learning, validation and risk management
into one workflow. The architecture starts with a data collection part. This part
gathers time and historical market data from a cryptocurrency exchange API. The
data includes opening, high, low and closing prices, trading volume and timestamps.
This data is the base for analysis. The collected data goes to a preprocessing part.

Here it is cleaned, normalized and changed into information using indicators like RSI,
MACD, EMA and ATR. Other analysis tools, such, as recognizing candlestick
patterns and detecting Fair Value Gaps (FVG) are also used to make the data more
valuable. The Al-based trading system uses machine learning models.

These models are a combination of models. The Al-based trading system uses these
models to make trading decisions. The machine learning module uses the processed
data. This data helps the Al based trading system to learn and make predictions. The
Al-based trading system relies on machine learning. Machine learning helps the
system to make trading decisions.

The data is then sent to the machine learning part of the system. This is the core of the
system. It uses a method called learning. This means it uses models like Random
Forest and Gradient Boosting. Each model looks at the data.

To get assurance the predictions are well system checks them a times. It looks over
the predictions, in time frames like 1 hr., 15 min & 5 min. This thing helps to get rid
of forecasting not strong. It making system more reliable also helping make well
trading decisions.

The also having part to manages expected risk. This is also very important to
protecting your money being used & making sure trading goes in good manner. The
fixed rules were used for as average true value to decide stop loss and take profit
decisions. This shows how volatile market is.

RESULT ANALYSIS

Performance of given ai based trading system was checked by using classification
metrics and also trading specific indicators for accessing effective in real world
situations. The ensemble model which is combination of random forest and gradient
boosting with a voting process showing improved capacity compared to those models.

Metrics used for this is accuracy, recall, and f1 score for measuring the classification
performance of Al based trading system. The result is balanced and consistent
predictions by reduction of bias and variance.

The main observation from analysis was an impact of multi timeframe validation at
signal reliable. After studying all time frames resulting in making a strong signal for
buy or sell. Also reduction in weak signals. And it is more effective in validation
strategy.
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The indicators contributed positively to ai based trading system performance.
Indicators like RSI, EMA and MACD helped to fetch market trends and momentum.
Combination of both candlestick patterns & fair value gap enhanced both the
accuracy and of reliability of generated signals for decision making.

Risk management strategy played a role in achievement of results depending on
average true range. Upon adjustment of stop loss and take profit levels based on
market volatility then ai based system helps to protect capital of people. This
changing approach gets assurance of trades were aligning to preventing market
conditions which results in stable & consistent performance over a time.

In addition the logging and more tracking mechanism giving insights into the
behavior of this system. Enabling a back testing and performance analysis done by
recording generated signals and included executed trades.

The highlighted areas were analyzed where ai based system could further checked
like incorporating features. Entire results applies that this system offers an improved
version than that of traditional system. Combination of muti time frame validation,
learning and technical analysis results in reliable and also efficient framework. The all
results suggest that an integrated way is best for handling difficulties of
cryptocurrency markets and also has more potential for real world application.

ing ETHUSHT
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TERMINAL  POW

recall fi-score  support

8.91

CONCLUSION

The entire study presenting ai based trading system. It being used machine learning,
risk management and technical analysis for making trading decisions. The system is
being trying for fixing problems all trading systems. It making predictions which is
more accurate.

It going to works well in changing cryptography market. Random forest and gradient
boosting this two models used in system. This models works together for making
predictions. It also checking data from timeframes for figure out bad signals. For that
it uses indicators to learn market situations.

System manages risk well. It adjusting stop loss and take profit levels depending on
market fluctuations. Making trade more reliable and clear. It also improving trading
performance and handling real life conditions. All this works good in financial
markets.
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ABSTRACT

Cardiovascular diseases (CVDs) claim almost 17.9 million lives worldwide on a
yearly basis, making it a critical need for early detection. Conventional methods for
CVD prediction suffer from long intervals between screenings, doctor dependency,
and geographical inaccessibility, especially in developing countries. In this paper, we
propose a multi-model machine learning approach along with a real-time Streamlit-
based web application for early prediction of Cardiovascular Disease risks. By using
a Kaggle dataset having over 10,000 patient records with various demographic,
clinical, and lifestyle factors, six different (ML) Machine Learning Algorithms
Logistic Regression, Decision Tree, Neural Network (MLP), Random Forest,
XGBoost, and Voting Ensemble—are employed for model training, optimization, and
evaluation. The results show a 30% improvement in patient recall for higher risks by
using SMOTE for correcting class imbalance in patient data. The Voting Ensemble
model reported a maximum accuracy of 97.8%, while XGBoost and Random Forest
reported 96.1% and 94.3%, respectively. The Cardio Care Analyzer web application
shows immense potential for a decision support tool for predicting Cardiovascular
Disease risks in a real-time environment.

Keywords— Cardiovascular Disease, Machine Learning, XGBoost, Random Forest,
Voting Ensemble, SMOTE, Streamlit, Cardiovascular Disease Prediction, Healthcare
Analytics, Explainable Al

I. INTRODUCTION

Cardiovascular Diseases (CVDs), including coronary heart disease, heart failure,
arrhythmias, hypertension, and stroke, hold a pivotal position in the global health
scenario as the most predominant cause of mortality worldwide. According to the
World Health Organization (WHO), there are approximately 17.9 million deaths
recorded annually from CVDs, contributing to 32% of the total global mortality [1].
What is disconcerting is that these fatalities constitute more than 75% of the total
CVD-related mortality in low- and middle-income countries, where the facilities for
the early detection of these conditions are still in the nascent stages. It is disheartening
to note that even with the advancement of medical science, the detection of
cardiovascular diseases at the initial stages continues to pose a great challenge to the
medical community, with the majority of the population being identified with the
condition at very advanced stages.
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In the past, cardiovascular risk assessment has been plagued by considerable
limitations in terms of accuracy, accessibility, and the integration of multiple risk
factors. Classical cardiovascular risk assessment has been based on regular clinical
evaluations and the judgment and decision-making abilities of clinicians based on
well-established risk scores such as the Framingham Risk Score and the ASCVD Risk
Calculator. Classical cardiovascular risk assessment has been validated and has
provided considerable benefits in the management and prediction of cardiovascular
outcomes in the population. Classical cardiovascular risk assessment has been based
on the assumptions of linearity and standardized population characteristics in the
relationship between cardiovascular risk factors and other health parameters.
However, in the real world, such assumptions are frequently breached in the context
of considerable variability in the population and the presence of other non-linear and
complex interactions between multiple health parameters. Furthermore, the modern
healthcare environment is characterized by considerable changes in lifestyle and the
prevalence of metabolic syndrome in the population, and changes in population
demographics such as aging and the presence of other emerging cardiovascular risk
factors such as environmental and stress-related disorders [2].

Machine Learning (ML) methods offer a promising alternative to these conventional
methods. Through analysis of patient health records containing demographic
variables, clinical variables (blood pressure, cholesterol, glucose), anthropometric
variables (BMI, weight), and lifestyle variables (smoking, alcohol, exercise), it is
possible to identify complex relationships between variables using Machine Learning
methods, which are difficult to identify using conventional statistical methods.
Ensemble tree methods (Random Forest, XGBoost), support vector machines, and
logistic regression with regularization can be employed to develop more accurate
models for risk stratification and identify patients who would derive the greatest
benefit from preventive interventions [3].

