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Abstract: Data science is applied in various domains such as healthcare, finance, e-commerce, and
recommendation systems, yet learners have difficulties since most platforms are scattered or focus on
theory alone, with the rest giving datasets without guidance. To this end, the proposed project creates a
single, interactive, click-based learning platform whereby users will be able to carry out full data science
pipelines with very little coding. Domain-specific datasets shall be provided, including their simple
preprocessing, model selection, automatic evaluation dashboards, and one-click deployment. The platform
will also include guided workflows, reusable templates, and an Al chatbot with suggestive answers to
questions, explanations of steps, and suggestions that will navigate users in building real-world projects
with predefined steps. This will make the process of learning data science more practical, clear, and
friendly for beginners by connecting theory with real hands-on experience in one place.

Index Terms - Data Science Education, Machine Learning (ML) Lifecycles, Dataflow Automation,
Computational Reproducibility, No-code Al, Pipeline Orchestration, and Learning Analytics Dashboards.

1. INTRODUCTION

Data science is becoming a key skill in many areas such as healthcare, finance, e-commerce, and
recommendation systems. It's usually applied by organizations to make better decisions and improve
services. However, even with several online resources, learners often suffer challenges because most
platforms are either too theoretical or provide data without any guidance. This makes it hard to get hands-
on experience with real-world projects.

Challenges in Learning Data Science:

Most of the available learning platforms are very scattered. Some deal only with theory, while others
provide the datasets but do not offer a hands-on approach to using them. Therefore, both beginners and
professionals currently experience some difficulties in understanding how the whole process of cleaning
and preparing data all the way to building, testing, and deploying a model looks in detail. The absence of
this clear end-to-end learning path makes users unable to achieve practical skills with confidence.

Proposed Solution:

We propose a centralized, interactive, click-based learning platform for solving this problem. This enables
users to perform end-to-end data science pipelines with minimal coding. The platform includes domain-
specific datasets, user-friendly preprocessing tools, model selection options, automated evaluation
dashboards, and one-click deployment. It also provides an Al-driven chatbot to help guide the users, answer
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their questions, and offer step-by-step assistance. By putting guided workflows and practical tools all in one
place, this platform empowers easier, faster, more effective learning of data science for everyone.

2. LITERATURE SURVEY
table 1: synthesis of literature on data science education, machine learning lifecycle management, and

reproducibility infrastructure.

Title Description Methodology | Datasets | Evaluation | Limitations
Used Parameters
Hicks and Using case Case-study Multiple Student Limited
Irizarry[1] studies to teach based, real-world | outcomes, | generalizati
data science project-based public engagement | 0N across
concepts pedagogy datasets institutions
(e.g.,
NHANES
)
Simic et al.[2] Improving Case study + | Student | Engagement | Limited to
project learning data project/act : one
via data analysis | visualization | ivity data | performanc | institutional
tools e trends context
Susnjak et Learning Design LMS Usability, Data
al.[3] analytics science + learner learner privacy,
dashboard empirical data insights scalability
study
Vanschoren et Enabling ML Platform OpenML | Benchmark Dataset
al.[4] collaboration via design + public ML | accuracy, biases,
OpenML experimental | datasets reuse quality
analysis metrics control
Akidau et al.[5] Tradeoffs in Systems Synthetic Latency, Real-world
large-scale design + or cloud | correctness, | deployment
dataflows large-scale processin cost- complexity
experiments g logs analysis
Ramasamy et Aiding Workflow Jupyter User study Visual
al.[6] comprehension | extraction and | notebooks | (comprehen | clutter, user
via workflow visualization from sion gain) adaptation
visualization repositori
es
Pope etal.[7] | Platform for kids | Simplified, Pre- Usability, Limited
to create ML block-based | collected, | creativity, model
apps app creator kid- learning - | complexity,
friendly | observation | supervision
datasets al required
Sundberg and Integrating no- No-code Classroo Student Surface-
Holmstrom[8] code Al in platform m datasets learning level
teaching deployment or outcomes | understandi
in classrooms | simulation ng
S
Ramasamy et Patterns in DS | Code mining Public Workflow Dataset
al.[9] code on GitHub | and workflow | GitHub frequency, | representati
extraction repositori | code reuse veness
es
Pei et al.[10] Visual Interactive Student | Performanc Data
dashboard for dashboard learning e gap integration
learning gaps | with analytics data reduction, challenges
dashboard
use
Rania et al.[11] | Student outcome | Deploying | Academic | Accuracy: Model
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forecasts with | AutoML tools | performan | 85-92%, | interpretabil
AutoML ce F1:0.83- ity, bias
datasets 0.90
Tian and Reviewing Literature No Feature Coverage
Che[12] AutoML survey and original | comparison, | limited by
advancements comparative datasets scope publication
analysis (survey) date
Zaharia et Lifecycle MLflow Project Time-to- Platform
al.[13] management via platform and model | deployment, learning
MLflow implementati logs reproducibil curve
on ity
Sculley et Examining long- | Case studies | Deployed Debt Difficult to
al.[14] term ML risks and ML identificatio quantify
theoretical systems n, technical
analysis (reference | qualitative debt
) analysis
Vartak et Managing and ModelDB Model Query Integration
al.[15] querying ML system artifacts | speed, ease | with legacy
models architecture from of systems
and various | managemen
deployment projects t
Miao et al.[16] | Lifecycle tools System Vision DL | Experiment | DL-focused
for DL projects | architecture + | datasets tracking, only
experiments reproducibil
ity
Kesselman et Infrastructure Pipeline Large ML | Reproducibi | Infrastructu
al.[17] for design, datasets lity rate re
reproducibility | reproducibilit | (public/pri cost/scalabil
y tooling vate) ity
Chirigati et Capturing Software Computati | Reproducibi | Overhead,
al.[18] provenance for provenance onal lity success, | - limited to
reproducibility tracking experimen | ease-of-use | supported
ts environmen
ts
Kyle etal.[19] | Reproducibility Workflow Scientific | Workflow Usability,
platform for full | encapsulation | datasets | reproducibil training
research life , provenance ity metrics needs
cycle capture
Ziyu et al.[20] Query systems Metadata Model Query Schema
for ML model schema zoos and | expressiven | generalizabi
Z00s development | repositori ess, lity
es retrieval
speed
Esteves et Modelling Enhanced Synthetic/ Quality, Complexity,
al.[21] dataflow with dataflow real data- latency, practical
quality algorithms intensive | throughput adoption
constraints logs
Chong et al.[22] Model Model Uber’s Operational | Platform-
management in a storage, internal efficiency, specific,
production versioning, model reliability | proprietary
setting querying artifacts details
Monika et Al continuous Pipeline Project | Deployment Tool
al.[23] development framework artifacts/ latency, complexity,
pipelines implementati models integration | organization
on ease al fit
Ang Li et Tools for Automated Hosted Discovery | Scaling to
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al.[24] discovering model search DS effectivenes large
models in hosted | and ranking project S repositories
DS projects repositori
es

