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Abstract

Teaching statistical hypothesis testing to students in the social sci-
ences and economics presents many challenges, as students in these fields
often lack programming skills, while advanced platforms such as Altair Al
Studio (RapidMiner) do not natively support common statistical testing
tools like t-tests, proportion tests, and ANOVA analysis. Our solution is
to build testing processes in Altair AI Studio (RapidMiner) that do not
require users to program. These processes primarily rely on using macro
settings to provide parameters and leverage internal Python execution
capabilities to handle the back-end. The developed processes include
one-sample t-tests, independent two-sample t-tests, paired two-sample t-
tests, one- and two-proportion tests, and ANOVA with post-hoc analysis.
Students only need to set input values via macros, eliminating the need

Key words: RapidMiner, hypothesis testing, t-test, proportion test, ANOVA,
no-code platform, Python macro integration.
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for programming and allowing them to focus on understanding core sta-
tistical concepts. A dataset, namely, Amazon service reviews, was used
to demonstrate the flexibility and applicability of the proposed solution.

1 Introduction

RapidMiner is well known as a powerful and flexible platform for machine
learning and artificial intelligence that allows users to build advanced ana-
lytical models without needing programming skills. Its simple drag-and-drop
interface makes it easy for people from many fields—such as social sciences and
economics—to design and run complex data analysis workflows visually and ef-
ficiently [7]. With more than a thousand built-in machine learning algorithms
and comprehensive data-preprocessing methods, RapidMiner supports the en-
tire data science pipeline—from data collection and data cleaning to model
training, model evaluation, and result visualization—in one unified environ-
ment. This no-code framework lowers technical barriers in education, helping
students focus on key concepts in statistics and machine learning—such as hy-
pothesis testing, regression analysis, and clustering—without worrying about
programming syntax. For example, common inferential statistical techniques
such as t-tests and ANOVA are easy to use through built-in operators that guide
users in formulating hypotheses, checking assumptions, and testing statistical
significance, which leads to a more active and application-oriented learning ex-
perience. In addition, RapidMiner’s emphasis on reproducible workflows and
visual process design helps students better understand statistical reasoning
and model evaluation by encouraging exploration through clear, interactive,
and transparent visual models [2]. Its widespread use in academic research
and industry demonstrates its effectiveness both as a pedagogical tool and as
a practical platform for real-world data science and machine learning tasks [7].

Statistics courses require students to not only master statistical concepts
but also effectively apply hypothesis testing techniques to real-world data anal-
ysis. However, students in economics and social sciences often lack strong pro-
gramming skills [8]. Therefore, implementing statistical tests such as t-tests,
proportion tests, or ANOVA using modern platforms such as RapidMiner can
be challenging [3]. On the other hand, traditional tools such as SPSS, while
user-friendly for basic statistical procedures, are limited in their ability to in-
tegrate with machine learning models—a growing expectation in modern data
science education.

While RapidMiner is a powerful platform for machine learning tasks, it lacks
built-in operators for basic statistical hypothesis testing, such as t-tests, pro-
portion tests, and ANOVAs [1]. This limitation poses a significant challenge in
academic settings where hypothesis testing is a core requirement. Furthermore,
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students in economics and social sciences often have little to no programming
experience, making the integration of external tools, such as Python or R,
a significant barrier to teaching and learning [4], [6]. As a result, statistics
educators face the difficult task of maintaining a hands-on approach without
overwhelming students with complex technical knowledge [5].

To address these challenges, we developed a hypothesis testing solution
entirely within RapidMiner’s drag-and-drop interface. This method leverages
macro parameters to provide user input and embeds Python executable code
for backend statistical computation. The main goals of the solution are as
follows.

e To perform all hypothesis tests commonly used in economics and social
science education.

e To eliminate programming requirements for students.

e Ensure statistical flexibility and accuracy through Python code that runs
in the background.

This design allows students to focus on understanding concepts and running
and interpreting statistical results visually, rather than spending too much time
on learning programming techniques.