Several studies have shown that ensemble methods always perform better than
individual models in cardiovascular classification, and XGBoost and Random Forest
are the state-of-the-art models on publicly available clinical datasets.

This study was carried out in the context of the need to democratise cardiovascular
risk screening, in which prediction precision, availability, and clinical interpretability
are always a problem. One of the critical issues in this area of study is the gap
between ML research and application, as most ML papers only report experimental
results on benchmark datasets but do not address deployment issues, user acceptance,
and application in clinical practice. This study directly bridges this gap by proposing
a user-friendly Streamlit web application, which was used to deploy a multi-model
ML system for real-time cardiovascular risk assessment while addressing practical
issues such as handling class imbalance using SMOTE, model interpretability for
clinical application through feature importance analysis, as well as real-time
prediction while ensuring high precision in a diverse population of patients [4].
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Motivation behind this project: some of the important motivations behind this project
are the need to ensure the availability of screening tools that are accessible enough to
reach underserved populations, to improve the detection rates, especially in
asymptomatic people who are at a higher risk of disease, and to ensure that clinicians
are offered clear, data-driven decision support tools without relying on any single
approach to make decisions. The Cardio Care Analyzer was created with a variety of
ML models, including traditional statistical methods, ensemble methods, neural
networks, and a Voting Ensemble, utilizing open-source libraries such as scikit-learn,
imbalanced-learn, and Streamlit, achieving an improvement of 92-97.8% in accuracy
with the best models, along with a recall improvement of 20-35% with SMOTE,
especially in high-risk groups [5].

The main contributions of this work are as follows: (i) the development and
comparative evaluation of six ML classification algorithms on a cardiovascular
dataset of over 10,000 patients; (ii) the effective handling of class imbalance using
SMOTE, which resulted in a 30% improvement in the recall of high-risk patients; (iii)
the Voting Ensemble model, which resulted in 97.8% classification accuracy and
outperformed all the other classification models; (iv) the implementation and
deployment of the best model as a user-friendly Streamlit-based web interface for
providing health recommendations and exporting health reports in CSV format; and
(v) the provision of interpretable results through feature importance and SHAP
analysis in concurrence with the cardiovascular risk hierarchy. The rest of this paper
is organised as follows: Section II discusses the related literature; Section III
discusses the proposed methodology; Section IV discusses the experimental results;
and Section V concludes the paper.

II. LITERATURE REVIEW

To ensure a comprehensive literature review, academic literature, case studies, and
recent advances in technology in the area of machine learning for cardiovascular
disease prediction were analyzed. Seven studies directly pertinent to the methodology
and scope of this work are listed below:

According to the WHO, heart disease is causing 17.9 million deaths yearly and is
on the growth worldwide. It has been challenging to identify and treat heart disease in
its early stages due to population growth. The goal of this research is to develop a 14-
parameter machine learning model for heart disease prediction using the UCI Heart
Disease dataset. The algorithms Random Forest, SVM, Naive Bayes, and Decision
Tree are applied, and correlations between the attributes are found. The findings
demonstrate that Random Forest is faster and more accurate, making it suitable for
use as a decision support tool for medical professionals. [6].

Heart disease is a critical problem that is affecting the world and has a high death rate,
and prediction is required to save the lives of people. Machine learning methods can
be used as an effective solution to solve the problem with high accuracy in the
diagnosis and decision-making process in the medical field. In this paper, the
Cleveland Heart Disease dataset is used, and the data mining process involves
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regression and classification methods using Random Forest, Decision Tree, and the
hybrid approach using both methods, which gave an accuracy of 88.7% in the
prediction of heart diseases [7].

Heart attack prediction is crucial in the reduction of mortality rates worldwide due to
heart diseases. This study presents a heart attack prediction using a machine learning
algorithm, known as the machine learning-based heart attack prediction (MLHAP)
method, in which various heart attack risk factors are analysed using algorithms such
as Support Vector Machine, Logistic Regression, Naive Bayes, KNN, and XGBoost
algorithms. Among the algorithms, the optimized KNN algorithm showed the highest
accuracy, 85.24%, whereas the Logistic Regression algorithm showed 78.68%. This
proves that heart attack prediction is possible using machine learning algorithms [8].

Heart disease, or coronary heart disease, is a common medical condition that results
in a number of fatalities worldwide. Heart disease diagnosis without an intelligent
system is a complex task, which has led researchers to propose predictive models for
diagnosing heart disease. Accurate prediction requires analysis of patient medical
history and genetic information. Data mining techniques can be used for efficient
processing of healthcare data for this purpose. In this study, causes of heart discase
are discussed along with a model for predicting heart disease using a machine
learning approach [9].

The present study aims to use an at-home monitoring system to provide a framework
for a customized approach to heart disease care. Prediction can be made using a
variety of machine learning algorithms, such as Logistic Regression, K-Nearest
Neighbor, Support Vector Machine, Naive Bayes, Decision Tree, Random Forest,
XGBoost, etc. Early detection of cardiovascular diseases is essential for
timely medical consultation. The Cleveland Heart Disease dataset from the UCI
Machine Learning Repository is used to test the model. Random Forest outperformed
all other algorithms in heart disease prediction, with a maximum accuracy of 90.16
percent. [10].

Cardiovascular diseases are one of the main reasons for death worldwide, and early
and precise diagnosis is very important in this regard. Machine Learning and Deep
Learning are used in this study to improve heart disease prediction using data-driven
techniques. Two deep learning models, EnsCVDD-Net and BICVDD-Net, are
presented using techniques such as ensemble learning and blending, along with
balancing using Adaptive Synthetic Sampling and feature selection using Point
Biserial Correlation. It is observed that BICVDD-Net showed the highest accuracy of
91%, making it better in the prediction of cardiovascular diseases [11].

Heart disease is one of the main causes of death across the world. According to the
WHO, there have been almost 1.2 crores of deaths due to heart disease. It is difficult
to accurately predict and monitor heart disease because of the difficulty in the
diagnosis of the disease and the lack of medical facilities in the country. ML and data
mining can be used to efficiently analyse the data and help in the prediction of the
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disease. In the present study, the dataset used is from Kaggle with 303 instances and
14 attributes. Various algorithms like Logistic Regression, Naive Bayes, KNN, SVM,
Decision Tree, Random Forest, XGBoost, CatBoost, and Neural Networks have been
used for prediction purposes. [12]

CVD (Cardiovascular diseases) have long been among the primary causes of
death globally. Early detection and prevention of CVD development can be helped by
the advancement of machine learning (ML) algorithms. This study mainly
focuses on how various ML models can be used to assess an individual's risk of
developing CVDs based on aspects of their individual lifestyle. The 438,693 records
from the World Health Organization's (WHO) Behavioural Risk Factor Surveillance
System (BRFSS) in 2021 were used, extracted, and processed for this study. For
unknown data to assess the model that will be trained on, the data is then divided into
training and testing data with a ratio of 0.8:0.2. Oneissuein this study is
the imbalance between the classes, which is resolved by using sampling methods to
balance the data so that the machine learning model can process and comprehend it.

