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Abstract

Existing data science tools, such as Jupyter Notebook, require
users to be familiar with coding, making them unsuitable for
introductory data-science courses that need concrete ways to
illustrate core concepts, such as tables, schemas, transformations,
and ML models, before students are comfortable with program-
ming. Other education-related challenges, like collaboration and
computing resource requirements, further complicate this prob-
lem. This demonstration shows how Texera, an open-source,
browser-based visual workflow system supporting collaborative
data science and AI/ML, is designed to overcome these challenges
in the classroom setting and presents a scenario in which two
students use Texera to learn data science by constructing and
executing a data-science pipeline on a real dataset. This demon-
stration further highlights how Texera’s stepwise, visual execu-
tion can be aligned with explicit learning objectives to support
hands-on teaching of data-science concepts in the classroom.
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1 Introduction

In recent years, demand for data science education has grown
rapidly across K-12, higher education, and online learning. In U.S.
higher education alone, annual completions in data science and
analytics programs have increased by more than 700% in less than
a decade, from just under 6,000 in 2012 to over 46,000 in 2021 [10].
Teaching introductory data science, however, poses practical
challenges in many classroom settings, as we have observed in
our real-world experiences across several teaching events and
course offerings.

Requiring prior programming experience. Many introduc-
tory data science courses are taught using programming-centric
ecosystems such as Jupyter Notebooks, Python libraries (e.g.,
pandas, NumPy, matplotlib), and tools such as Git/GitHub for
version control [4]. This approach requires prior programming
experience and excludes many non-coders (e.g., high-school stu-
dents, non-STEM college students) who are eager to learn data
science.

Lack of sharing and collaboration. There is a natural need
for sharing and collaboration in a teaching environment that
is often not well supported by most data science tools. During
lectures, instructors want students to replicate in-class demon-
strations and therefore need to frequently share materials such
as example datasets, code snippets, and reports. Most tools re-
quire students to download a copy of the materials locally and
require instructors to share their screen for demonstrations, of-
fering little support for students and instructors to work from the
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same live view. Furthermore, students frequently work in teams
on lab sessions and assignments, and when they get stuck, they
often need instructors or TAs to open, inspect, and reproduce
their exact code to provide help. Once assignments are submitted,
instructors must again reproduce students’ code to grade and
provide feedback.

Bursty heterogeneous workloads. Classroom settings pose
challenges that conventional data science tools are not designed
to address. Aligning execution environments at scale is difficult
in education. Local setups force students to manage their own
environments, leading to fragmented configurations and incon-
sistent behavior that divert class time to troubleshooting. Other
existing cloud-based alternatives centralize environments but
introduce friction through provisioning, authentication, access
control, quota enforcement, and cost governance. These mecha-
nisms assume stable, individualized usage patterns, which do not
hold in classrooms, where activity frequently alternates between
long idle periods and short, highly synchronized bursts during
lectures, labs, or assignment deadlines.

These challenges motivate the design of Apache Texera! [13]—
an open-source system that supports collaborative data science
and AI/ML using GUI-based workflows (as shown in Figure 1).

We organized a series of hands-on data science and AI/ML
programs called Data Science For All (DS4ALL) using Texera [12]
(see Table 1) to teach undergraduate and graduate courses, com-
munity college workshops, and summer programs, where dozens
of students learn data science using workflows. In this paper,
we demonstrate how Texera is used to teach introductory data
science and describe the system design decisions that support
classroom-teaching activities.
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Figure 2: Texera’s microservice architecture.

2 System Design for Teaching Scenarios

In this section, we explain the functionalities required in a teach-
ing environment and how Texera is designed to meet these needs.

Learning data science through workflows in the cloud.
Rather than requiring students to learn programming as a pre-
requisite, Texera provides students with immediate access to

ITexera is currently in the Apache incubation process.
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Figure 1: A screenshot of Apache Texera’s workflow interface for students to learn data science without requiring coding,.

core data science concepts through illustrative GUI-based work-
flows. It offers a collection of pre-packaged operators designed
as modular building blocks for common data preparation, anal-
ysis, visualization, and modeling tasks. Students can construct
complete data science workflows simply by dragging, connect-
ing, and configuring visual operators—without writing code. To
eliminate environment-related challenges, Texera adopts a cloud-
based architecture that supports workflow editing and execution
entirely through a web browser. Behind the scenes, the browser
communicates with a set of microservices (Figure 2) responsible
for workflow editing, compilation, execution, and result retrieval.
This separation of concerns allows Texera to provide a smooth,
interactive visual experience while the system manages com-
putation, storage access, and resource allocation transparently.
In teaching settings, the no-code interface allows instructors
to focus on conceptual understanding of how data flows and
transforms through a workflow, without spending class time on
programming mechanics or debugging student code.

