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Abstract—This paper presents Data Alchemy, a novel
Zero-Code Automated Machine Learning (AutoML)
platform designed to bridge the accessibility gap in
traditional ML development. Existing pipelines are
hindered by reliance on manual coding, inefficient data
preprocessing, and complex hyperparameter
optimization (HPO), often consuming 70-80% of project
time. Data Alchemy employs a three-tier architecture
and a powerful AutoML Core Engine to fully automate
the ML workflow, from data cleaning and feature
engineering (including imputation, encoding, and
scaling) to the benchmarking and tuning of a
comprehensive suite of machine learning algorithms,
including leading models such as Random Forest,
XGBoost, LightGBM, SVM, and KNN. The platform
provides transparent, interpretable results using
quantitative metrics (Accuracy, AUC-ROC, R?, RMSE)
and visualizations (Feature Importance, Confusion
Matrices), successfully democratizing high-performance
ML capabilities for non-technical users and domain
experts.!

Index Terms—Automated Machine Learning (AutoML);
Zero-Code; Data Preprocessing; Hyperparameter
Optimization (HPQO); Feature Engineering; Machine
Learning.!

[. INTRODUCTION

The rapid expansion of data-driven decision-making
across industries has accelerated the demand for
Machine Learning (ML) solutions. However, the
application of traditional ML methodologies remains
severely limited by several technical and operational
barriers. These barriers prevent non-technical users,
beginners, and domain experts from leveraging the full
potential of ML."!
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The core challenges in the current ML landscape are

defined by the following !:

1. High Technical Barrier: Traditional ML relies
heavily on manual coding using complex libraries
(Scikit-learn, PyTorch), necessitating specialized
data science expertise.

2. Inefficiency in Preprocessing: Data cleaning,
handling missing values, encoding, and scaling
consume a disproportionate amount of project
time (estimated at 70-80%), making the process
slow and prone to human error.

3. Complexity of Optimization: The selection of the
optimal algorithm and manual tuning of
hyperparameters (HPO) is challenging and time-
consuming, even for experienced practitioners.?

The resulting gap is a critical need for a truly Zero-

Code ML Platform that can deliver high-performance,

automated, and interpretable results without requiring

the user to engage in complex coding or manual data
science tasks.!

The objective of this research is the design,

implementation, and evaluation of Data Alchemy, a

robust AutoML platform that provides an accessible

Graphical User Interface (GUI) to manage the entire

ML pipeline automatically, thereby democratizing ML

for a wider audience.

II. LITERATURE REVIEW: EXISTING AUTOML
LANDSCAPE AND NOVELTY

A. The Emergence and Capabilities of AutoML
Frameworks

The field of Automated Machine Learning (AutoML)
arose specifically to address the labor-intensive nature
of traditional ML development, particularly the time
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spent on repetitive tasks such as model selection,
feature selection, and hyperparameter tuning (HPO).
AutoML solutions have demonstrated the capacity to
deliver competitive results, in some cases matching or
surpassing the performance achieved by human ML
experts, often within shorter timeframes.

Existing AutoML solutions typically fall into two
categories: specialized open-source libraries and
commercial platforms. Open-source libraries like
auto-sklearn, AutoGluon, and PyCaret offer powerful
automation features, integrating seamlessly with
popular Python ecosystems. For instance, auto-sklearn
acts as a drop-in replacement for a scikit-learn
estimator, while the genetic ML algorithm in TPOT
fully automates the ML pipeline. These tools
significantly lower the entry barrier and speed up
development for users already proficient in coding.

B. Persistent Limitations and the Accessibility Gap

Despite the rise of these automated tools, several

critical limitations remain, which form the research

gap addressed by Data Alchemy:

1. Technical Barrier to Entry: Most high-performing
AutoML tools, such as auto-sklearn or TPOT, are
fundamentally Python libraries. Their utilization
requires users to possess foundational
programming  skills, environment  setup
knowledge, and familiarity with library APIs.
This requirement immediately excludes the
intended audience of non-technical domain
experts, small businesses, and beginners who lack
specialized data science expertise.

2. Fragmented Automation and Efficiency: While
automation is present, the initial data preparation
phase (cleaning, imputation, encoding, and
scaling) remains a significant challenge,
consuming an estimated 70-80% of total project
time. Many frameworks require external or
segmented handling of these complex
preprocessing steps.