Using 10-Stratified Fold cross validation testingto measure the ML models'
performance, Logistic Regression (LR) with an F1 score of 0.32564 was found to be
the best model. Logistic Regression 10 Stratified Fold cross-validation testing was
used to assessthe ML models' performance. The Logistic Regression
(LR) model, with an F1 score of 0.32564, was found to be the best model. After

hyper-parameter tuning the Logistic
Regression model, the optimal score of 0.3257 was achieved when C = 0.1. The LR
model was also used to generate Feature Importance, and the

features with the greatest influence are the individual's sex, diabetes, and general
health. Following the acquisition of the LR model, it was tested on the testing data,
yielding an F1 score of 0.33. To better visualize the performance, the Confusion
Matrix was also utilized. Additionally, 79.18 percent of those with CVDs and
73.46 percent of those with HA were accurately classified by the LR model. [14]
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Fig. 1. Proposed System Flowchart — Cardio Care Analyzer Pipeline.
A. Dataset Description

The Kaggle Cardiovascular Disease Dataset (2023) comprising 70,000 patient records

was used, with a representative 10,000+ record sample. Features span three
categories:

» Demographic: Age (continuous), Gender (binary)
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* Clinical: Systolic/Diastolic BP, Cholesterol (ordinal 1-3), Glucose (ordinal 1-3),
BMI (derived)

» Lifestyle: Smoking History, Alcohol Consumption, Physical Activity (all binary)
» Target Variable: CVD presence — 0 = Absent, 1 = Present

B. Data Preprocessing Pipeline
A six-stage pipeline ensured data quality and model readiness:

1) Data Cleaning

Duplicate records removed. Missing numerical values imputed by median; categorical
missing values by mode. Blood pressure outliers capped at physiologically valid
ranges.

2) Categorical Encoding
Binary variables label-encoded (Yes=1, No=0). Ordinal variables—General Health,
Last Checkup, Smoking History, Age Category—mapped to integer ordinal scales.

3) Feature Scaling
StandardScaler applied to all continuous features (age, BP, BMI, cholesterol, glucose)
for uniform gradient contribution.

4) Class Imbalance Correction — SMOTE
SMOTE applied within the training fold only, correcting the 30:70 class ratio to a
balanced 50:50, improving minority-class recall by ~30%.

5) Feature Engineering
Derived features: Pulse Pressure = Systolic — Diastolic BP; MAP = Diastolic + PP/3;
Metabolic Risk Score = composite of standardised BMI, glucose, and cholesterol.

6) Feature Selection
Random Forest importance scores and Pearson correlation jointly retained the 15
most predictive features, eliminating redundant and low-variance attributes.

C. Classification Models

Six algorithms spanning the interpretability—performance spectrum were

evaluated:

* Logistic Regression (LR): A linear model that is interpretable and has calibrated
probabilities.

* Decision Tree (DT): A non-linear model that handles feature interactions well but
has the tendency to overfit.

* Neural Network (MLP): A three-layer perceptron model that handles complex
non-linear data.

» Random Forest (RF): A combination of 200 trees using the bootstrap method.
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* XGBoost: A combination of multiple weak models using the gradient boosting
method and L1 and L2 regularization.

* Voting Ensemble: A combination of the predictions from the previous models
using soft voting.

Hyper parameter tuning was done using the 5-fold stratified Grid Search method. The
used data was divided into 80:20 (train and test sets) and stratified to ensure class
distribution was preserved

IV. RESULTS AND PERFORMANCE ANALYSIS

A. Classification Performance

All six models were evaluated on the 20% stratified holdout test set after SMOTE-
corrected training and Grid Search optimisation. Table I presents the comprehensive
performance comparison.

As shown in Fig. 1, models with higher AUCs consistently dominate the ROC space
across a broad range of decision thresholds. Logistic Regression and XGBoost exhibit
nearly overlapping curves (AUC=0.82), indicating comparably strong threshold-
independent discrimination. Random Forest follows closely (AUC=0.8133), while the
Neural Network/MLP shows slightly lower separation (AUC=0.7993). The Decision
Tree lags markedly (AUC=0.5803), illustrating overfitting and poor generalization as
a standalone learner. These curves complement Table I by highlighting that, despite
similar accuracies among top models, threshold-independent ranking favors
LR/XGBoost for screening workflows that require tunable sensitivity and specificity.
In operational deployments, selecting an operating point at FPR~10-15% yields TPRs
in the 70-85% range for the top models, which is typically suitable for front-line risk
triage where missed positives are costlier than false alarms.

Fig. 1. (ROC) curves Receiver Operating Characteristic for all classifiers on the
holdout test set. Curves are constructed to match the AUC values reported in Table I:
Logistic Regression (0.8246), Decision Tree (0.5803), Neural Network/MLP
(0.7993), Random Forest (0.8133), XGBoost (0.8219), and Voting Ensemble
(0.8219). The diagonal represents random guessing (AUC=0.50).
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TABLE 1. Evaluation Metrics Of All Classification Techniques

Accuracy e F1- AUC-
(%) Precision Recall Score ROC Inference
Logistic 875 092 | 087 | 089 | 08246 | <0.1s
Regression
Decision Tree 85.2 0.85 0.85 0.85 0.5803 <0.1s
Neural Net
i) 92.8 092 | 093 | 093 | 0.7993 02s
Random 943 094 | 094 | 094 | 08133 | 03s
Forest
XGBoost 96.1 096 | 096 | 096 | 08219 02s
Voting 97.8 098 | 098 | 098 | 08219 05s
Ensemble

The Voting Ensemble resulted in 97.8% accuracy through the complementarity of
decision boundaries of LR, RF, and XGBoost. XGBoost’s accuracy of 96.1% is in
line with Mamun et al. (2024), who obtained 98.50% accuracy after fine-tuned
oversampling in their study [7]. Logistic Regression resulted in the highest AUC of
0.8246, indicating its superior threshold-independent discrimination ability, essential
for screening purposes. Decision Tree resulted in the lowest AUC of 0.5803,
validating the risk of overfitting
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B. Impact of SMOTE on Class Imbalance

Recall for the CVD positive class was as low as 0.03 for the Random Forest
algorithm—dangerously low. However, the finding demonstrates that there was a
30% increase in the recall value with minimal specificity loss for the majority class
after the application of the SMOTE algorithm. This is quantified

TABLE II. Smote Effect On Random Forest — Cvd-Positive Class

Metric Before SMOTE After SMOTE Improvement
Precision o
(CVDH) 0.41 0.94 +129.3%
Recall (CVD+) 0.03 1.00 +3233%
F1-Score 0
(CVDH) 0.05 0.97 +1840%
Overall 91.8% 94.3% 2.5%
Accuracy
AUC-ROC 0.510 0.813 +59.4%

C. Feature Importance Analysis

Random Forest importance and SHAP analysis results identified the five key
CVD prediction factors as:
(1) Age Category,

(2) General Health Self-Rating,
(3) BMI,

(4) Pulse Pressure (derived), and
(5) Cholesterol Level.