Supporting interactions between students and instructors.
To support instructors who want students to replicate exactly the
datasets and workflows used in class, Texera employs a built-in
sharing mechanism through its Community Resources services
(Figure 2). It manages access to permissioned datasets, workflow
publishing, and one-click cloning. Built on top of the centralized
storage layer and exposed through well-defined APIs, it allows
instructors to publish a single authoritative version of a dataset or
workflow that students can immediately access within their own
workspaces. This design ensures consistency, reproducibility,
and secure distribution across entire classes while significantly
reducing setup overhead for both instructors and students.
Collaboration between students is also an important part of
many data-science courses, where students work in pairs or small
teams to reason about data, validate results, and divide analytical
tasks. Texera supports this learning style by allowing multiple
students to jointly construct, execute, refine, and even debug a
workflow in real time. This real-time experience is enabled by a
shared editing service (Figure 2), which propagates edits across
users and uses Conlflict-free Replicated Data Types (CRDTs) to
automatically resolve concurrent modification conflicts [8].

Enabling an auto-scaling cloud service for teaching. Hands-
on teaching environments create bursty, heterogeneous work-
loads: some students repeatedly tweak simple filters, while others
run expensive ML operators that may consume excessive CPU
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or memory. To prevent a single workflow from draining execu-
tion resources, Texera introduces the computing unit abstraction.
Each workflow execution is assigned to its own Kubernetes-
managed pod with dedicated CPU and memory limits, enforced
resource isolation, and a controlled execution lifecycle. This de-
sign prevents resource-intensive operators from impacting other
users, preserves predictable performance during deadline-driven
workload spikes, and allows instructors to support many concur-
rent students reliably. By fully encapsulating execution within
computing units, Texera achieves fault isolation and horizontal
scalability, while abstracting away details that are unnecessary
for students to understand in an educational setting.

3 Demonstration

In this section, we will walk through how Texera can be used
to teach data science concepts in a classroom setting. We will
follow two students: Alice and Bob, who are attending a hands-
on session led by an instructor. The session is structured into
three stages, each designed to introduce a specific learning ob-
jective. Figure 4 summarizes these objectives and how they build
progressively on one another. To make the exercise concrete,
the instructor provides a real-world dataset (e.g., IMDB Movies
Dataset [11]) and guides the students through a series of struc-
tured data-analysis tasks.

3.1 Students Constructing and Executing a
Data Science Pipeline

To begin the hands-on session, Alice and Bob follow the instruc-
tor in building their first Texera workflow. The goal is to in-
troduce fundamental data-related concepts—tables, schemas, at-
tributes, and basic transformations—through an interactive work-
flow construction process where students build up a complete
data-processing pipeline operator-by-operator and can execute
each incremental step to gather feedback from the results.

The students start by dragging a Data Input operator onto
the canvas and selecting the IMDb Movies dataset. Before exe-
cution, the students create a computing unit. At this stage, they
can simply use the default configuration without worrying about
resource allocation. They run this one-operator workflow to re-
veal the dataset’s schema for the first time. Seeing the attribute
names and types helps them understand the structure of each
record before any transformations are applied. Next, they drag
in a Filter operator and connect it to the input. When they select
the operator, the Operator Property Panel displays the upstream
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Table 1: Programs using Texera to teach data science and AI/ML.

Category Program Name Year Duration Instructors Participants Background
Summer High School Program 2023 2 Weeks  UCI/UCLA (Faculty/Students) 10 High School
Programs High School Program 2024 2 Weeks  UCI/UCLA (Faculty/Students) 16 High School
High School Program 2025 1 Week UCI/UCLA (Faculty/Students) 40 High School
Middle School Program 2025 1 Day UCI (Faculty/Students) 32 Middle School
UCI Course ICS 80 Course 2024 3 Months UCI (Faculty/Students) 42 Undergrads
Community College Cerritos College 2024 2 Days UCI (Faculty/Students) 35 Faculty/Students
Workshops El Camino College 2025 3 Days El Camino Students 16
Online (Zoom) dkNET Boot Camp 2025 3 Days UCI (Faculty/Students) 18 Undergrads/Grads

schema, allowing them to choose the rating attribute and specify
a condition such as rating > 4. They run the workflow again
and inspect the intermediate results to verify that only highly
rated movies remain. Texera’s automatic schema propagation and
configurable property panel prevent common mistakes such as
referencing nonexistent attributes. Following this pattern—add,
configure, execute, inspect—Alice and Bob extend their workflow
with additional operators such as Projection (selecting only cer-
tain attributes), Sort (ordering records), and Aggregate (grouping
and computing summary statistics). After adding each operator,
they execute the workflow to see how the schema evolves and
how each transformation affects the data (shown in Figure 3).
This incremental process makes data-transformation concepts
such as column selection and aggregation immediately visible
and intuitive. Finally, they attach a Bar Chart operator and rerun
the workflow to produce a visualization of aggregated results.

1. Workflow Construction
& Execution

2. Advanced Analytics
(ML Operators)

« Understand tables and schemas
« Interpret operator behavior
« Build coherent dataflow pipelines

« Use ML operators for advanced tasks
=»{ - Interpret model inputs, outputs, and
parameters

3. Collaboration

+ Develop shared pipeline
* Learn reasoning patterns from
peers/instructors

Figure 4: Learning objectives across three stages of the Tex-
era demonstration, showing how students progressively
develop conceptual and analytical data science skills.
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Figure 5: Students construct a machine learning workflow
that predicts movie ratings from release year, demonstrat-
ing feature selection, model training, and evaluation.

