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Abstract:
The teaching of statistics has undergone significant changes thanks to advances in

computing, the greater availability of data, the development of statistical software, the growth
of data science, and artificial intelligence (Al). Previously, statistics courses were concerned
mainly with probability, statistical inference, formulas, manual calculations, and relatively
small, structured datasets. Since statistical software has become so widely used, there is now
less need for repetitive arithmetic and the focus has shifted to analysis and interpretation. The
emergence of statistical computing has led to the inclusion of programming, reproducibility,
and computational techniques, and data science has expanded the statistical process to involve
data management, visualisation, machine learning, and large and complex datasets. More
recently, artificial intelligence and generative Al (GenAl) have brought about another type of
change by enabling systems to generate code, visualisations, statistical analyses, and
explanations through ever more natural-language interfaces.

The paper examines the changes that have taken place in the field of statistics education.
It combines research with professional recommendations concerning areas such as statistics,
statistical computing, data science, machine learning, Al, and GenAl. The review looks at how
students' roles have evolved in the light of new technology and at how statistical skills must
adjust as automation advances. The results indicate that even though technology causes
education to place different emphasis on various topics, fundamental statistical knowledge
remains just as important. Since an increasing number of calculations and analyses are being
automated, abilities such as statistical reasoning, selecting appropriate methods, checking data
quality, validating models, understanding uncertainty, making ethical decisions,
communicating results, and working with Al become more valuable. The paper describes five
stages in the development of statistics education and states that the future will involve
integrating the basic elements of statistics with skills in computing, data science, Al, ethics,

and communication.

1. Introduction:
Statistics forms the conceptual and methodological basis for reaching conclusions from

data when uncertainty is present. In the past, teaching statistics has focused on topics such as
probability, distributions, sampling, estimation, hypothesis testing, regression, experimental
design, and the calculation and interpretation of statistical quantities. Students usually dealt
with datasets that were relatively small and well-structured, and carrying out calculations by

hand was an important way of showing that they understood the procedures.
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The setting in which statistics is carried out has changed a great deal. Fast computing,
statistical software, programming languages, cloud platforms, large datasets, machine learning
(ML), and artificial intelligence have all had an impact on the way we handle data. The GAISE
College Report stresses statistical thinking, a conceptual understanding of the subject, the use
of real data, active learning, the use of technology, and proper assessment rather than
considering calculation to be the only sign of statistical competence (American Statistical
Association, 2016). Verma (2025) does the same when talking about statistical learning and
teaching in the context of modern computing.

The growth of data science has increased the role of statistics as well. Data analysis
does not simply involve applying a statistical method to a dataset that has already been
prepared. Nowadays, analytical work can include carrying out data collection, storing the data,
combining it, cleaning it, programming, producing visualisations, modelling, making
predictions, communicating the results, and taking ethical considerations into account. For this
reason, the National Academies of Sciences, Engineering, and Medicine (2018) saw fit to
regard data science as a more extensive ecosystem that encompasses both statistical and
computational activities.

The development of generative Al marks yet another significant stage, since such Al
systems are able to produce programming code, suggest analytical methods, generate visual
displays, summarize findings, and provide explanations. Although these capabilities may
lessen the amount of routine analytical work required, the analyses generated by Al can also
involve inappropriate methods, unsupported assumptions, wrong interpretations, or misleading
confidence levels. Hence, obtaining an answer from an Al system does not mean that one has
understood the statistical reasoning underlying it.

The paper raises the following question: since machines are now carrying out more and
more calculations and producing analytical results, what ought statistics students to learn? Its
main point is that statistics education is not moving away from statistics; instead, it is shifting
from a focus on calculation to one on reasoning, with computation, data science, and Al
providing support.