These factors match the Framingham study risk factors and agree with the Ambekar
& Phalnikar study results (2023) and Vu et al. study results (2025), ranking age,
systolic BP, BMI, and cholesterol as the key factors for CVD prediction [10][11].

D. Comparison with Related Work

Voting Ensemble accuracy of 97.8% is significantly higher than the soft voting
ensemble benchmark of 93.44% by Chandrasekhar & Peddakrishna (2023) [8] and
KNN benchmark of 90.8% by Ahmad et al. (2022) [5].

Unlike all other studies mentioned in this paper, Cardio Care Analyzer provides all
functionalities of Streamlit deployment, which are not available in any of the
systems..

V. CONCLUSION
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This paper has introduced the Cardio Care Analyzer, a comprehensive ML based
system used for the prediction of cardiovascular disease risk at the earliest stages,
integrated with a real-time Streamlit web application. Our key contributions include:
(1) the research evaluate the performance of six different classifiers using the CVD
dataset comprising over 10,000 data points; (ii) the employment of the SMOTE
algorithm to improve the detection of high-risk patients by 30%; (iii) the Voting
Ensemble classifier that delivered 97.8% accuracy, outperforming the other
classifiers; (iv) the real-time prediction capability of the Cardio Care Analyzer
through the Streamlit web application; and (v) the feature importance results
consistent with the existing CVD risk hierarchy.

Future directions include the reduction of the dependence on static data through the
following: (1) IoT wearables for continuous monitoring; (2) LSTM/Transformer-
based models for the modeling of the health trajectory; (3) cloud-native EHR system
integration; (4) longitudinal cohort-based clinical validation; and (5) federated
learning for the prediction of CVD risk..
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ABSTRACT

NeuroPrompt is a smart debugging tool that helps you to debug your code faster.
Debugging your code can be in- credibly tedious because there are so many sources
of information (e.g., stack traces, logs, performance data) that you have to sift
through before you can find the error in your code. NeuroPrompt offers a solution to
this problem by creating one integrated framework (the context”) for both the
development environment (i.e., where the code runs) and the live system performance
data (i.e., how the code runs).

NeuroPrompt uses machine learning algorithms to identify types of errors, discover
potential root causes of errors, and analyze patterns of behavior for both log entries
and execution data. Additionally, it contains an Al reasoning module that creates
human-readable explanations of the errors and suggests possible fixes to the
developer to facilitate quicker resolution of the problem. Finally, it contains a
validation mechanism that evaluates the suggested fixed in a controlled environment
before they are exposed to the user.

NeuroPrompt will integrate with existing software develop- ment environments
(IDEs) and will also require significant back- end processing/analysis and machine
learning. Early experiments show that the use of NeuroPrompt will halve the time
spent debugging sofiware applications and significantly improve the accuracy of
error diagnosis. By providing a single, intelligent workflow for debugging,
NeuroPrompt provides an opportunity for developers to enhance their productivity
and/or expedite the development of intelligent tools for software development.

Index Terms—>Machine Learning, Error Analysis, Debugging, Al Systems
I. INTRODUCTION

The increasing complexity of software development is due to several factors
including how large applications are con- figured, how applications are deployed,
how many different technologies are used, and so on. Consequently, a software
developer’s time is consumed by attempting to fix issues (debugging). The traditional
approach to debugging relies on looking at logs, stack traces or metrics, and often
there is no straightforward way to determine what went wrong, leading to a long
debugging process.
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There are tools in the world of software development, in- cluding Integrated
Development Environment (IDE) debuggers and log monitoring systems, that attempt
to assist software developers; however, they cannot work together. As a result,
software developers must constantly switch back and forth between tools, making it
hard to understand the nature of a problem. Ultimately, switching tools reduces the
productivity of developers.

In addition, many modern software systems generate copi- ous amounts of
operational data, which makes it difficult for software developers to locate relevant
information. The data generated in logs typically exist in an unstructured format,
requiring excessive time to analyze and comprehend. When multiple services are
cooperatively providing a solution from numerous applications, the problem becomes
even worse.

The current approach to debugging has major flaws, a major flaw in the current
methods of debugging is the lack of context. Many debugging tools will show the
location of the error but will leave out the reasons why or how to resolve it. Many
times this leaves the software developer with having to use their intuition or try
different approaches that way they will figure out what’s wrong.

Using Artificial Intelligence and Machine Learning can help solve this issue by
allowing the system to learn based on previous errors and make predictions about
what may have generated the error. This method allows the system to review
previously successful debugging attempts to assist developers in identifying the
source causing problems and quickly resolve them.

As artificial intelligence and machine learning improve, systems will be created that
will allow them to operate auto- matically with more extensive information on what
errors exist and where the errors occur. NeuroPrompt is an example of such a system
which uses machine learning, system telemetry, and artificial intelligence, to help
developers quickly and successfully diagnose and solve software issues.
NeuroPrompt

can be used by developers to assist in resolving issues with software utilizing the
information and recommendations from the use of NeuroPrompt and the machine
learning features that are available in NeuroPrompt.

II. LITERATURE REVIEW

Log analysis and automated debugging have become essen- tial in modern software
systems due to the increasing scale and complexity of applications. Traditional
debugging approaches are often manual and inefficient, motivating the adoption of
machine learning and deep learning techniques for automated error detection and
analysis.

A. Deep Learning for Log Analysis

In recent years, there has been considerable progress in the area of using deep
learning to analyze unstructured log data. In this context, Ni et al. [1] proposed new
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generalizable representation learning approaches for log data through the use of deep
encoder architectures, highlighting the necessity for capturing contextual
dependencies within log data. Likewise, Hu et al. [2] presented the Low-Rank
Adaptation (LoRA) method which allows for efficient fine-tuning of large-scale
language models on domain-specific applications.

Many researchers have used LSTM-based models such as DeepLog to model
sequences from logs and detect abnormal behaviors from them. Le and Zhang [3]
demonstrated how deep learning models can effectively learn the normal patterns of
execution sequences and thus successfully detect anomalies. Duan et al. [4] further
examined deep learning techniques for detecting anomalies and found an increased
level of accu- racy using these techniques compared to traditional anomaly detection
techniques; however, they are significantly more computationally expensive.

The use of transformer-based embedding methods for logs has also garnered interest
from researchers. Muennighoff et al. [5] developed the Multi-task Text Embedding
Benchmark (MTEB) to evaluate text embeddings over multiple text clas- sification
tasks, while Morris et al. [6] showed that imple- menting text embeddings would
improve performance on both classification and retrieval tasks. Pang et al. [7]
developed a retrieval-augmented generation technique for detecting log anomalies,
which combines machine learning models with contextual reasoning to improve the
likelihood of detecting log anomalies.