2 Methodology

Fig. 1 illustrates the general structure of the solution, a hypothesis testing
workflow in Altair AI Studio (RapidMiner) that uses a no-code approach for
users. Users start with a test selection process (¢-test, proportion test, ANOVA,
etc.), and then they provide the input dataset via the context panel and declare
the parameters for the test via the Set Macros operator. This allows the user to
avoid programming. All the complex calculations are handled by PythonExec,
without the user having to understand it. The result is a test table that can
help them draw conclusions.

This solution is very useful in education. Specifically, students can practice
hypothesis testing similar to R and Python, but with a simpler process. Al-
though SPSS provides users with a graphical user interface (GUI) for statistical
testing, it still has some limitations. For example, connecting to machine learn-
ing models is not easy. With the proposed design process on RapidMiner, users
can perform both classical statistical tests and combine them with advanced
machine learning processes. This makes the proposed solution more flexible
and more useful for teaching socio-economic students, where many students
are not good at programming but still need to use statistical methods in real-
world situations. This no-programming design helps students focus on learning
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the meaning of the tests instead of writing code. The detailed processes and
operators we have built are presented below.

(Select Statistical Test)

Provide Dataset via
Context Panel

!

Set Parameters via Macros

(Execute Python)

(Show Test Results)

Figure 1: General flowchart of the solution

2.1 Statistical tests implemented

Each hypothesis testing problem is fully integrated into the intuitive workflows
of Altair AT Studio (RapidMiner). Logic and computation are handled via
embedded Python scripts, while all user-configurable parameters are exposed
as macros - ensuring that end users, including students, do not need to write
a single line of code. Details of the validation problem types are presented in
Table 1.
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Table 1: Statistical tests in our program

Test Type Objective of the Test Integrated Mod-
ules

One-sample Test the mean of a single variable Python + Macro

t-test against a hypothesized value

One-proportion  Test the proportion of a category Python + Macro

test within a population

Independent Compare means between two in- Python + Macro

two-sample dependent groups

t-test

Paired-sample - Compare means before and after Python + Macro

test (paired observations)

Two-proportion  Compare proportions between Python + Macro
test two groups

ANOVA  with Compare means across multiple Python + Macro
post-hoc Tukey  groups with post-hoc analysis

2.2 Definition of Macro Names

All hypothesis testing procedures in this solution use the same macro name. For
example, macros such as TEST_VARIABLE, TAIL, or GROUP_VALUES are
used in all the hypothesis testing. This makes it easy for users to switch between
validation types. They only need to update the values without changing the
structure. Details of the macro names are described in Table 2.

Table 2: The macros’ names are used

Macro Name Description

TEST_VARIABLE The name of the variable to be tested

HYPOTHESIZED_VALUE The numerical value under the null hypothesis

TAIL The type of test: "two” (two-tailed), ”left”
(left-tailed), or "right” (right-tailed)

GROUP_VARIABLE The name of the grouping variable that con-
tains the categories to be tested

GROUP_VALUES The specific group values to be tested, sepa-

rated by double pipe ——

2.3 Data used

To illustrate our solution, a text review dataset for Amazon’s shopping service,
called Amazon comments, is stored in the local repository of Altair AI Studio.
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The preprocessing steps are illustrated in Fig. 2. First, all reviews are converted
to lowercase in the “Process Documents from Data” subroutine. Second, Latent
Dirichlet Allocation (LDA) is employed by the “Extract Topics from Data
(LDA)” operator to categorize the reviews into three distinct topics. All topics
are manually identified using the “Map” function:

e Topic 0: General Service Experience,
e Topic 1: Problem Solving and Support Time,

e Topic 2: Refund Request or Escalation

Third, sentiment analysis is performed using the “Extract Sentiment (VADER)”
operator. This process creates a new variable called ”Score,” which represents
the positive sentiment of each review. The current set of examples is then
passed to a subroutine that generates automatic responses to comments and is
subsequently stored as “Amazon_reviews_test”, the dataset on which we con-
duct our hypothesis testing.