2. Review Approach
The study employs an integrative narrative review method and brings together the

developments in statistics education, statistical computing, data science, machine learning,
artificial intelligence, generative Al, curriculum development, assessment, and responsible Al

practice.
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The initial body of literature included about 112 papers and reports that were found
using broad academic and scholarly discovery methods, focusing especially on the work
produced between about 2015 and 2026. Since the original search procedure did not include a
complete and reproducible search protocol, the present paper cannot be considered a PRISMA-
style systematic review. Rather, the literature is analysed thematically in order to identify the
major phases in the development of statistics education and the implications this has for
curriculum and teaching methods.

The review looks at how statistics education has developed as technology has moved
from manual calculation through to the use of software, statistical computing, data science, and
now artificial intelligence, and also examines the skills that are needed at the present stage of
artificial intelligence.

3. The Development of Statistics Education
We can view the study of statistics as involving a series of technological and

educational developments. These stages do not involve complete replacements; instead, each
one is based on and goes beyond the one that came before.

Evolution of Statistics Education

MANUAL STATISTICAL STATISTICAL DATA SCIENCE Al / GENAI
STATISTICS SOFTWARE | COMPUTING
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Figure 1. The five-stage development of statistics education from manual calculation to
collaboration between humans and Al.

Stage Typical environment Role of student Main educational
emphasis
1. Manual Hand calculations, Calculator and Formulas, probability,
statistics printed tables, small procedure user inference, procedures

structured datasets
2. Statistical | SPSS, SAS, Minitab, Software user and | Software-supported analysis

software Excel output interpreter and interpretation
3. Statistical | R, Python, notebooks, Programmer and Programming, computation,
computing reproducible scripts | computational analyst reproducibility
4. Data | Large/complex datasets, Data analyst and Data management,
science databases, cloud, ML interdisciplinary modelling, visualization,
problem solver prediction
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5. Al/GenAl Generative Al, Evaluator, collaborator |  Critical evaluation, Al
automated analytics, and decision-support | literacy, validation, ethics,
intelligent assistants user human-Al collaboration
3.1 Stage 1: Manual Statistics — Acquiring Knowledge by Means of Calculation
Traditional statistics education had a strong link with mathematical procedures and

manual calculation, and students studied topics such as probability distributions, estimation,
confidence intervals, hypothesis testing, regression, sampling, and experimental design. It was
necessary to carry out manual calculations when computational facilities were limited, but the
ability to carry out procedures could be shown without having a deep understanding of when
to use a method or what the results meant.

3.2 Stage 2: The Transition From Using a Calculator to Using Statistical Software
The use of statistical software such as SPSS, SAS, Minitab, and Excel had an impact

on statistics education since students were then able to work with larger datasets and carry out
the various procedures more efficiently. The way in which students approached their work
changed from calculating — getting the result — interpreting to selecting the appropriate
procedure — carrying out the analysis — examining the output — interpreting. Thus,
technology altered the location where the computations took place but did not remove the need
for statistical reasoning.

3.3 Stage 3: Statistical Computing — Progressing from Software User to Computational
Analyst
Because of the rise of R, Python, notebooks, scripts, and reproducible workflows,

analysis has become more transparent, flexible, reproducible, and extensible. Horton and
Hardin (2021) advocate for the inclusion of computing in the curriculum for statistics and data
science, and Makowski and Waggoner (2023) talk about the shift towards collaborative data
science. Verma (2025) points out the way in which statistical learning and teaching are
changing in the context of modern computing. There is now a greater need than ever for
students to create and reproduce analytical workflows.

3.4 Stage 4: Data Science — Moving from Statistical Analysis to the Data Lifecycle
Statistics education has been extended by data science to cover such areas as data

collection, storage, integration, analysis, inference, communication, and ethics (National
Academies of Sciences, Engineering, and Medicine, 2018). Nowadays, students have to
consider where the data originated from, how the variables were measured, who is included in
the data, what is missing, how the data were transformed, and whether the data are suitable for
the research question. Moreover, data science has improved the connections between statistics
and machine learning; yet predictive accuracy does not by itself imply causality or explain

uncertainty.
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3.5 Stage five: Artificial Intelligence and Generative Al
Al is the latest stage; machine learning is able to detect patterns and make predictions,

whereas generative Al can create code, visualisations, procedures, and explanations by means
of natural-language interaction. Ellis and Slade (2023), Tu et al. (2024), Schwarz (2025), and
di Bella and Preti (2026) examine the implications of large language models and generative Al
for education in statistics and data science. Friedrich et al. (2022) stress the ongoing importance
of statistics in the context of Al. The educational change is thus not Statistics — Al, but rather

Statistics + Computing + Data Science + Al + Human Judgment.

