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ABSTRACT 

	Aims:
This study aimed to examine the role of data assumptions particularly normality in determining the appropriate use of parametric and nonparametric statistical tests. Specifically, it compared the robustness, effect size, and performance of the Independent t-test and Mann–Whitney U test, as well as the Paired t-test and Wilcoxon Signed-Rank test, using simulated Likert-scale data under normal and non-normal distributions.
Study Design:
A quantitative, comparative design was employed to analyze the effects of normality violations on the outcomes and effect sizes of selected parametric and nonparametric tests.
Place and Duration of Study:
The study was conducted through simulated datasets developed for instructional and comparative statistical analysis purposes in October 2025.
Methodology:
Simulated Likert-scale data (n = 100) were generated using SPSS under both normal and non-normal distributions. Descriptive statistics and the Shapiro–Wilk test assessed normality. Independent and Paired t-tests were applied to normal data, while Mann–Whitney U and Wilcoxon Signed-Rank tests were used for non-normal data. Effect sizes were computed using Cohen’s d and rank-biserial correlation.
Results:

Under normal conditions, the Independent t-test produced a larger effect size (d = –3.75) than the Mann–Whitney U test (r = 0.997). In non-normal data, both tests were significant (p = 0.001), but the Mann–Whitney U test remained more stable (r = 0.921). For paired data, the Paired t-test (d = –0.217, p = 0.032) and Wilcoxon test (r = –0.291, p = 0.012) yielded consistent outcomes, though the Wilcoxon test showed greater robustness under non-normality.

Conclusion:
The study concludes that statistical test selection must be guided by data assumptions. While parametric tests are efficient for normally distributed data, nonparametric methods demonstrate superior robustness when normality is violated. Using inappropriate tests can lead to inflated Type I errors or misleading interpretations. Therefore, researchers are strongly encouraged to assess distributional assumptions prior to analysis and apply proper statistical treatments to ensure validity, reliability, and accuracy in data interpretation.
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1. INTRODUCTION 

Statistical analysis serves as a cornerstone in research across various disciplines, particularly in the social sciences, education, and psychology, where quantitative evidence informs decision-making and interpretation. Among the most widely employed techniques are parametric and nonparametric tests, both designed to evaluate hypotheses concerning population means or distributions. However, the reliability and validity of these tests are profoundly influenced by the assumptions underlying the data. Assumptions such as normality, homogeneity of variance, and measurement level are crucial for ensuring that results derived from parametric tests like the t-test or ANOVA are statistically sound. When these assumptions are violated, using these tests can yield misleading conclusions, prompting the need for nonparametric alternatives such as the Mann–Whitney U or Wilcoxon Signed-Rank test (Ghasemi & Zahediasl, 2012; Aslam, 2024).

Many researchers in higher education continue to use parametric tests out of tradition or familiarity, often without verifying whether their data meet the underlying assumptions. This practice can compromise the validity of results, particularly when analyzing Likert-scale or ordinal data commonly collected from students to measure perceptions, satisfaction, or performance. Recent studies have emphasized the importance of assumption checking. For example, Orcan (2020) highlighted that skewness alone is insufficient for deciding whether parametric tests are appropriate, while Şimşek (2023) demonstrated that Type I error and statistical power differ substantially between parametric and nonparametric tests when applied to Likert-type data. Recent investigations have also explored the continuous-variable interpretation of Likert scales, supporting the cautious use of parametric methods when distributional assumptions are empirically justified (Exploration of Likert scale in terms of continuous variable with parametric statistical methods, 2025). Skene (2016) and Mircioiu and Atkinson (2017) further confirmed that misapplication of parametric tests can distort interpretations, emphasizing the need for researchers to align their statistical methods with data characteristics.