»

Retrieve Amazon_c... Process Document.. Extract Topics from ... Map

c ot wor exa exa @ oxa oa T e
exa weor top ori

1

Figure 2: Pre-processing step for Amazon data set

After completing topic clustering and assigning sentiment scores to the re-
views, we can perform key statistical tests, such as

e One-sample t-test (to test whether the average satisfaction level differs
from a specific expected value),

e Two-sample t-test (to compare satisfaction levels between two groups),
e Proportion tests for one and two groups,

e ANOVA + Post-hoc tests (to compare multiple groups).
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3 Illustrated examples

First, let us consider the Amazon review dataset, with some samples illustrated
in Fig. 3. It can be observed that the dataset includes three major variables
including “text”, “prediction (Topic)”, and “Score”. The variable “text” rep-
resents the consumer’s review. The variable “prediction (Topic)” indicates the
topic of reviews generated by an Al model. Meanwhile, the variable “Score”
represents the sentiment. Some descriptive analyses are shown in Fig. 4 and
Fig. 5. The descriptive statistics reveal differences in topic counts or propor-
tions, as well as sentiment scores among topics. Notably, consumers tend to
have a positive attitude toward ”problem solving and support time” related to
Amazon, although they comment on this topic less frequently than on others.
These results are based on the samples; thus, we need to conduct hypothesis
testing to draw conclusions for the population. With a significance level in
mind, we aim to determine whether the proportion of “problem solving and
support time” is less than %, which is the mean of proportions. Additionally,
we need to ascertain whether there is a difference between the topic scores. To
this end, we will conduct the following tests.

Row No. documentid prediction{Topic) text Score
i 0 General Service Experience iregistered on the website, fried to order a laptop, entered all the details, butinste... 0.436
2 1 General Service Experience had multiple orders one turmed up and driver had to phone as no door numboeron ... -1.000
3 2 General Service Experience iinformed these reprobates that i would not be in as i was going to visit a sick relat -1.897
4 3 General Service Experience i have bought from amazon before and no problems being very happy with the serv. -2.256
5 4 General Service Experience ifi could give a lower rate i would! i cancelled my amazon prime in february and su...  0.256
6 5 General Service Experience terrible you get customer service reps that are clearly home, you hear children and ... 0.615
7 6 General Service Experience amazon has a way of tainting a great product due to their inability to separate used 2077
8 7 General Service Experience ilove amazon! i use it for half my shopping. the prime membership is worth it as y. 1.821
9 8 Refund Request or Escalation i applied for a job with amazon. i completed all the steps (including sending confid.. -0.867
10 9 General Service Experience ihad a great experience with their customer semvice. they delivered my orderto wro...  0.821
1“1 10 General Service Experience every time there is a problem, they fix it i have no idea why amazon is so poorly rat. -0.128
12 " Problem Solving & Support Ti. i have no interest in signing up to amazon prime, when making a purchase, despit 1231
13 12 General Service Experience bought a pitboss kc grill combo and received one that was previously opened and ... -0.815
14 13 General Service Experience sadly, amazon no longer provides the quality customer semvice they once did. ive h..  -0.103
15 14 Problem Solving & Support Ti extremely disappointed in the customer service provided by the driver in van 121 x. -1.821
16 15 General Service Experience my bank card froze only with amazon so couldnt order anything. package said deliv. 0179
17 16 General Service Experience i put onw star because i can't leave a zero ...i ordered an item for 2£59.99.. it arrive... 2128

Figure 3: An illustration for data samples

3.1 One-Proportion test

Our goal is to test whether the proportion of reviews related to “problem solving
and support time” is less than 0.33 or not.
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Figure 4: A bar chart for topic’s count
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Figure 5: A bar chart for sentiment score according to topic
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e Hy: p=10.33.
e Hyi: p<0.33.
The detailed procedure is as follows.

1. The learner opens the “One-Proportion Test” process, as illustrated in
Fig. 6.

2. The learner does not need to rebuild the workflow or modify the Execute
Python operator. The learner only needs to specify in the context table
that the input example set is Amazon reviews_test (Fig. 7).

3. Next, in the Set Macros parameter table, the learner needs to assign
values for the existing macros (Fig. 8).

4. After running the workflow, the learner will receive a results table that in-
cludes the p-value, z-statistic, and the observed and expected proportions
(Fig. 9).

The obtained p-value is approximately zero, allowing us to reject Hy at
nearly any significance level, that is, we can conclude that the proportion of
“problem solving and support time” is less than 0.33.