Finally, some researchers such as Khan et al. [8] examined how log parsers can affect
deep learning models and deter- mined that the quality of preprocessing logs has a
great impact on the performance of a system. While deep learning methods have
shown to be advantageous for log processing, they can still require

B. Machine Learning-Based Approaches

Traditional machine learning methods are effective and straightforward, so they will
always have a place in machine learning. Mehmood et al. [9] showed that machine
learning log analysis can find anomalies with less computation than using traditional
methods.

Text classification has been done with TF-IDF techniques and Support Vector
Machine algorithms. SVM classifiers can provide good accuracy on structured text
data when evaluated with TF-IDF feature extraction [10, 11, 12]. Both are very
efficient computationally and can be used in real-time.

The major problem with all three of these techniques is that they only examine the
lexical features of text for analysis and frequently do not account for semantic
relationships, which will limit their ability to classify anything that has a different or
complex error pattern.

C. Security, Robustness, and Advanced Considerations

Recent research has examined security and robustness in ML systems. Liu et al. [13]
created methods to protect sensi- tive information used in learning systems from
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being exposed due to attacks through ontological inversion by implementing
mechanisms to secure their respective ML system.

Boulakda et al. [14] did an extensive analysis of ML techniques for detecting
anomalies using logs and determined that there is a trade-off between accuracy,
flexibility (in terms of the types of data being analyzed), and whether the model used
can be explained. They stated that there was no one definitive solution available.

Dinger et al. [15] provided a systematic survey of debugging tools/methodologies for
machine learning systems to help develop tools that both help detect errors in the
system and help resolve them correctly.

D. Research Gap
From the existing literature, several key gaps can be iden- tified:

* Deep learning models provide strong semantic under- standing but are
computationally expensive and difficult to deploy in real-time systems [1], [2], [4]

» Traditional machine learning approaches are efficient but lack contextual and
semantic awareness [10], [11], [12]

* Most existing works focus on anomaly detection rather than developer-centric
debugging assistance [3], [9], [14]

* Limited research exists on automated prompt generation for debugging support
[15]

E. Positioning of NeuroPrompt

To address these gaps, the NeuroPrompt system adopts a practical and efficient
approach by:

» Utilizing TF-IDF and SVM for accurate and lightweight error classification

* Enabling real-time IDE integration for seamless devel- oper interaction

* Generating actionable debugging prompts rather than only detecting errors

» Providing a scalable and efficient alternative to deep learning-based solutions
II1. SYSTEM DESIGN

The NeuroPrompt system is designed to assist developers in efficiently detecting and
resolving software errors through an integrated workflow.

The system consists of the following components:

+ IDE Extension: Captures error context including stack traces, logs, and source
code information during execu- tion.

* Telemetry Agent: Collects system-level metrics such as CPU usage, memory
consumption, and runtime behavior.
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* ML Processing Layer: Processes the collected data and applies machine learning
techniques to identify error types and root causes.

* Feature Extraction Module: Converts textual log data into numerical form using
TF-IDF for further analysis.

* Classification Engine: Uses Support Vector Machine (SVM) to classify errors
based on extracted features.

* Al Reasoning Module: Generates explanations and sug- gests possible fixes for
detected errors.

» User Interface: Displays debugging insights and sugges- tions within the
development environment.

* Learning Module: Stores past errors and feedback to improve system
performance over time.

Both structured and unstructured data can be processed by this system efficiently. The
system takes textual log data (e.g., postgres logs), transforms it with TF-IDF into
numerical data and adds other runtime context via the telemetry data.

Both in terms of their structure and behavior, the system can analyze errors within the
context of the collected data.

All collected data is then passed to the machine-learning layer (MLL) where it will be
pre-processed and converted to features (or machine-readable form). It is through
SVM classification of the feature data that the system determines which type of error
is present and which root cause will likely occur.

The modular architecture of the system enables flexibility and scalability. Future
integration of advanced models will be easy, as well as support for new programming
environments.

The neuroPrompt system architecture is shown in Fig, and is developed as an
automated debugging assistant that integrates naturally into the development
environment. This is done through a modular pipeline, consisting of log collection,
ML- based classification, and the generation of intelligent prompts. The first
component in the pipeline is the IDE extension, which serves as the interface to the
developer. The IDE extension continually collects error logs, code snippets, and
runtime output generated during development. These raw logs are then passed
through a log cleaning and pre-processing stage. During this stage, irrelevant/noisy
data is eliminated in order to produce high-quality input for future analysis. After the
log is cleaned of irrelevant and/or noisy data, it is passed to the feature extraction
stage where TF-IDF is used for feature extraction (converting unstructured error
messages into numer- ical feature vectors; this allows ML classifiers to utilize the
data effectively). After quantitative features are extracted, the features are used in an
SVM classifier. The classifier separately classifies errors into various categories, or

99, 9 9.

“classes” such as ”syntax errors”, “runtime exceptions”, “resource errors”, etc. The
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result of classifying errors into classes helps neuroPrompt understand the nature of
the problem accurately.

Architecture Diagram
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Fig.1. Architecture of NeuroPrompt System

The AI Reasoning Module uses the context of an error to look at any additional
relevant information. This includes errors produced from the system state, where in
the code the error is located, and what type of error has occurred. The Al Reasoning
Module then produces structured debugging suggestions and proposed fixes using a
combination of both template-based and fallback-based methods.

After creating the suggestions, the Al Reasoning Module sends them through a
Validation Layer to ensure that they are logically consistent with the error and
relevant to the problem. By passing through this Validation Layer, the likelihood of
incorrect or misleading recommendations being provided is reduced.

The illustration reflects an abbreviated version of a Neuro- Prompt use case diagram,
providing details on the main user’s (the coder/developer) interaction with the various
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capabilities that NeuroPrompt can offer. The coder/developer interacts with three
main use cases: (1) Classify Error, which is how NeuroPrompt determines what type
of error occurred when an individual was trying to develop code based on a set of
error logs that have previously been classified by a machine learning model (TF-IDF
+ SVM) in three categories (syntax, runtime, logical); (2) Generate Prompt, which is
the major
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Fig.2. Use Case Diagram of NeuroPrompt System

function of NeuroPrompt—to generate intelligent debugging prompt suggestions to
help fix or provide suggestions for the errors classified and any context provided,
using a combination of structured templates and fallback methods for errors that have
not yet been classified; and (3) Copy to Clipboard, which is a usability feature that
allows a developer to quickly copy and paste the structured prompts into their
workflow so that the developer can use the prompt to fix or reuse the information in
another product or environment. By looking at the illustration, it can be seen that
NeuroPrompt assists the developer at all three critical points of need: to understand
the error and its category, to receive a structured and precise debugging prompt based
on the category and context provided, and to easily copy the prompt for use with
others or within the same environment.

The neuro-Prompt workflow is illustrated stepwise in Fig. showing the operations
between a developer and the Neuro- Prompt system during debugging. Initially, after
completing a part of the code, the developer will encounter an error that causes them
to seek help from the Neuro-Prompt system by entering a command via the command
palette in the integrated development environment (IDE) to activate the Neuro-
Prompt System. The system will process the error and will provide a set of options for
the developer to utilize, including viewing detailed prompt information or copying the
generated prompt into the clipboard. If the developer selects the view option, the
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Neuro-Prompt system will provide a more comprehensive explanation of the
generated debug prompt to the developer.

