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Abstract

This communication provides a citable methodological reference for eduSTAT (v1), an

automated, rule-based workflow for the statistical analysis of small- to medium-sized

datasets (N ≈ 30–3000). The web application is initially available in German and will

be offered in English once it is established in German-speaking regions. It is developed

with the aim of supporting early training in the scientific method and reducing the risk

of spurious or inappropriate statistical analyses. The paper establishes the foundation

for subsequent meta-analyses based on citation tracking of studies that apply eduSTAT,

enabling iterative, data-driven improvement of the software.
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1. Introduction

An inadequate or incorrect introduction of students to the scientific method, partic-

ularly statistical analysis, contributes to systematic analytical errors, including misuse of

parametric tests, unrecognized confounding, p-hacking [1] and publication bias [2]. These

issues are widely regarded as contributors to the interdisciplinary replication crisis [3,4].

Modern statistical software, in combination with AI, lowers technical barriers but often

obscures methodological assumptions, increasing the risk of inappropriate application,

particularly by early-stage researchers [5].

Addressing this gap, eduSTAT offers a rule-based system that automates the selection

and evaluation of statistical tests. Results are generated in a Word template suitable for

scientific reporting. Reports include citations for relevant methods and reference this paper.

This communication serves as the primary methodological reference for eduSTAT, sup-

porting pilot deployment and enabling subsequent meta-analyses to assess the software’s

impact through citation tracking.

2. Methodological Framework

eduSTAT ingests tabular data from common formats (e.g., CSV, XLSX), extracts fea-

tures, and classifies them as nominal, ordinal, or cardinal via heuristic inference based on

data type and value structure. Because automated scale inference is inherently error-prone,

users can manually override all inferred properties. Feature construction is supported

through aggregation into composed features or binary recoding into nominal groups.

Statistical analysis is initiated by selecting two features. Test selection is inferred from

their measurement scales, pairing structure, and normality diagnostics using the decision

tree given in Figure 1.
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Figure 1. A decision tree based on the scales of two features and normality tests is used to infer the

respective hypothesis test or correlation test to be evaluated.

Normality is assessed with the Anderson–Darling test, which is sensitive to tail de-

viations and outliers to favor robust, non-parametric methods. Parametric tests are used

if normality holds; otherwise, rank-based alternatives are applied. Reliance on a single

normality test may lead to conservative decisions, particularly for large samples or mild

deviations from normality. If two selected features share the same measurement scale

and a common term in their names, a hypothesis test is applied; otherwise, a correlation

analysis is used. This heuristic is limited by feature-name semantics and may not capture

all substantively meaningful pairings.

For each test, eduSTAT provides numerical results (e.g., p-value, test statistics and

effect size) and a natural-language interpretation together with visualizations. It reports

estimates of the sample size required for a test power of 0.8 or the detection threshold,

based on the following methodologies:

• Anderson–Darling: sample size estimate for the Anderson–Darling test [6] is based on

empirically determined power curves from [7]. The minimum sample size required to

achieve a target power of 0.8 is reported.
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• Mann–Whitney U Test: for the Mann–Whitney U test [8] the required sample size

for a power of 0.8 is estimated using the rank-based effect size, accounting for group

variances and relative group sizes based on the methods of Ref. [9].

• Wilcoxon Signed-Rank Test: for the Wilcoxon signed-rank test [10,11], the required

sample size for a power of 0.8 is estimated by adapting the standard t-test formula [12],

replacing the parametric mean with the Hodges–Lehmann estimator [11] and the stan-

dard deviation with a robust measure of dispersion (MAD):

⌈

(

(1.96+0.84)·1.4826·MAD
|HL|

)2
⌉

,

with MAD being median absolute deviation and HL the Hodges–Lehmann estimator.

• Welch t-Test: the sample size requirement for the Welch’s t-test [13] is evaluated using

standard deviation and mean, explicitly accounting for unequal variances and sample

sizes based on the formula for the t-test [12]:
(

1 + 1
r

)

(s2
ℓ
+r s2

r ) (1.96+0.84)2

(⟨xl⟩−⟨xr⟩)2 with xL and

xr referring to the data of the respective groups and r to the ratio of the group sizes.

The detection threshold is determined by scaling the variances for significance.

• G-Test: for the G-test [14], the sample size required for a power of 0.8 is estimated

via the Kullback–Leibler divergence as

⌈

χ
2
1−α, df+χ

2
0.8, df

2 ∑k pk(log pk−log qk)

⌉

with pk referring to the

observed distribution, qk referring to the expected distribution based on the data

synthesized for the power analysis and df referring to the degrees of freedom. By

scaling observed contingency counts and iteratively testing hypothetical sample sizes,

the likelihood ratio is recalculated as the sample size increases until the critical

threshold for significance is reached, also providing a dataset-specific estimate of

the detection threshold.