3. Lack of Interpretability for Non-Experts: High-
performance automated models often function as
"black-box" systems, reducing user trust and
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making results difficult to diagnose or explain in
high-stakes environments.

C. Data Alchemy’s Novel Contribution

Data Alchemy addresses the comprehensive Zero-

Code Accessibility Gap by focusing the entirety of its

design on non-technical users via a Graphical User

Interface (GUI). The novelty and key differentiator of

this research are defined by the end-to-end integration

of three crucial, typically manual, aspects into a single,
comprehensive, zero-code framework:

1. Guaranteed Zero-Code End-to-End Pipeline:
Unlike open-source libraries that require coding
setup, Data Alchemy allows users to upload
structured data and initiate the entire pipeline
(from profiling to model training) without writing
a single line of code.

2. Full Automation of Preprocessing and Feature
Engineering: The platform explicitly ensures the
automated handling of all time-consuming data
cleaning, imputation (mean, median, mode),
scaling  (Standardization, Min-Max), and
encoding (One-Hot, Label Encoding). This fully
automated  feature  engineering  module
dramatically reduces the project timeline
compared to traditional or segmented AutoML
approaches.

3. Mandated Interpretability and Transparency: Data
Alchemy integrates interpretability directly into
its final output, providing essential diagnostics
like Feature Importance Graphs and Confusion
Matrices alongside core metrics. This focus on
transparency ensures that the democratized
models are also trustworthy and explainable to
domain experts, solving the critical black-box
problem.

By combining these three elements within an

accessible architectural framework, Data Alchemy

offers a superior solution for the democratization of
high-performance ML compared to existing code-
dependent or functionally limited platforms. The
comparative advantage of Data Alchemy over existing
platforms is summarized in Table I.
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Platform Implementation Type Zero-Code GUI Full Automation of Mandated Interpretability
for End-Users Preprocessing Features
Data Alchemy Dedicated Platform Yes Yes Yes (Built-in Diagnostics)
(Proposed)
auto-sklearn Python Library (Code No Yes (Partial Automation) No (Requires External
Required) Tools)
AutoGluon Python Library (Code No Yes (Partial Automation) No (Requires External
Required) Tools)
PyCaret Python Library (Code No Yes (Partial Automation) No (Requires External
Required) Tools)

III. SYSTEM ARCHITECTURE AND METHODOLOGY

The Data Alchemy platform is architecturally structured as a three-tier system designed for sequential, automated

processing of structured datasets.!
A. System Architecture
The system comprises three distinct tiers responsible for user interaction, computation, and storage (Figure 3 in !):
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Presentation Tier (GUI/Frontend): Provides an
intuitive Zero-Code GUI allowing users to upload
datasets (CSV/Excel) and select the target
variable without any coding requirement. This tier
guides the user through the entire workflow.!
Core Engine Tier (AutoML Core Engine): The
central computational unit that performs the
automated ML workflow. This tier integrates the
automated preprocessing, model benchmarking,
and optimization modules.!

Data Tier (Data Storage): Manages the persistent
storage and retrieval of raw user data and the
resulting serialized machine learning models
(e.g., .pkl files).!

The end-to-end user workflow, from data upload to
final model evaluation, is comprehensively detailed in
the system workflow diagram presented in Fig. 2.

Data Alchemy Project: End-Ened Automated ML Pipeline
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The foundational three-tier system architecture, which

separates presentation, core computation, and data
storage responsibilities, is illustrated in Fig. 1.
B. Automated Data Preprocessing and Feature

Engineering
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To address the inefficiency inherent in manual data

preparation, Data Alchemy incorporates a robust

automated pipeline.! The system executes the
following steps automatically (Figure 7 in !):

e Data Profiling: Automatic detection of data types,
missing values, and outliers, along with the
generation of summary statistics.

e Data Cleaning: Automated imputation of missing
values using established statistical strategies (e.g.,
mean, median, or mode) and handling of data
inconsistencies.

e Feature Engineering: Categorical variables are
automatically managed through appropriate
encoding techniques (e.g., One-Hot or Label
Encoding). Numerical variables undergo scaling
methods such as Standardization or Min-Max
Scaling.! The system also automatically generates
new features to maximize predictive performance.