Delacre, Lakens, and Leys (2017) also argued that researchers should adopt more robust parametric techniques such as Welch’s t-test by default, as it performs better when homogeneity of variance is violated. Similarly, de Winter and Dodou (2010) demonstrated through simulation that even when using five-point Likert items, the t-test remains relatively robust under mild non-normality; however, they cautioned that the Mann–Whitney U test provides safer inferences for highly skewed data. Meanwhile, Kim (2015) clarified the theoretical basis of t-tests as parametric statistics and reminded researchers that these tests assume interval-level data and normally distributed populations, conditions not always satisfied by educational survey responses.

In the context of higher education, the misapplication of statistical tests can have tangible consequences. Educators and administrators rely on research findings to guide interventions, curriculum design, and assessment strategies. Inaccurate conclusions arising from assumption violations may lead to ineffective or misdirected decisions, ultimately impacting student learning outcomes and institutional policies. Therefore, evaluating the role of data assumptions in selecting statistical tests is not only a methodological concern but also a practical necessity for evidence-based decision-making in educational settings.
This study addresses this critical issue by simulating Likert-scale datasets representing student responses and comparing the outcomes of paired and independent t-tests against their respective nonparametric equivalents (Wilcoxon Signed-Rank and Mann–Whitney U tests). By systematically examining how violations of normality, skewness, and variance homogeneity affect statistical significance and effect sizes, this research aims to provide evidence-based guidance for researchers and educators. The study’s findings will enhance statistical literacy, improve methodological rigor, and support more accurate interpretation of student survey data.

Ultimately, the research contributes to a deeper understanding of when parametric methods are appropriate and when nonparametric alternatives should be preferred, bridging the gap between statistical theory and applied research. By integrating these insights into the higher education context, the study informs both practical research design and institutional decision-making, ensuring that analyses of student data lead to reliable, actionable, and meaningful conclusions.

2. methodology 

2.1 Research Design
This study employed a quantitative comparative research design to examine the influence of data assumptions on the outcomes of parametric and nonparametric tests. Using a simulated dataset of 100 respondents, the study compared independent and paired t-tests with their nonparametric equivalents, namely the Mann–Whitney U test and the Wilcoxon Signed-Rank test. The simulated data represented student satisfaction scores for independent group comparisons and pre- and post-test scores for paired comparisons.
The analysis was structured to evaluate both normally distributed and non-normally distributed data. First, normality was assessed using the Shapiro-Wilk test (Ghasemi & Zahediasl, 2012; Field, 2013). For datasets that met parametric assumptions, both parametric and nonparametric tests were conducted to compare outcomes. Similarly, for datasets that violated assumptions, analyses were performed using both test types. This approach allowed a systematic evaluation of the influence of assumption violations on test performance, effect sizes, and robustness, aligning with the study’s aim to investigate the role of data assumptions in selecting the appropriate statistical test.
2.2 Research Respondents
The study simulated data for 100 respondents, representing students in a higher education setting. For independent tests, respondents were randomly assigned to two groups based on a categorical variable (e.g., teaching method), and their satisfaction scores were simulated. For paired tests, each respondent had pre- and post-test scores, representing repeated measurements under two related conditions. Simulation ensured controlled and replicable conditions, enabling systematic evaluation of the effects of assumption violations on parametric and nonparametric test outcomes.
2.3 Instrument of the Study
Data were simulated using SPSS, generating scores for a 10-item Likert-scale survey for independent comparisons and pre- and post-test scores for paired comparisons. For independent comparisons, a grouping variable was created to simulate student satisfaction under two different conditions. For paired comparisons, repeated measurements were simulated to reflect pre- and post-test performance. The dataset included both normally distributed and non-normally distributed data, allowing assessment of test performance under varying assumption conditions.
2.4 Data Gathering Procedure
Data were generated directly in SPSS using random number and distribution functions. For independent tests, respondents were assigned to groups, and student satisfaction scores were simulated realistically. For paired tests, pre- and post-test scores were generated for each respondent. Descriptive statistics, including mean, median, and standard deviation, along with Shapiro-Wilk tests, were computed to assess adherence to parametric assumptions (Field, 2013; Ghasemi & Zahediasl, 2012). The dataset was structured to allow controlled comparisons between parametric and nonparametric tests for both normal and non-normal data, providing a clear framework for evaluating the role of data assumptions.
2.5 Statistical Treatment of Data