3.2 Students Learning ML Operators

Next, the instructor introduces Texera’s advanced analytics capa-
bilities through its machine-learning operators. The instructor ex-
plains that the goal of the workflow is to predict a movie’s rating
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from its release year. Using the same IMDB Movies Dataset, the
students are led through the construction of a simple predictive
workflow to illustrate how model-based analysis works, as illus-
trated in Figure 5. The dataset is first passed through a Train-Test
Split operator, giving students an intuitive understanding of how
machine learning separates training data from evaluation data.
The instructor then adds the Linear Regression operator to train
a model, followed by a Sklearn Prediction operator that performs
the prediction on a subset of data. The workflow is concluded
with a Scatter plot to visualize the prediction results. Once again,
the students can utilize the incremental construction approach to
understand each step of the workflow. This hands-on workflow
transforms machine-learning theory into something tangible,
giving Alice and Bob a clear, practical sense of how predictive
modeling works without requiring any coding.

3.3 Students Learning Collaboratively

Now that Alice and Bob have learned the basics of data science
and have explored some advanced topics, they are tasked with
collaboratively exploring a dataset. Alice shares her workflow
with Bob, granting him editing permissions and access to her
computing unit. From their individual computers, both students
can view, modify, and execute the same workflow in real time
(also shown in Figure 1). Because Alice has also shared her com-
puting unit, workflow execution results are visible to both users
simultaneously, allowing them to compare interpretations and
validate the effect of each transformation together.

Alice and Bob continue their exploration and attempt to use
a linear regression model to make predictions, but find that the
model performs very poorly. They share the workflow with the
instructor to get help. By stepping through the workflow, the
instructor identifies that Alice and Bob have misconfigured their
Split operator—using 10% of the data for training and 90% for
testing. Because Texera supports “shadowing,” the students can
observe the instructor’s actions, such as reopening operator pan-
els and adjusting the configurations, giving them a transparent
view of how an expert diagnoses the issue. After the correction
is applied, the students re-execute the workflow to confirm that
the results now match their expectations.

To further clarify how ML operators work, the instructor pub-
lishes a workflow containing examples and the associated dataset
to a Texera Hub-a public workspace where users can publish work-
flows and datasets (shown in Figure 1), allowing others to browse,
clone, and reuse them. The students can then clone and execute
this workflow to gain a deeper understanding of ML operators.

Elastic resource allocation using computing units. As Al-
ice and Bob become familiar with the Texera system, they can
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Figure 3: Intermediate and final results of an IMDB Movies workflow, showing how each operator transforms the dataset
and how tuple counts reflect the shrinking or growing of records after each step.

leverage the computing unit (CU) abstraction to better match
computing resources to their workflows. Instead of relying on a
fixed execution environment, the students can configure CUs by
specifying the number of workers, available memory, CPU allo-
cation, and JVM settings for different analyses. Lightweight tasks
can run with minimal resources, while more computationally
intensive operations use CUs provisioned with additional work-
ers and memory. This flexibility allows students to reason about
performance and resource usage at a high level, while Texera
manages resource allocation and execution transparently.

Beyond the classroom. Texera has been adopted in a variety
of settings outside formal coursework. Following a positive ex-
perience in a data science workshop that used Texera, a group
of community college students proposed and led a replication of
the workshop at their local college [1]. This offering followed a
peer-led replication model, in which former participants served
as instructors. Additionally, a high school student who attended
a Texera summer program later used the system in a research
competition, earning first place.

4 Related Work

Existing platforms for data science education generally fall into
two broad categories: code-centric environments and visual work-
flow systems. Code-centric tools, such as Jupyter, Google Colab,
and Kaggle, are widely used in classrooms but impose a high bar-
rier to entry for beginners as they require programming knowl-
edge. On the other hand, visual workflow systems eliminate
coding requirements but often face limitations regarding accessi-
bility and deployment. Proprietary solutions (e.g., Dataiku and
IBM SPSS Modeler [7]) are often cost-prohibitive for broad aca-
demic adoption. In contrast, open-source desktop alternatives
such as RapidMiner [9] and KNIME [2] require local installa-
tion and maintenance, placing a significant burden on students
and university IT support. Among web-based workflow systems,
Galaxy [14] is the most comparable platform. However, signif-
icant architectural and design differences distinguish it from
Texera, particularly in an educational context. Galaxy is special-
ized for bioinformatics, whereas Texera is designed as a general-
purpose system for diverse data domains. Collaboration capabil-
ities differ significantly. Galaxy restricts workflow editing to a
single user, which limits group work. In contrast, Texera supports
real-time shared editing and execution, enabling the “shadowing”
and interactive workflow construction scenarios demonstrated
in this paper. There is also prior work on data science education
more broadly [3, 5].
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Previous publications based on Texera. In the past, we demon-
strated using Texera for collaborative data analytics [8], inter-
active runtime debugging [15], and line-by-line debugging of
UDFs [6].
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