4. What Has Changed?
The situation can best be described as a shift from carrying out calculations to assessing

analytical evidence, and nowadays students need to evaluate the results rather than just

producing them.

Earlier emphasis Emerging emphasis
Manual calculation Computational analysis
Formula execution Method selection and justification
Statistical tables Software-generated output
Small structured datasets Large, complex and heterogeneous data
Classical models Statistics + statistical learning + ML
Static graphs Interactive and Al-assisted visualization
Analyst-generated reports Al-assisted reporting
Individual analysis Human-Al collaboration
Output production Output evaluation

5. From Calculation to Statistical Reasoning
The fact is that the statistical foundations do not become obsolete just because

calculations are automated. With automation, students will have less time to spend on repetitive
arithmetic and more time to spend thinking about what a statistic means, why a particular
method was chosen, what assumptions are necessary, how uncertain the result is, and whether
the conclusion is justified. A helpful principle is to automate routine tasks but not to automate
the process of understanding.

VNSGU Journal of Research and Innovation (Peer Reviewed / Refereed)
ISSN:2583-584X
Special Issue Excelsior 2.0 by S. B. Garda College, Navsari 2026
305



6. Moving from the application of a method to the selection of a method.
There is a significant change in the way people think—from asking "Which formula

should I use?" to asking "Which method is suitable for this problem?" and students have to
base their decisions about the method on the research question, the study design, the type of
outcome, the sampling procedure, the dependence structure, the data quality, the modelling

objective, and the decision context.

7. Moving from Datasets to Data Ecosystems
Professional data environments today can include databases, sensors, online platforms,

administrative records, transactions, and data that is generated continuously. It is becoming
more and more necessary for students to understand issues relating to data provenance,
missingness, measurement error, representativeness, sampling bias, data linkage, and
transformation. The fact is that having a large volume of data does not mean that the quality of
the data is also high.

8. The transition from classical modelling to statistical learning and Al
Machine learning enhances the analytical toolkit by means of resampling,

regularization, tree-based methods, ensemble methods, classification, model comparison,
cross-validation, neural networks, and other statistical learning techniques. However, statistics
education should still make the distinction between prediction, inference, and causation.

9. The competencies that statistics students should acquire
Statistics education with a forward-looking approach includes statistical foundations,

data literacy, computational competence, literacy in Al and ML, critical analytical reasoning,

ethical and responsible practice, communication, and collaboration between humans and Al.

Competency Examples of capabilities

Statistical foundations Probability, inference, sampling, regression, experimental design,
causality, uncertainty

Data literacy Data  quality, provenance, missingness, measurement,
representativeness

Computational R/Python, data wrangling, databases, notebooks, reproducibility

competence

Al/ML literacy Prediction, training/testing, validation, GenAl, explainability

Critical analytical|Method  selection, assumptions, diagnostics, robustness,

reasoning uncertainty

Ethical and responsible|Privacy, fairness, transparency, accountability, human oversight
practice

Communication Visualization, storytelling, reporting, uncertainty communication
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Human-Al collaboration |Prompting, verification, documentation, critique, responsible use

10.What This Means for the Statistics Curriculum
The curriculum shouldn't include a separate subject for each new technology; rather,

designers should keep the basic statistical concepts, cut down on the repetitive, low-value
procedures, increase students' understanding of computing and Al, and incorporate ethics and
communication into the curriculum. The aim should be selective transformation, not simply

adding new subjects.