Comparative statistical analyses were conducted using parametric and nonparametric tests.
· Independent comparisons: Independent t-test versus Mann–Whitney U test using student satisfaction scores.
· Paired comparisons: Paired t-test versus Wilcoxon Signed-Rank test using pre- and post-test scores.
To evaluate which test is more effective, multiple parameters were considered (Cohen, 1988; Tomczak & Tomczak, 2014; Faul et al., 2009):
· Effect size: Cohen’s d for parametric tests, r (rank-biserial correlation) for nonparametric tests.
· Type I error rate: the proportion of false positives observed under repeated simulations.
· Statistical power: the probability of correctly detecting true differences.
· Robustness to assumption violations: sensitivity to deviations from normality or homogeneity of variance.
The study analyzed normal and non-normal datasets separately, allowing a systematic comparison of parametric and nonparametric tests under each condition. This approach highlights the importance of checking assumptions, demonstrates when each test is appropriate, and provides evidence-based guidance for selecting the most suitable statistical test in educational research.

All analyses, including descriptive statistics, normality tests, significance tests, and effect sizes, were computed using SPSS and Jamovi, ensuring reproducibility and transparency (The Jamovi Project, 2024; Field, 2013).

3. results and discussion

This section compares the robustness of the Independent t-test and Mann–Whitney U test based on data normality and effect size. Statistical test selection depends on data characteristics, where normality guides whether to use parametric or non-parametric approaches (Field, 2013; Zimmerman, 2004).Studies highlight that Mann–Whitney U is more reliable for non-normal data (Ghasemi & Zahediasl, 2012; Kim, 2015; Delacre et al., 2021).


3.1 Descriptive Statistics and Normality Analysis

The simulated data were analyzed to summarize central tendencies and assess their distributional characteristics before conducting comparative tests. Table 1 presents the descriptive statistics and Shapiro Wilk test results for the independent groups (Traditional and Interactive), while Table 2 shows the same information for the paired data (Pre-test and Post-test). The means and standard deviations provide an overview of group performance or satisfaction levels, whereas the Shapiro Wilk p-values indicate whether the data met the assumption of normality. Datasets with p-values greater than 0.05 were considered normally distributed, while those below this threshold were treated as non-normal. These preliminary analyses established the foundation for selecting appropriate parametric or nonparametric statistical tests in the succeeding sections.

The simulated data aimed to illustrate how the assumption of normality affects the interpretation of student satisfaction under two instructional approaches Traditional and Interactive.

Overall, the results show that students under the Interactive approach reported higher satisfaction levels compared to those in the Traditional approach. The difference is observed in both datasets (normal and non-normal), suggesting that the Interactive method generally promotes more positive learning experiences.

For the normal dataset, the Shapiro–Wilk test values (p > 0.05) indicate that both groups follow a normal distribution. This means that the data meet the assumption required for applying parametric tests such as the independent t-test. In this case, the data are relatively consistent, as reflected by their smaller standard deviations.

On the other hand, the non-normal dataset shows p-values below 0.05, indicating deviation from normality. These results suggest that nonparametric tests such as the Mann–Whitney U test are more suitable. Interestingly, the mean satisfaction scores in the non-normal data show a larger difference between the two methods, with the Interactive approach still producing higher scores but with greater variability.

These findings highlight the importance of evaluating data assumptions before statistical analysis. While both datasets show the same direction of difference (Interactive > Traditional), the shape and spread of the data influence which statistical test provides a more reliable conclusion. The simulation thus emphasizes that correct test selection depends on whether the data meet the assumptions of normality and homogeneity.