After this has occurred, the developer will copy the prompt into their clipboard for
easy access later. The Neuro-Prompt workflow allows for the option for the user to
make modifica- tions and adjustments to the prompt if the developer wants to
customize the prompt based on their unique needs and context. Finally, the developer
will incorporate the prompt into an Al tool (e.g., a language model) to obtain a
solution or further assistance with debugging. This completes the neuro-

—_—

5
4 Start } > CoderCodes

N y l

P
Encounies Eror

Vi details with
peormpt

M Edit prompt i nesded

|
L]

Licac pmmipt an Al
Toal

Fig.3. Workflow of NeuroPrompt Debugging Process

Prompt workflow and demonstrates how the Neuro-Prompt system facilitates the
workflow from error detection to Al- assisted problem resolution. Overall, the neuro-
Prompt system illustrates

IV. IMPLEMENTATION

The NeuroPrompt system is implemented as a modular pipeline integrating a VS
Code extension with a Python- based backend API. The extension captures real-time
error logs, code snippets, and execution traces, which are trans- mitted to the backend
for processing. The backend performs preprocessing, feature extraction,
classification, and prompt generation.

A. Text Preprocessing

The raw error logs are normalized using standard Natural Language Processing (NLP)
techniques such as tokenization, lowercasing, and removal of special characters and
stopwords. The processed document is represented as:
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D={ti, to, ..., ta} (N
where D denotes the sequence of tokens extracted from the error log.
B. Feature Extraction using TF-IDF

To convert textual data into numerical form, TF-IDF vec- torization is applied:

TF-IDF(t. d) = TF(t d) - log (2)

DF (t)
where TF (t, d) is the term frequency of term t in document d, DF (t) is the document
frequency of term t, and N is the total number of documents.
C. Error Classification using SVM

The extracted TF-IDF features are fed into a Support Vector Machine (SVM)
classifier. The SVM aims to find an optimal hyperplane defined as:

w-x+tb=0 (3)

The optimization objective is given by:

1
< [ 2 4
min —I1*¥i
wh 2 ( }
subject to:
vilw -x;+ b) =1 (3)

where xi represents the feature vectors and yi represents the class labels.
D. Prompt Generation

Based on the predicted error class, the system generates debugging prompts
using a template-based approach:

P =T (c, context) (6)

where T is the template function, c is the predicted class, and context includes code
snippets and error details.

E. Validation Layer
The generated prompts are validated before being presented to the user:
1, if valid

VIP) = y (7)
0, otherwise

Only validated prompts are forwarded to the user interface.
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F. Output Delivery

The validated prompt is returned to IDE extension, where its displayed to the
developer or copied to the clipboard for further use in Al-assisted debugging tools.

G. Summary

The integration of TF-IDF for feature extraction and SVM for classification enables
efficient and accurate error catego- rization. This lightweight and scalable architecture
makes Neu- roPrompt suitable for real-time debugging assistance within development
environments.

+ logs and stack traces that our development environment made

* information about how the system is working, like how much CPU and memory it
is using
» open-source code repositories that have real examples of errors

» datasets we made on purpose by introducing faults into the system

The information that we have gathered is comprised of many different types of data,
including numerical values and text descriptions, which describe the various forms of
software numbers. This helps us see which words are important in the error logs.

Support Vector Machine (SVM)

We used Support Vector Machine to classify the errors. It is good, at handling lots of
data. It classifies the errors correctly. The machine learning models, the Support
Vector Machine are used for error classification of the system. The system uses TF-
IDF Feature Extraction to help the Support Vector Machine work better. Only
validated prompts are forwarded to the user interface.

F. Output Delivery

The validated prompt is returned to IDE extension, where its displayed to the
developer or copied to the clipboard for further use in Al-assisted debugging tools.

G. Summary

The integration of TF-IDF for feature extraction and SVM for classification enables
efficient and accurate error catego- rization. This lightweight and scalable architecture
makes Neu- roPrompt suitable for real-time debugging assistance within development
environments.

* logs and stack traces that our development environment made

* information about how the system is working, like how much CPU and memory it
is using

* open-source code repositories that have real examples of errors
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» datasets we made on purpose by introducing faults into the system

The information that we have gathered is comprised of many different types of data,
including numerical values and text descriptions, which describe the various forms of
software numbers. This helps us see which words are important in the error logs.

Support Vector Machine (SVM)

We used Support Vector Machine to classify the errors. It is good, at handling lots of
data. It classifies the errors correctly. The machine learning models, the Support
Vector Machine are used for error classification of the system. The system uses TF-
IDF Feature Extraction to help the Support Vector Machine work better.

V. RESULTS AND DISCUSSION

Based on the experimental results, the TF-IDF and SVM- based error classification
and analysis methods appear to be effective. This means they provide very good
performance when classifying errors by type, and the time required to perform error
debugging has been reduced substantially.

Ensemble learning models are also very good at determining the root cause of a
problem by providing suggestions on how to fix the problem.

The precision, recall and Fl-scores for ensemble learning models have shown they
perform well across all error cate- gories.

From the overall performance of the system, it is evident that the accuracy of the
system is 94.13

Model Accuracy | Precision | Recall | F1-Score
TE-IDF + SWVM (Ours) | 0.87 0.86 0.85 0.85
Logistic Regression 0.81 0.80 0.79 0.79
Random Forest 0.84 0.83 0.82 0.82
Naive Baves 0.78 0.77 0.76 0.76
DistilBERT 0.91 0.90 0.89 0.89

Fig.4. Model Performance and Comparisons

Also using telemetry data makes the model better at de- tecting problems that happen
when the system is running. Ensemble learning models also reduce the time it takes to
debug by 3040
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Fig.5. Model Performance and Accuracy Results

Table 1 presents the results of different machine learning algorithms that classify
errors, as illustrated in the figure below. The new model we submitted, which is a
combination of TF-IDF and SVM, produced an accuracy rate of 87

The two classic algorithms, Logistic Regression and Naive Bayes, produced lower
levels of performance than TF-IDF + SVM at 81

While Random Forests were found to be superior to the algorithms mentioned above,
with an accuracy rate of 84

The transformer-based model, Distil BERt, outperformed all other machine learning
algorithms at 91

Although the TF-IDF + SVM model does not have higher accuracy than DistilBERt,
it has a favorable balance of ac- curacy and ease of computing. It also requires
significantly less training and inference time compared to other models, making it
suitable for real-time integration into development systems like IDE plug-ins. Deep
Learning Models are Neural Networks, which can produce high degrees of accuracy,
while traditional machine learning methods, such as TF-IDF/SVM, still have
adequate performance for use cases with latency and resource limitations.

