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Normality is one of the essential assumptions in parametric statistical analysis practices that are regularly used in quantitative research. However, empirical research has tended to tackle the issue of normality as a matter of course in research procedure rather than a key aspect of research rigor. This article presents a holistic and integrative analysis of data normality in a manner that synthesises the foundations of theory, normality checks as methods of analysis, implications of a violation of normality in research analysis, and research solutions in different research studies. This research study exclusively relies on a desk research approach in a bid to compile findings on the topic of research from different methodological studies in statistics and research in economics as well as research studies in social research.  This paper clearly presents a systematic discussion of how normality can be investigated for research data. In this respect, it covers the use of graphical techniques, formal statistical tests, and some computer-based procedures. It has also shown how different ways of diagnosing normality can be useful. It does not treat different methods as alternatives but, instead, points out their specific strengths and limits to help researchers understand when and for what reasons a specific method is more appropriate.  In addition, the researchers have discussed how the role of justification in larger samples using Central Limit Theorem is an essential topic, in focusing on the point that a larger sample size is effective in reducing, but certainly not obviating, a concern with normality. In this paper, it is also argued that a good approach to doing research in social science should strike a balance between analysing normality in each case, in which it will informally contribute to a crucial methodological approach to doing research. 
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I. INTRODUCTION
In quantitative research, the goodness and validity of statistical outcomes are heavily dependent on the satisfaction of the underlying assumptions of the applied statistical procedures. Among these, the normality of the distribution of the data plays a pivotal role, and this is particularly important for those quantitative analyses that employ the application of the various statistical procedures that are considered parametric. Normality is the point at which the actual data points tend towards the normal (Gaussian) distribution and are identified by symmetry around the mean, the formation of the bell-curve model, and stable patterns of dispersion (Field, 2018; Hair et al., 2019). The rationale for the application of normality is that many commonly employed inference procedures like t-tests, analysis of variance (ANOVA), regression analysis, and structural equation modelling (SEM) are designed with the idea that the actual data points and/or the model residuals tend towards normality (Kline, 2023; Tabachnick & Fidell, 2019). When this is appropriately satisfied, the estimates of parameters are unbiased and the standard errors are accurately quantified and model tests are precise and reliable (Tabachnick & Fidell, 2019). Alternatively, extreme departures from normality could affect the model tests by producing distorted outcomes and increasing the risks of Type I and Type II errors and even compromising the generalisability of the actual statistical outcomes (West et al., 1995).  In terms of applied research, normality cannot be viewed as a mere statistical technicality but rather as an indicator of the overall quality of the data. Asymmetric and kurtotic distributions could be an indicator of underlying problematic measurement practices, such as poorly drafted questions, limited response scales, and/or the presence of extreme observations that overly impact outcomes (Byrne, 2013).  As such, exploring normality can serve as an early warning system in searching for underlying irregularities in data quality and as an indicator of informed choices or decisions about transforming data, robust estimation, and non-parametric procedures if appropriate and necessary (Pallant, 2020).  In general, in big data studies, there appears to be an admission of how parametric statistics could handle certain violations of normality rather well and relatively robustly, particularly if sample sizes exceed certain boundaries and beyond big N studies of N >200 cases (Lumley et al., 2002). That being said, and amidst recent developments in methodological traditions, there appears to be an overwhelming approach and concern that ignoring assumptions of normality can be highly problematic even in big data studies, particularly for complex and technically rigours complex applications of advanced multivariate analytics like confirmatory factor analysis and Structural Equation Modelling analyses (Shapiro, S. S., & Wilk, M. B., 1965; Yazici, B., & Yolacan, S. 2007; Yap & Sim, 2011; Ghasemi, A., & Zahediasl, S. 2012; Das & Imon, 2016; Hair et al., 2019; Kline, 2023).
Hence, the assessment of normality in terms of graphical techniques (histograms, Q-Q plots) as well as statistical measurements (skewness, kurtosis) has emerged as a best practice procedure in empirical research (Field, 2018; Tabachnick & Fidell, 2019). The open scrutiny of the issue of normality not only adds to the integrity of methodological approaches but also adds to the authenticity and replicability of research results. Therefore, acceptable levels of normality are a preliminary prerequisite of sound quantitative research, making a significant input into the solidity of evidence-based findings (Tsagris & Pandis, 2021). 
The rest of the paper will follow the following format. Section II will include the literature review relevant to the current paper. Section III will describe the research design with emphasis on the methodology that will follow in the current paper. Section IV will describe the various methods applied to verify data normality in complex data, which has become essential in carrying out quantitative research to obtain reliable results. Lastly, Section V will provide the results discussion and the conclusions that will bring the paper to its eventual end.