Execute Python

L dthl n |h|rD o o o fes
ip d thr e inp out res

inp

Figure 6: The process “One-sample proportion test”

3.2 ANOVA Test

Consider the Amazon_reviews_test dataset. Our goal is to test whether there
is a significant difference in the mean sentiment scores among different review
topics.

e Hy: There is no difference in the mean scores across the different topics.
e Hy: There is at least one topic with a different mean score.

The step-by-step workflow is as follows.
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Parameters Context
J, Process input = X
Name Location

input 1 (Set Macros through 1) Amazon_review/amazon_t

input 2 (disconnected)

% Process output + X
Name Location

result 1 (Execute Python.output 1)

result 2 (disconnected)

Figure 7: Declare the input (example set) in the Context Panel

= Edit Parameter List: macros X

Edit Parameter List macros

_/ The list of macros defined by the user.
macro name values
HYPOTHESIZED_VALUE 033
TAIL left
TEST_VARIABLE prediction(Topic)
IGRL’JUF’_\J’.’%LUESl EProbIem Solving and Support Time

,+ Add Entry _x Remove Entry o Apply x Cancel

Figure 8: Declare the value of macros



152 A No-Code Solution for Teaching Statistical Hypothesis Testing....

Row No. Tested Colu... Tested Value Sample Size Observed Pr..  Hypothesize... Z-Statistic Tail P-Value

1 prediction(To.. Problem Solv... 100 0 0.330 -7.018 left 0
Figure 9: The obtained result

1. The learner opens the “ANOVA Test” process, as illustrated in Fig. 10.

2. The learner does not need to rebuild the workflow or modify the Execute
Python operator. The learner only needs to specify in the context table
that the input example set is Amazon_ reviews_test (Fig. 11).

3. Next, in the parameter table of Set Macros, the learner needs to assign
values to the existing macros (Fig. 12).

4. After running the procedure, the student will receive a results table that
includes the F statistic, p-value, and, if available, the results of the post-
hoc Tukey test (Fig. 13).

Based on this result, we can reject Hy at a significance level of 0.05. In
other words, there is a difference in scores between topics. The post-hoc Tukey
test also indicates a significant difference in scores between “problem solving
and support time”, the most positive topic, and “general service experience”,
the most negative topic.

Jv @ «p
i q o))
Qe
Ca .

Figure 10: The process for the ANOVA test

4 Results of the evaluation of users’ satisfaction
and feedback

To evaluate the effectiveness of the no-code solution for hypothesis testing on
the Altair AT Studio (RapidMiner) platform, we conducted a pilot implemen-
tation with a group of seven postgraduate students in business administration,
specifically within the business analytics course. The Altair Group had pre-
viously recognized this solution as a “Goldmine Solution.” We summarize the
results and feedback from the practical implementation process as follows.
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Parameters Context
1§ Process input + X
Name Location

input 1 (Set Macros.through 1) Amazon_review/amazon_t

input 2 {disconnected)

& Process output + X
Name Location
result 1 (Execute Python.output 1)

result 2 (disconnected)

Figure 11: Declare the input for the ANOVA test

Edit Parameter List: macros
The list of macros defined by the user.

macro name

values
TEST_VARIABLE Score
GROUP_VARIABLE }premcnnn(mpm)

Figure 12: Declare the macro values for the ANOVA test

@ ExampleSet (Execute Python)

Openin | Turbo Prep r}l Auto Model 553 Interactive Analysis Fiter (4 /4 examples): | all
Row No. Summary Ty... | Group 1 Group 2 Mean Diff p-adj Lower Upper Reject Tested Varia.. GroupVaria.. ~F-Statistic P-Value
1 ANOVA Score prediction(Topi.. 46412 0011886
2 Posthoc (Tuk..  General Servic.. Problem Sohi. 1832 00086 03061 32679 True Score prediction(Topi
3 Posthoc (Tuk..  General Senvic... Refund Reque... 0.0301 09983 -1.2684 13286 False Score prediction(Topi
4 Posthoc (Tuk..  Problem Soivi..  Refund Reque... -1.8019 00561 36407 00369 False Score prediction(Topi