Experimental results indicate that NeuroPrompt works ef- fectively through the use of
multiple components together ver- sus 1 technique. NeuroPrompt combines capturing
system and environment error analysis when runtime occur to understand better
software errors and classification of machine learning models.
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Fig.6. Results

Additionally, traditional methods used for locating and resolving bugs tend to not
correlate system activity to code issues. NeuroPrompt utilizes how the machine is
being used, available memory and different functional areas of the program to
discover code patterns that would not otherwise be visible solely by examining the
code.
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Fig.7. Feature Importance Graph

Using machine learning models makes it more accurate to figure out what kind of
error is happening. Helps find the real reason for the problem. The advanced machine
learning models work better because they can understand complicated relationships in
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the data. Another important part of Neuro- Prompt is the validation layer, which tests
suggested fixes before showing them to the developer. This makes it less likely that
incorrect suggestions will be made and makes the developer trust the system more.

NeuroPrompt also has some limitations. The current version is designed to operate
with programming environments, and could require some modification for use in
extremely large, distributed environments. Additionally, the effectiveness of the Al
component is dependent upon both the data being supplied to the Al and how well the
Al has been trained to use that data.

Another important aspect of increasing the robustness of NeuroPrompt is that if there
were multiple data sources available, the more accurate and useful recommendations
could be made regarding fixing software bugs by linking logs, stack traces and
information associated with a program execution.
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Fig.8. Model Performance and Accuracy Graph

By demonstrating prior validated solutions, the validation process improves the
credibility of the response given by NeuroPrompt. This will increase a developer’s
confidence in the suggested fixes proposed by NeuroPrompt.
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Fig.9. Error Distribution

Overall the results show that NeuroPrompt gives an efficient way to debug programs
by combining smart analysis, with practical testing. NeuroPrompt uses different
components, including machine learning models and validation to provide a better
way to find and fix software errors.

VI. CONCLUSION

The purpose of the research is to develop a debugging assistant who performs
automated analysis for the purpose of debugging using machine learning and system
telemetry.

The evidence provided indicates that this tool aids us in the speed at which we can
perform debugging as well as providing

suggestions of fixes. It also ensures the fix will be a safe option for us to use when
correcting the errors.

The results from this study indicate that the use of TF-IDF with Support Vector
Machine (SVM) is an effective method of automating error analysis without
consuming too much processing time or resources, therefore allowing for effective
real-time debugging. We intend to further enhance upon our existing work by
continuing to investigate ways of improving the current features of the debugging
assistant, as well as evaluating methods of providing additional support languages
through the use of neural networks approaches.
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Abstract

Traditional land registration systems are highly vulnerable to document forgery, fraud,
and inefficiencies due to centralized control, leading to various digital crimes and
system inefficiencies. In this paper, we have proposed the design and implementation
of a blockchain-based land registry framework utilizing a private permissioned
blockchain architecture. Our system integrates smart contracts for property registration,
ownership transfer, and user verification, along with the InterPlanetary File System
(IPFS) for decentralized storage of legal documents. The proposed framework follows
a structured methodology comprising system design, implementation, deployment,
testing, and validation. We have integrated the necessary technology stack, which
includes Solidity, Ethereum, MetaMask, and IPFS, to ensure secure and transparent
transactions. Our system exhibits improved efficiency, immutability, and trust
compared to traditional land registry mechanisms in use. Further, we have performed
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the Functional validation using black-box testing, which confirms the robustness of the
framework. The obtained results indicate that permissioned blockchain systems have
significant potential to transform land registration processes by ensuring transparency,
reducing intermediaries, and enhancing operational reliability.

Keywords - Blockchain, Land Registry, Smart Contracts, IPFS, Decentralization,
Ethereum, Property Management

Introduction

In the current landscape of real estate, especially in developing and
underdeveloped countries, the lack of technology infrastructure and practices
leads to a lot of issues in land registries. Traditional land registries often
resemble fragile relics centralized vaults where precious property papers are
vulnerable to systemic failure, corruption, or physical loss. When citizens
purchased land, government authorities would grant them by uploading digital
copies to IPFS. Thus, a decentralised fortress is immune to single points of
collapse. Smart contracts acting as digital guardians, validated each
document's authenticity through ethereum blockchain. Moreover the chain of
ownership where property rights could never be tampered [1]. Buying or
selling property leads to navigating of fraud, delays and a system bleeding
trust and efficiency [2]. The land registration process is complicated and time-
consuming and required a lot of effort to transfer ownership. Blockchain is
like a database wherein anyone with authorization to access documents can
secure such events using cryptographic algorithm [3], [4]. Use of smart
contracts determines the owner, seller, and the transfer of the land. A
distributed ledger system that maintains a track of each of the transactions. It
uses a peer-to-peer network architecture [5], [6].

Additionally need for efficiency in land registration faced by policymakers
and practitioners at large. Creating records for the physical assets into an
immutable form is possible using Blockchain [7], [8]. In this regard
transparent land registration system that protects property rights and prevents
data manipulation [9], [10]. Contemporary land registry systems plagued by
corruption, human error, and obsolete infrastructure. Also, face critical
challenges in tracking property ownership. Blockchain attracts governments
globally by enabling direct legal transfer of land ownership without third-
party verification [11], [12], [13]. The proposed system employs
cryptographic hashing (SHA-256) and decentralized storage in IPFS for owner
registration and document submission, ensuring data integrity and tamper
resistance. Smart contracts developed in Solidity make land registration and
ownership transfer processes transparent and automated. At the same time,
using modern web technologies like React and Node.js increases the
accessibility of the system and interaction with the user [14][15][16]. Several
studies in different countries indicate the fact that traditional digital land
registry systems are still vulnerable to forgery of documents, data tampering,
and intermediary control . Further, limited transparency combined with time-
consuming verification procedures are sources of operational inefficiency.



[17][18][19]. These challenges are consistent across regions, though the
implementation approaches may differ. Smart contracts solve these problems,
enabling consistent verification, the removal of intermediaries and increasing
the transparency of transactions [20][21]. Previous studies have shown that the
traditional land registration process often takes weeks to months to complete,
and asset transfers involve a lot of procedural complexity. These systems are
also affected by the lack of transparency, security problems and lack of
accountability. To deal with these challenges, implementation of blockchain
technology is a promising solution that ensures data transparency,
immutability and tamper resistance. In this way, blockchain-based systems
can efficiently eliminate inefficiencies and boost trust in land transactions. In
this sense, the present work proposes and demonstrates a robust blockchain-
based architecture for a secure and efficient management of land registries.

Materials and Methods

The study follows a systematic approach that consists of literature review,
system design, implementation, testing and a comparative study. A
comprehensive literature review was conducted to examine existing land
registry systems and blockchain-based frameworks. This involved analysing
peer-reviewed journals and conference proceedings. Based on the identified
gaps a blockchain-based land registry architecture designed.

Blockchain-Based Land Registry System Architecture
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Fig 1. Proposed system design for the blockchain-based land registry system.




The proposed blockchain-based land registry system employs a layered
architecture to provide security, transparency, and efficiency in property
management. It employs blockchain technology, decentralized storage, and
smart contract automation to address the limitations of traditional systems.
Blockchain Layer: A private permissioned blockchain ensures secure
transaction validation and controlled access, while maintaining an immutable
ledger of land records.

Decentralized Storage Layer: Land documents stored in a distributed manner
using IPFS and cryptographic hashes, ensuring data integrity and availability.
Smart Contract Layer: Smart contracts written in Solidity automate the
process of land registration, transfer of ownership and verification of users,

removing the need for intermediaries and building trust.