• Pearson and Spearman Correlation: the detection threshold for the Pearson correlation

[15] and Spearman correlation [16] are determined by transforming the correlation

coefficient into Fisher-z values [17,18], enabling a normal approximation of the test

statistic. The detection threshold is determined numerically as the smallest sample

size for which a confidence interval based on Fisher’s transformation excludes zero.

The implementation of the statistical tests and associated algorithms relies on math.js

(math.js https://mathjs.org/ (accessed on 25 January 2026) under Apache-License 2.0) to

improve the numerical precision of floating-point operations and to reduce rounding errors

in intermediate computations. At the same time, the implementation is constrained by the

JavaScript execution environment, which is not optimized for numerical algorithms of high

computational complexity. Consequently, eduSTAT adopts a deliberate trade-off between

numerical precision and computational efficiency: it prioritizes stable and sufficiently

accurate results for interactive, browser-based analysis over maximally optimized high-

performance computation.

Validation results for the sample size estimates, p-values, test-statistics and power

analysis of the test implementations are publicly available online at https://edustat.at/

Validierungen/?ref=mdpi (accessed on 25 January 2026).

Multiple comparison corrections are presently not implemented in eduSTAT automa-

tisms, as the necessity for such adjustments cannot be definitively inferred from the dataset’s

structure without additional contextual information.

A confounder analysis is performed to assess the potential impact of additional

variables on statistical results based on a simplified ANCOVA to reduce requirements

and simplify interpretation:

When comparing groups in a hypothesis test, the homogeneity of the groups with

respect to each confounding variable is examined. For cardinal or ordinal confounders,

a linear regression on the outcome variable is used to model how differences in group

composition translate into differences in the outcome. The system implements a heuristic for

selecting between OLS, TLS, and robust linear regression depending on data characteristics.
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For nominal confounders, the mean outcome is calculated for each level of the confounding

variable to capture compositional effects. Based on a correlation analysis between the

confounder and the outcome variable, the effect of the confounder on the target measure is

then estimated. This effect is subtracted from the original result, and the confidence interval

is re-evaluated. If the adjusted confidence interval crosses zero, the result is considered

potentially biased.

For correlation analyses, partial correlation controlling for the confounding variable is

applied. If the resulting value of the partial correlation falls outside the confidence interval

of the original correlation, the result is considered potentially biased. By distinguishing

whether the partial correlation lies above or below the original confidence interval, eduSTAT

can provide guidance for the construction of structural equation models.

This approach to confounder analysis is susceptible to biases resulting from multiple

comparisons. Since an automated inference of multiple testing cannot be performed

without ambiguity in the absence of additional context, no multiple comparison corrections

are currently implemented. Consequently, the results of the confounder analysis should

be interpreted with caution and primarily serve as an indicator. Furthermore, mutual

correlations or covariances between potential confounders are not taken into account. The

current implementation in eduSTAT does not aim to provide a quantitative adjustment

for confounding, but rather to establish a qualitative basis for potential optimizations of

the study design. It is intended to serve as a diagnostic indicator for the robustness of the

primary study results.

All results are reported in a structured format that can be exported as a Microsoft

Word document, encompassing methods, results, conclusions, and references, systemat-

ically linking statistical analyses, visualizations, and citations. The Word export is im-

plemented using docx.js (docx.js under the MIT license: https://docx.js.org/ accessed on

25 January 2026) and FileSaver.js (FileSaver.js under the MIT license: https://github.com/

eligrey/FileSaver.js accessed on 25 January 2026), while visualization generation is based

on plotly.js (plotly.js under the MIT license: https://plotly.com/javascript/ accessed on

25 January 2026).

The report structure is intended to be complemented by standardized template texts to

support transparent reporting. These templates will be introduced in future development

stages and iteratively refined based on insights gained from subsequent meta-analyses

derived from citation tracking of studies applying eduSTAT.

Scope and Methodological Streamlining

This communication establishes a citable methodological documentation of eduS-

TAT, providing the transparency required for its deployment in pilot studies and subse-

quent empirical evaluation. Future work will focus on domain-specific validation of the

automated decision logic and confounder diagnostics, iterative refinement of reporting

templates guided by citation-based meta-analyses, and methodological extensions such

as user-driven test selection, additional variance and normality diagnostics, and Monte

Carlo-based power simulations. Together, these steps aim to strengthen both the scientific

robustness and pedagogical utility of eduSTAT in applied research and teaching contexts.

Once eduSTAT is established in the German-speaking region, the web application will also

be offered in English.

Funding: This research and the development of eduSTAT where partly funded by the Austrian

Research Promotion Agency (FFG).
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Data Availability Statement: All data and results produced during validation of the soft-

ware components are available at https://edustat.at/Validierungen/?ref=mdpi (accessed on

25 January 2026).
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