Figure 13: The obtained ANOVA test result
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4.1 Quantitative satisfaction levels and implementation
feasibility

The level of satisfaction and the solution acceptance rate were assessed through
the pilot implementation results involving a group of 20 postgraduate students
in the Business Analytics course. This no-code hypothesis testing solution was
designed to help learners focus on analysis and interpretation of results rather
than technical operations and programming. The collected results show that
the overall learner satisfaction level with the solution reached 4.57/5. Notably,
100% of the students participating in the trial successfully implemented the
provided hypothesis testing processes, confirming the solution’s feasibility and
ease of use in an educational setting. Fig. 14 clearly illustrates this level of
satisfaction. Accordingly, 100% of the students reported a satisfaction level of
‘satisfied” or higher, with ’very satisfied’ accounting for the higher percentage
at 57.1%.

Survey

Figure 14: Distribution of learner satisfaction levels with the solution

4.2 Aspects that users most appreciated and were most
impressed by

A qualitative analysis of the postgraduate students’ experience highlighted the
aspects that users most appreciated and were most impressed by when using the
no-code hypothesis testing solution. Learners highly valued the intuitive and
user-friendly interface of the RapidMiner platform. The drag-and-drop mech-



N. T. THao, L. T. NHAN 155

anism for components, which replaces programming and coding, was identified
as a key factor that helped users to significantly save time and eliminate the
pressure associated with syntax, a common barrier. The core benefit of this
solution is that it allows users to easily focus on analysis and interpretation
of results rather than coding. This helped users intuitively understand the
hypothesis testing procedure, thereby enabling them to apply their knowledge
to real-world data analysis, moving beyond the limitation of merely memoriz-
ing formulas. This feedback is visually summarized through a keyword chart
Fig. 15, highlighting the frequency of terms such as “easy”, “RapidMiner”,
“intuitive”, “programming”, “drag and drop”, etc.
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Figure 15: Distribution of keywords expressing learner impressions of the so-
lution

4.3 Suggestions and proposed improvements

To continuously improve the quality of teaching and the solution’s effective-
ness, the research team collected open suggestions and proposals from learners.
A qualitative analysis of this feedback showed a major need to enhance the
applicability and the depth of understanding regarding the operational prin-
ciples of the analytical process. Specifically, learners suggested adding more
practical examples linked to corporate data or academic research to clearly
demonstrate the solution’s applicability. They also recommended the need to
present in more detail the step-by-step operation within RapidMiner and si-
multaneously clearly explain the operational principles of the algorithms and
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tools used. This ensures that learners not only become proficient in operation
but also understand the essence of the analytical process.

Furthermore, learners emphasized the necessity of linking theory and prac-
tice more closely, as well as providing a general overview of the software (pur-
pose, utility) right from the start of the course, so that students understand
the objectives and practical applications of the subject in their work. An-
other important suggestion was to add a comparison between manual methods
(e.g., Excel/SPSS) and the process on RapidMiner to clearly show the conve-
nience and limitations of each approach. The main keywords extracted from
the learners’ suggestions are presented in the keyword chart Fig. 16.
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Figure 16: Distribution of keywords expressing learner suggestions and pro-
posed improvements

5 Conclusion

The no-code hypothesis testing solution using Altair AI Studio (RapidMiner)
successfully integrated essential statistical testing tools (such as t-tests, pro-
portion tests, and ANOVA) into the no-code platform, addressing the chal-
lenge of programming skill deficits among students in the economics and social
sciences fields. Practical implementation demonstrated high feasibility and ef-
fectiveness, with 100% of learners successfully implementing the processes and
overall satisfaction reaching 4.57/5. The solution was highly valued by learn-
ers for its intuitive interface and its ability to help them focus on analysis
and result interpretation instead of technical operations. Furthermore, using
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Altair AT Studio offers a strategic advantage in flexibility and the ability to
easily integrate with future machine learning models, surpassing traditional
statistical tools like SPSS. However, to optimize learning, qualitative feedback
indicates the need to add more practical examples and deeper explanations of
algorithmic principles to help learners not only master the operations but also
understand the essence of the analytical process. In the future, the solution
can be expanded for integration into Altair Al Hub to provide a cloud-based
data analytics service.
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