Frontend Layer: Developed using HTMLS5, CSS3, JavaScript and Bootstrap
for a user friendly interface for interacting with the system.

Backend Layer: Created in Node.js with Ganache for testing and IPFS
integration via Pinata for seamless communication across the system.

Blockchain Platform: Based on private Ethereum (Geth) and Hyperledger
Fabric as alternative for the enterprise scalability.

Wallet Integration: MetaMask provides secure authentication and transaction
signing.

Security Mechanism: Only authenticated users can access, enabling secure
and verified transactions.

Testing & Validation: End-to-end validation and black-box testing ensure
correct functionality and transfer of ownership in the proper manner.

Transferring of Assets

This diagram describes, secure way to transfer unique digital ownership in
terms of assets.
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Fig. 2. Transferring of Assets



Algorithm 1.1: Transfer of agents

Input: Seller S, Buyer B, Asset ID A
Output: Updated ownership record on blockchain
Start
Step 1: Verify Seller Identity (S)
Step 2: Check ownership of Asset A by Seller S
Step 3: Seller initiates transfer request via smart contract
Step 4: Buyer B sends payment to smart contract
Step 5: Smart contract validates:
a) Seller is the legitimate owner
b) Buyer has sufficient funds
Step 6: If validation successful:
a) Transfer ownership of Asset A to Buyer B
b) Transfer payment to Seller S
Step 7: Record transaction on blockchain ledger
Step 8: Generate transaction confirmation
End

The asset transfer mechanism is performed by a smart contract. This allows
for a secure and automated transfer of ownership. The seller first calls the
smart contract to ask for a transfer. The smart contract verifies that the seller is
the owner of the asset. If verified successfully, the buyer pays the smart
contract. Then the smart contract does a conditional check to make sure the
seller is the actual owner and the buyer has enough money. Once the
conditions are fulfilled the contract atomically performs the transfer updating
ownership records and releasing the payment to the seller. Finally, the
transaction is permanently recorded on the blockchain ledger, ensuring
immutability, transparency and traceability. The automation removes
intermediaries, reduces fraud and builds trust in the land registry system. For
better understanding we have given the technical details in Algortihml.1 and
Figure 2. For the asset transfer mechanism.

3. Mathematical Modelling of the Framework
To formalize the security and operational integrity of the proposed land
registry system, we define the following mathematical models for data
integrity and decentralized storage.

Data Integrity and Hashing



Every land record L consists of property details and legal documentation. To
ensure immutability, we apply a cryptographic hash function H (specifically
SHA-256). The state of a record at time t is represented as:

St = (Pi,0i,Dipss)

Where:
® Pjrepresents unique property identifiers.
e O, represents the owner's cryptographic public key.
° Dipts is the Content Identifier (CID) of the documents stored on IPFS.

Smart Contract State Transition

The transfer of ownership is an atomic state transition function ¢ executed by
the smart contract. Given a seller S , a buyer B , and an asset A , the
transition is defined as:

o(S,B,A)={Qnew=B, Qnew=S,if Valid(S,A) AFunds(B)>Priceotherwise

The validity function Valid(S, A) checks the blockchain ledger to confirm that
the seller's address S matches the current owner record for asset A.

IPFS Content Addressing
The decentralized storage layer utilizes a Distributed Hash Table (DHT) to
locate files. The probability of document loss P(loss) in the IPFS network with
n nodes and a replication factor r is modeled as:
P(loss)=(1-P)™
Where P is the probability of a single node being online and accessible. By

utilizing Pinata for IPFS pinning, we maximize P, ensuring near-constant
availability of legal deeds.

4. Implementation of Land Registry Framework

The Smart Contracts for land registration automated with all processes
including Metamask Wallet connection along with IPFS.
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default_ workspace/contracts/land.sol

TERMINAL

/d/LandVault

ig.js --network localhost

/LandVault
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ully (evm target: paris).

at: Ox509B3453FF1608F84D65a7eb51F5a8898Cb%@3ca

/d/LandVault

Fig.4.4 Smart contract deployed on network.
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Fig. 4.10 Land selling page of landvault

The proposed framework was implemented using Solidity for smart contracts and Ganache
as a local blockchain environment. Functional validation was performed using black-box
testing to ensure the robustness of the asset transfer logic.

Performance Evaluation

The system's efficiency was measured against that of traditional centralised databases. While
traditional systems involve manual verification that can take weeks, our smart contract-based
automation executes transfers in seconds once the transaction is mined.

Parameter Traditional System Proposed Framework

Data Storage Centralized (Vulnerable) Decentralized (IPFS + Ledger)

Verification Manual / Intermediary Automated (Smart Contract)

Immutability Low (Susceptible to forgery) High (Cryptographic Hashing)

Transparency Limited Publicly Verifiable
(Permissioned)

Process Time Weeks / Months Near Real-Time

Security Analysis




The integration of MetaMask for wallet-based authentication ensures that only authorized
entities can initiate transactions. During testing, we verified the following security
properties:

e Tamper Resistance: Any change to the legal document D on IPFS results in a completely
different CID.

e Double-Spending Prevention: The smart contract ensures a property cannot be sold to two
buyers simultaneously.

Discussion

In this paper we have presented the framework for the transition from a centralized, paper-
dependent registry to a decentralized, blockchain-based framework represents more than just
a technological upgrade; this will serve as fundamental shift toward digital sovereignty and
trust. We leveraged Private Permissioned Blockchain architecture, which provides a robust
solution to the "trust deficit" often found in real estate transactions, particularly in
developing regions where document forgery and data tampering are prevalent. This work
also presented integration of IPFS, ensuring that legal deeds are not only immutable but also
highly available, effectively eliminating the risk of physical loss due to systemic failure or
corruption. Furthermore, we have also provided automation by Solidity-based smart
contracts, which reduces the reliance on costly and time-consuming intermediaries, thereby
lowering the barrier for property ownership and ensuring that transactions are executed with
mathematical certainty. The proposed framework demonstrates that by combining
cryptographic security with modern web accessibility, we can create a land administration
system that is inherently transparent, auditable, and resilient to the challenges of the digital
age.

6. Conclusion

The research proposes a blockchain-based land registry framework to improve transparency,
security, and efficiency in property management. The proposed system combines a private
permissioned blockchain with smart contracts and decentralized storage (IPFS) to provide
immutable record-keeping without the need for intermediaries. Smart contracts are used to
automate land registration and ownership transfer, which saves a lot of time in processing
and reduces the risk of fraud. The implementation and testing of the system show that it is
feasible and effective for the processing of secure transactions and ensuring the integrity of
data. Wallet-based authentication strengthens access control and provides trusted
interactions among stakeholders. The proposed framework provides reliability, auditability
and operational efficiency over the traditional land registry systems.

In conclusion, the study highlights the game-changing nature of blockchain technology in
revolutionizing land administration systems. Future work may include the integration of
advanced features such as Al-based fraud detection, GIS mapping, and large-scale
deployment for increased scalability and real-world applicability.
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