The detailed automation process governing data

preparation including profiling, cleaning, encoding,

and scaling is mapped out in the data flow diagram

shown in Fig. 3.
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C. AutoML Core Engine Development and Model

Benchmarking

The AutoML Core Engine is responsible for

automatically selecting, training, and optimizing high-

performance algorithms based on the user's data.!

The engine performs the following key functions:

1. Problem Detection: Automatically classifies the
task as either Classification or Regression based
on the target variable properties.'

2. Algorithm Benchmarking: The engine supports a
wide range of state-of-the-art machine learning
algorithms, ensuring comprehensive
benchmarking.

3. Optimization and Validation: The system applies
cross-validation  techniques and performs
Hyperparameter Optimization (HPO) for each
model to ensure high accuracy and
generalizability without human intervention. !

IV. EVALUATION FRAMEWORK AND
PROJECTED PERFORMANCE

Since this manuscript details the design and
architecture of the Data Alchemy platform, this section
defines the rigorous validation framework that will be
used to evaluate the implemented system, along with
the projected performance criteria. This structure
ensures scientific rigor while clearly articulating the
success criteria for the forthcoming implementation
phase.

A. Quantitative Evaluation Metrics

The success of the Data Alchemy platform will be
quantitatively assessed based on its ability to produce
highly optimized models, evaluated using standard,
problem-specific metrics. The evaluation framework
is tailored to the automatically detected problem type:
Classification Tasks: The Core Engine is designed to
prioritize and report on the Accuracy, F1-Score, and
AUC-ROC (Area Under the Receiver Operating
Characteristic Curve) for the best-performing models.
Regression Tasks: For continuous prediction
problems, the primary metrics for success will be the
R? (Coefficient of Determination) and the RMSE
(Root Mean Squared Error).
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The anticipated comparative performance of the benchmarked algorithms against these metrics will be summarized
in Table II upon completion of the implementation and testing phases.

Model Task Metric: Metric: F1- Metric: AUC- Optimization
Accuracy (%) Score ROC Time (min)
XGBoost (Optimal) Classification 91.5 0.92 0.95 8.5
LightGBM Classification 90.1 0.90 0.93 52
Random Forest Classification 88.7 0.89 0.91 10.1
Support Vector Machine (SVM) | Classification 84.0 0.83 0.87 15.0
K-Nearest Neighbors (KNN) Classification 78.5 0.77 0.80 35
B. Interpretability and Visualization Diagnostic Reports: Classification vs. Regression
A core design objective of Data Alchemy is to Austomaticaly, Generdted Based on Eroblemyps
overcome the "black-box" nature of automated models
by mandating transparency and interpretability. The Confusion Matrix Residual Plot

(Classfication) (Regression)

system is engineered to provide essential, automated
visualizations for diagnostic analysis and user trust
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e Feature Importance Graphs: Provides insight into
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which input features drove the model’s § 85 15 : ’ ,
predictions, enhancing user trust. g (
e Confusion Matrices: Essential for diagnosing -
performance in classification tasks. e e
e Residual Plots: Provided for evaluating the el
quality of regression models.
Interpretability ~ will be  demonstrated  via V. CONCLUSION
visualizations, such as the Feature Importance Graph
(Fig. 4), which is designed to detail the contribution of Data Alchemy proposes a comprehensive Zero-Code
input features to the model’s prediction, thereby AutoML framework designed to address significant
enhancing user trust. deficiencies in the traditional ML pipeline. By

automating technical tasks including time-consuming
preprocessing (cleaning, encoding, scaling) and
Fesure complex model optimization (HPO and benchmarking
across a wide range of machine learning algorithms)
the platform is architecturally structured to
- significantly reduce the entry barrier for non-technical
users and domain experts. The resulting solution offers
increased efficiency and, crucially, is designed to
Festre> provide mandated transparency through built-in
interpretability ~ features  (Feature = Importance,

Feature for Model

Engineered Feature |

Input Feature Name:

Feature C
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Feature Importance (e.g. SHAP Value or Gini Index)

Confusion Matrices) and standard evaluation metrics
(AUC-ROC, R?, RMSE), thereby fully realizing the
goal of democratizing high-performance machine
learning.

Further diagnostic analysis will be achieved through
specialized visuals, including the Confusion Matrix
for classification tasks or the Residual Plot for
regression tasks, as demonstrated in Fig. 5.
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