3. EXISTING SYSTEM

Systems that already exist for data science education and machine learning workflows include case-study
approaches, learning analytics dashboards, dataflow processing models, model management platforms,
and reproducibility tools. A seminal case-study course model for teaching data science focuses on active
learning through a variety of real-world problems in which techniques are introduced as solutions rather
than abstract theory. Project-based learning is complemented with data-driven analysis and visualization
tools supporting collaborative educational environments. Learning analytics dashboards drive actionable
insights via descriptive and predictive analytics; most of these, however, remain at a surface level without
full prescriptive capabilities.

OpenML enables networked science in machine learning by allowing researchers to share datasets,
experiments, and flows in detail, supporting tasks like classification with automated evaluation measures.
The Dataflow Model balances correctness, latency, and cost in massive-scale unbounded data processing,
decomposing pipelines into core primitives like ParDo and GroupByKey for event-time processing. Model
management systems include ModelDB, which tracks multi-stage ML pipelines, including preprocessing,
hyperparameters, and quality metrics across frameworks like scikit-learn. MLflow accelerates the ML
lifecycle by providing tracking for experiments, projects to ensure reproducibility, and models for
deployment, using open interfaces compatible with any library.

Uber's Gallery manages model lifecycles at scale, handling saving, serving, observation, and orchestration
for applications like forecasting. Reproducibility tools feature ReproZip, which traces system calls to
package experiments portably across platforms without prior planning. The Whole Tale environment
packages code, data, and workflows for computational reproducibility, supporting citation and re-execution.
Flux offers a quality-driven dataflow model for data-intensive computing. These systems individually
address isolated aspects such as teaching, analytics, sharing, processing, and management but offer no
integrated platforms that capture education, reproducibility, and scalable ML workflows holistically.
Workflow analysis of public GitHub repositories shows prevalent patterns in data science code, indicating
significant gaps in visualization and comprehension tools. Children's Al design platforms provide interfaces
for making and deploying ML-driven apps, while no-code Al methods illustrate machine learning in higher
education.

4. PROPOSED SYSTEM

Indeed, the proposed system will integrate the currently fragmented tools into a single platform for data
science education and ML workflows, carefully integrating case-study teaching with actionable learning
analytics, automated machine learning pipelines, model zoos, and full reproducibility. Learning will be
organized to center around diverse real-world datasets, reproducible computing based on case-study
principles, and extended dashboards with prescriptive analytics including ML explainability for
interpreting predictions and gaining behavioral recommendations. No-code Al elements democratize this
access for educational users.

Core Workflow: Sharing capabilities are used with lifecycle management, while experiments, parameters,
and deployments are tracked automatically. Data Flow Processing: The model, powered with quality
metrics, is adopted for low-latency educational pipelines. Model Management: Pipeline tracking,
orchestration, and queryable repositories with metadata support are combined. Reproducibility: This
includes system-call tracing, workflow bundling, and portable projects for teaching environments.

Enhancements for education include tiered instruction from student performance prediction, integrating
automated model selection. Visualizations support workflow understanding, collaboration through shared
tasks and experiments. The system enables iterative development, monitors technical debt and hidden
costs within a unified view, and operates data-centric infrastructure to manage provenance for
reproducible ML. Automated machine learning is used to predict student performance in academic
settings. Workflow analysis allows third-party notebook comprehension. This holistic approach
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overcomes the limitations found in siloed systems, allowing for scalable and reproducible education of
data science from novice to production, with model discovery for hosted projects.

5. PROPOSED SYSTEM ARCHITECTURE
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figure 1: end-to-end orchestration workflow: from data ingestion to model deployment and educational
user interfaces.

6. CONCLUSION

It unifies data science education and ML workflows within one platform by bringing together case-study
teaching, analytics dashboards, scalable processing, model management, and reproducibility. This will
resolve fragmentation problems that exist in current niche tools, allowing for end-to-end reproducible
learning-from student prediction to production. Benefits include rapid iteration due to experiment tracking,
reduced technical debt, quality dataflows, and cost-efficient scalability. Educational impact is further
supported by no-code capabilities and interactive visualizations, ensuring collaboration and application to
the real world. Cloud-native design ensures robustness. Future work targets AutoML, automation, and Al
insights. The platform brings transparency and enables ethical, scalable ML with proven feasibility in
education and beyond.
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