II. LITERATURE REVIEW
Although normality is frequently regarded as a statistical assumption rather than a distinct theory on its own, its significance is firmly embedded within the foundations of classical statistical theory and probability theory. The notion of normality traces back to the Gaussian distribution and rests on a theoretical foundation established by the Central Limit Theorem (CLT), suggesting that under general assumptions, the sampling distribution of the mean tends toward normality for larger sample sizes, independent of the form of the underlying population distribution (Casella & Berger, 2024; Montgomery & Runger, 2010). This theoretical underpinning represents the theoretical justification underlying the widespread application of parametric statistical procedures in empirical research. From this foundation, classical test theory and general linear model formulation postulate normal errors in order to provide for unbiased parameter estimation and reliable hypothesis testing (Kutner, 2005; Tabachnick & Fidell, 2019). Such assumptions are especially in behavioural, social, and management sciences because they involve measurement of theoretical constructs defined through Likert scales, in which case non-normal data can emerge as a function of response biases, ceiling effects, and situational factors (Hair et al., 2019). From a methodological perspective, it is suggested that testing for normality represents a critical concern for fulfilling formal statistical requirements and, more significantly, for ensuring the validity and constancy of theoretical interpretations and inferences (Kline, 2023; Byrne, 2013). More recently developed methodological literature underlines the point that non-normal data can have a significant detrimental impact on complex multivariate statistical analysis procedures such as confirmatory factor analysis and structural equation modelling, primarily since non-normal data characteristics can systematically bias indices of model fit, standard errors, and path coefficient estimates, especially under conditions of maximum likelihood modelling and testing (Benaglia et al., 2010; Xia & Yang, 2019). 
Based on these theoretical as well as practical considerations pertaining to data normalisation and the use of statistical and methodological techniques, a growing trend within methodological literature highlights the importance of a combination approach to evaluation. Instead of using a single measure, it has been recommended that researchers should use pictorial diagnostic plots together with simple statistics to evaluate normalisation aspects pertaining to data distribution. This combination has been recognised as a necessary validation procedure within methodological framework validation, as distinct from a technical initiative (Field, 2018; Hair et al., 2019).
However, prominent methodologists contend that graphical representations like histograms, Q-Q plots, and box plots offer a clear, ideographic perspective on pattern-level distributions, one that may not readily emerge through traditional tests, particularly when large sample sizes result in insignificant deviations among normal distributions, making these insignificant variations seem important (Tabachnick & Fidell, 2019). The addition of a variety of metrics, such as those relating to kurtosis, normality, or other statistical parameters, enables a more informed determination regarding normality appropriateness that is not bound by conventional dogma or limited to mere statistical formality (Kline, 2023). The normality test, consequently, has progressed beyond its role as a mere statistical technicality and instead became a substantive methodological practice that clearly affects model estimation, fit, and empirical claims (Byrne, 2013; Hair et al., 2019). Together, this literature makes it clear that normality analysis with care and with triangulation is non-negotiable on essential research routes in quantitative research, especially in advanced modelling (Wilk, M. B., & Gnanadesikan, R., 1968; Abrahams, S. T., & Keve, E. T., 1971).
Justification for the Current Study
While data normality is a core concern within the realm of research methodology for quantitative studies, its handling has a marked lack of alignment. While its role and importance, as conceptualised within research methodology, are largely emphasised by its theoretical base, there is a marked absence of equivalent treatment to its handling, interpretation, and implementation within research studies. In practice, normality testing or assessment of normality are treated as a procedural or compliance formality, rather than as an integral factor of statistical decision making, emphasising a pronounced research gap that requires a distinct focus on its handling as a research concern within quantitative studies (Field, 2018; Hair et al., 2019).  Secondly, although complex statistical methods emphasise data diagnostics, especially in advanced frameworks such as in factor‐based approaches and structural equation modelling, the practical treatment of normality of data remains underdeveloped within the literature. It is common that, even when normality diagnostics are discussed, their application and interpretation, as well as how results are integrated into modelling decisions, remain implicit or are barely discussed, even though these methods make strong demands on distributional adequacy. The result is that sophisticated analytical tools are increasingly being applied without concomitant methodological reflection about the quality of the data on which they are based. The gap indicates a need for more explicit and systematic consideration of the diagnostics of data normality when complex statistical methods are applied, particularly configurational and structural equation approaches.
This gap persists despite the strong emphasis placed in the literature on data diagnostics, particularly in relation to widely used measurement approaches in the social and management sciences. Common practices such as the use of Likert-type scales are extensively discussed in terms of scale development and measurement properties; however, the application of data diagnostic procedures especially those related to distributional assumptions often remains implicit or underexplored. While the implementation of these procedures is common in empirical work, exactly how the diagnostic tests are used in empirical work regarding the implementation of measurement instruments is often not given clear attention. This issue indicates the lack of implementation of methodological considerations in empirical work using common measurement instruments (Kline, 1998; Xia & Yang, 2019).
It should be noted that discussions of data normality diagnostics in the existing literature tend to be framed largely as part of instrument-related checks, rather than as a methodological practice that is closely linked to the theoretical constructs being examined. As a result, normality is often treated as a technical requirement of measurement tools, with limited attention to its broader implications for theory testing and model interpretation. Consequently, the literature places greater emphasis on instrument diagnostics than on the substantive importance of data normality in shaping analytical outcomes. To address this imbalance, the present study explicitly focuses on examining the role of data normality and its relevance for rigorous and theory-informed quantitative analysis.  In light of the insufficient and dispersed literature on normality testing in empirical studies, often performed in a routine rather than reflective mode, the current research aims to answer the following research questions in order to give a comprehensive insight into normality testing.