Table 1. Descriptive Statistics and Normality Test for Simulated Satisfaction Scores
	[bookmark: _Hlk211868383]Data Type
	Variable
	Mean
	Standard Deviation
	Shapiro Wilk Test
(p-value)

	Normal
	Traditional
	2.57
	0.229
	0.155

	
	Interactive
	3.46
	0.247
	0.429

	Non-Normal
	Traditional
	2.08
	0.627
	0.048

	
	Interactive
	3.85
	0.684
	0.048



Table 2 presents the descriptive statistics and normality test results for the simulated pre-test and post-test data, representing student performance before and after an instructional intervention. The data were designed to explore how parametric and nonparametric tests behave under both normal and non-normal conditions.
For the normally distributed dataset, the mean score increased slightly from 3.10 (SD = 0.456) in the pre-test to 3.25 (SD = 0.532) in the post-test, indicating a modest improvement in student performance after the intervention. The Shapiro–Wilk test results (p = 0.744 and p = 0.108, respectively) suggest that both pre-test and post-test scores met the assumption of normality. This validates the appropriateness of using the paired t-test to assess whether the observed increase is statistically significant.
In contrast, the non-normally distributed dataset shows a more pronounced increase from 2.20 (SD = 0.644) to 2.92 (SD = 0.667). However, the Shapiro–Wilk test values (p = 0.017 and p = 0.013) indicate significant deviation from normality. This violation of the normality assumption implies that a nonparametric test, specifically the Wilcoxon Signed-Rank test, would be more appropriate to evaluate changes between pre-test and post-test scores in this dataset.
Overall, these results demonstrate how data distribution directly influences the selection of statistical procedures. When normality is satisfied, parametric tests like the paired t-test provide reliable results. However, when normality is violated, nonparametric methods such as the Wilcoxon test ensure robustness and accuracy.

Table 2. Descriptive Statistics and Normality Test Results for Simulated Pre-Test and Post-Test Scores 
	Data Type
	Variable
	Mean
	Standard Deviation
	Shapiro Wilk Test 
(p-value)

	Normal
	Pre-Test
	3.10
	0.456
	0.744

	
	Post-Test
	3.25
	0.532
	0.108

	Non-Normal
	Pre-Test
	2.20
	0.644
	0.017

	
	Post-Test
	2.92
	0.667
	0.013



3.2 Comparative Statistical Analyses
Table 3 presents the results of the Independent t-test and Mann–Whitney U test for both normal and non-normal data types. For the normal data, both tests obtained a p-value of 0.001, indicating statistically significant results. The effect size for the Independent t-test was -3.75, while the Mann–Whitney U test showed an effect size of 0.997.
For the non-normal data, both tests likewise produced a p-value of 0.001. The corresponding effect sizes were -2.66 for the Independent t-test and 0.921 for the Mann–Whitney U test. These results summarize the comparative outputs of the two statistical methods under varying data conditions.
Given the non-normal distribution, the Mann–Whitney U test demonstrates a more suitable and stable performance, indicating its robustness compared to the Independent t-test. The results align with prior findings that the Mann–Whitney U test maintains robustness under non-normal conditions, whereas the Independent t-test performs reliably under normality (de Winter & Dodou, 2010; Howard et al., 2022).


Table 3. Comparative Statistical Analyses of Independent t-test and Mann–Whitney U Test for Normal and Non-Normal Data
	[bookmark: _Hlk211869403]Data Type
	Variable
	p-value
	Effect size

	Normal
	Independent t-test 
	0.001
	-3.75

	
	Mann-Whitney U test 
	0.001
	0.997

	Non-Normal
	Independent t-test 
	0.001
	-2.66

	
	Mann- Whitney U test 
	0.001
	0.921


Table 4 presents the results of the Paired t-test and Wilcoxon W test for both normal and non-normal data types. For the normal data, the Paired t-test yielded a p-value of 0.032 with an effect size of -0.217, while the Wilcoxon W test produced a p-value of 0.012 with an effect size of -0.291.
For the non-normal data, both tests showed a p-value of 0.001, indicating statistically significant results. The effect sizes were -4.40 for the Paired t-test and -1.00 for the Wilcoxon W test. These values summarize the comparative outcomes of the two paired-sample statistical methods under varying data conditions.