11.Teaching statistics in the age of Al
A modern class might start off with a genuine problem, look at the data, ask the students

to suggest methods, use software or Al to examine the different options, and then ask them to
critique the analysis that results. Errors produced by Al can be turned into teaching material
since students are asked to identify the errors, explain them, correct the analysis, check the

results, and defend their conclusions.

12.Testing in the Generative Al Era
Since Al is capable of producing code, graphs, explanations, and reports, the final

product on its own might offer only weak evidence of true understanding. Assessment should
focus on reasoning carried out in reproducible notebooks, on genuine projects, on the critique
of Al-generated analyses, on oral defenses, on reflection regarding the decisions made, and on
the documentation of Al usage. The key question then becomes: Can the student explain,

evaluate, verify, and defend the analysis?

13.The responsible use of Al
Ethics plays a crucial role in statistics education, and students must come to understand

issues such as privacy, consent, data ownership, fairness, bias, transparency, accountability,
the limitations of models, and the responsible use of Al together with human oversight. The
UNESCO guidelines stress human-centred approaches, privacy, safety, equity, meaningful use,
and policy readiness (Miao & Holmes, 2023). Moreover, the UNESCO competency
frameworks for both teachers and students place particular importance on human-centred
thinking, ethics, Al applications, teaching methods, and professional development (Miao &
Cukurova, 2024; Miao et al., 2024).

14.Challenges
The main difficulties involve faculty readiness, an excessive curriculum load, unequal

access to computing and Al resources, reliance on various tools, and the fast pace of
technological change; because of these difficulties, there is a focus on teaching transferable

statistical principles rather than on relying upon a particular platform.
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15.A proposed future for statistics education
The statistics graduate of the future should act as an evaluator and interpreter of

evidence within a computational and Al-assisted environment. A future-ready model includes
six interrelated domains: knowledge of statistical foundations; competence in data and
computing; literacy in Al and machine learning; critical analytical reasoning; adherence to
ethical and responsible practice; and the ability to communicate and work with humans in an

Al context. Together, these domains promote responsible evidence-based decision-making.

16.Discussion
Technological change doesn't just get rid of old skills and substitute them with new

ones; it alters the relative importance of those skills. During the manual period, calculation was
essential. In the age of software, computation became quicker and the focus moved to
interpretation. Statistical computing brought about programming and reproducibility. Data
science extended the data lifecycle. In the current Al era, the process of analysis itself can
increasingly be automated. As routine kinds of production become cheaper, reasoning becomes
more valuable. For this reason, students need to develop stronger abilities in problem framing,
assessing the data, selecting the appropriate method, carrying out validation, evaluating
uncertainty, detecting bias, understanding causal relationships, communicating their findings,

checking the output of Al systems, and taking responsibility for the decisions they make.

17.Future Research Directions
Future research ought to look into Al-assisted instruction in the field of statistics; the

development of Al competency frameworks specific to statistics; assessment techniques which
are able to differentiate statistical reasoning from output generated by Al; changes in
professional roles; ensuring equitable access; providing development opportunities for faculty;
the communication of uncertainty; human-Al collaboration; causal reasoning; experimental
design; and the establishment of institutional policies relating to the transparent and ethical use
of Al

18.Conclusion
Statistics education has moved from manual calculation and procedural learning toward

software-supported analysis, statistical computing, data science, and now Al-supported
analytical work. This evolution does not make statistical foundations obsolete. Probability,
inference, sampling, regression, experimental design, causal reasoning, uncertainty, and
statistical thinking remain essential because they provide the basis for evaluating analytical
evidence. The future statistics student needs to be more than a calculator, software user, or

programmer. The student needs to become an analytical evaluator who can understand data,
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select appropriate methods, validate models, evaluate uncertainty, identify bias, communicate
evidence, and responsibly work with Al. Statistics education is therefore evolving from
calculation-centred learning toward reasoning-centred learning supported by computation, data
science, and artificial intelligence.
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