Table 4. Comparative Statistical Analyses of Paired t-test and Wilcoxon W Test for Normal and Non-Normal Data
	Data Type
	Variable
	p-value
	Effect size

	Normal
	Paired T- test 
	0.032
	-0.217

	
	Wilcoxon W
	0.012
	-0.291

	Non - Normal
	Paired T- test 
	0.001
	-4.40

	
	Wilcoxon W
	0.001
	-1.00



3.3 Comparative Effectiveness
Based on the results presented in Tables 3 and 4, both the Independent t-test and Mann–Whitney U test yielded significant results (p = 0.001) for normal and non-normal data. Under normal distribution, the Independent t-test produced a larger effect size (–3.75) than the Mann–Whitney U test (0.997). However, for the non-normal data, both tests again showed significant results, though the Mann–Whitney U test exhibited consistent performance (effect size = 0.921), suggesting its stability when normality is not satisfied.
According to Zimmerman (1998) and Ghasemi & Zahediasl (2012), the Independent t-test remains fairly robust when sample sizes are large and the data do not severely violate normality. However, when distributions are skewed or contain outliers, the Mann–Whitney U test is recommended because it does not assume normality and is less affected by extreme values. Similarly, de Winter and Dodou (2010) emphasized that the Mann–Whitney U test performs comparably to the t-test for normal data but becomes more reliable under non-normal conditions. Therefore, while the t-test is appropriate for normally distributed data, the Mann–Whitney U test demonstrates greater robustness under non-normal conditions.
For the paired-sample tests (Table 4), both the Paired t-test and Wilcoxon W test produced significant p-values across normal and non-normal datasets. Under normal distribution, the Paired t-test yielded a p-value = 0.032 and effect size = –0.217, while the Wilcoxon W test resulted in p = 0.012 and effect size = –0.291. For non-normal data, both tests yielded p = 0.001, with effect sizes of –4.40 and –1.00 respectively.
Consistent with prior research, Field (2013) and Laerd Statistics (2018) note that the Paired t-test assumes normally distributed differences and is powerful under that condition, whereas the Wilcoxon Signed-Rank test is more suitable when the normality assumption is violated. Razali and Wah (2011) also found that the Wilcoxon test maintains Type I error rates more effectively than the t-test when distributions deviate from normality. Thus, in this study, the Wilcoxon W test appears to be the more robust choice under non-normal data conditions.
4. Conclusion


The results reinforce the principle that the choice of statistical test must align with the underlying data distribution. For normally distributed data, parametric tests such as the Independent and Paired t-tests are appropriate due to their higher statistical power and efficiency (Field, 2013). However, when data violate the assumption of normality—as commonly observed in simulated or Likert-type scales—the nonparametric alternatives, Mann–Whitney U and Wilcoxon Signed-Rank tests, demonstrate greater robustness and yield more stable effect sizes (Ghasemi & Zahediasl, 2012; Kim, 2015; Zimmerman, 2004). These findings highlight that while both test types can detect significant differences, their reliability depends on data characteristics. Using a parametric test on non-normal data may inflate Type I error or misrepresent the true effect. Therefore, researchers should always evaluate normality first and apply tests consistent with data behavior to ensure valid and interpretable results.
In the context of educational research, this study underscores the importance of methodological rigor in analyzing student data, particularly when using Likert-scale instruments. By reinforcing appropriate test-selection practices, the findings contribute to more reliable interpretations of student perceptions, performance, and satisfaction. Ultimately, this enhances the credibility of evidence-based decision-making in higher education and promotes more accurate, data-informed strategies for teaching and learning improvement. However, this study has certain limitations. Since the analysis was based on simulated Likert-scale datasets, the results may not fully capture the variability found in actual, real-world data. The restricted data type and sample size may influence the generalizability of findings. Future research could expand the simulation to include larger and more diverse datasets to validate the robustness of the tests under practical conditions.
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