RQ1: Which are the issues that may arise when testing normality of data while conducting quantitative research, regarding research practices? 
RQ2: Existing techniques for the estimation of normality for univariate and multivariate datasets and the differences for the above-stated features. 
RQ3: What are the common characteristic strengths and weaknesses for frequent approaches to testing normality, and relative to the impact of a sample size?
RQ4: What are the remedies and alternative approaches that can be applied properly in case assumptions on normality are violated, or how can one choose between them?
III. RESEARCH DESIGN
The current research follows a desk-based, or secondary, research design, utilising exclusively the existing literature to explore how a concept of data normality has been defined, identified, and utilised in quantitative research methods. The research is basically qualitative and analytical, as it primarily deals with a critical analysis and interpretation of theoretical, practical, and methodological aspects, and not with a collection of original empirical information. This kind of research design is especially useful when the research purpose is to distil and consolidate scattered information, to locate methodological gaps, and to further advance a clear concept in research practices (Saunders, Lewis, & Thornhill, 2009; Jesson, Matheson, & Lacey, 2011). 
Sources 
The data for this study is gathered from published articles in reputable scholarly journals, textbooks published in academic spheres, and guidelines for methodology published in reputable sources. The prominent sources for scholarly databases like Scopus, Web of Science, Google Scholar, as well as sources like Elsevier Publishing, Sage Publishing, Wiley Publishing, among others, have been utilised in the study to ensure that the relevant data in those sources has been well considered. The data has been considered with a focus on being relevant and scholarly sound, with sources like Hart, (2018); Hair et al., (2019). 
Search Strategy and Selection Criteria 
The Literature search was carried out systematically for keywords including data normality, assumption testing, distributional diagnostic, parametric investigation, structural equation modelling, and non-normal data. The selection criterion is restricted to (i) published research related to normality assumptions or any associated diagnostic test, (ii) published papers in peer-reviewed journals with English language, and (iii) those published within the realm of quantitative and multivariate analytical frameworks. Papers published with superficial discussion of assumptions or a lack of meaningful depth was not considered for analytical accuracy and purposes of enhancing credibility of the results (Tranfield, Denyer, & Smart, 2003).
Analytical Procedure 
A thematic synthesis of the relevant literature was undertaken in this study to systematically identify and integrate recurring patterns related to theoretical foundations, methods of normality assessment, the implications of data non-normality, and recommended analytical practices. This approach enabled a coherent consolidation of insights across prior studies, providing a structured understanding of how data normality is conceptualised and addressed in quantitative research.
By utilising thematic synthesis, this study moved beyond a simple descriptive summary of prior work and instead focused on critically reinterpreting existing research to identify areas of convergence, divergence, and unresolved questions (Thomas & Harden, 2008; Braun & Clarke, 2021). Building on the insights generated through this synthesis, the study developed a conceptual framework that situates data normality within the processes of measurement validation and theory testing, thereby linking distributional assumptions to the validation of both measurement and theoretical constructs (Runyan, 1998). By applying a thematic synthesis to the analysis of the existing literature, this study followed stringent standards for analytical reporting and adopted an open coding approach to ensure transparency and replicability of the search and review process (Bowen, 2009). Although the study did not involve primary data collection or human participants, it adhered to rigorous scholarly practices, including accurate bibliographic referencing and the careful use of direct quotations where appropriate, to maintain credibility and verifiability of the review (Hart, 2018; Saunders et al., 2009).
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The evaluation of normality of data is an integral step of data analysis, as it helps in determining the application of parametric statistics and the correctness of conclusions drawn. Following the best practices of quantitative studies, there is an amalgamation of different techniques used for normality, and these practices are highly advised in methodological literature to carry out an evaluation of distributional qualities (Hair et al., 2019; Field, 2018). Assessment of data normality constitutes a critical step in the data analysis process, as it informs the suitability of parametric statistical techniques and the validity of subsequent inferences. In line with best practices in quantitative research, normality is evaluated using a combination of graphical, descriptive, and statistical approaches, rather than relying on a single indicator. This triangulated strategy is widely recommended in methodological literature to provide a balanced and robust evaluation of distributional characteristics (Field, 2018; Hair et al., 2019).  The theoretical normal distribution is defined by the probability density function:

where μ is the mean and σ is the standard deviation (Casella & Berger, 2024). If the bars in the histogram come close to this graph, then normality becomes a plausible assumption. When there is apparent skewness, flattening, or points of steepness in the histogram, then it may indicate the possibility of deviation from normality (Pallant, 2020).
Graphical Methods 
Graphical approaches for testing normality represent a kind of visual technique that enables data scientists to check on what degree a given empirical distribution is comparable with a theoretical distribution that corresponds to a normal distribution on a given variable. Graphical approaches ensure a visual estimation of data symmetry, centrality, and extreme points, which are less susceptible to changes in data size, as compared to statistical testing. In this connection, methodological researchers recommend that data screening should be conducted visually prior to inferential testing (Field, 2018; Tabachnick & Fidell, 2019).
Histograms
A histogram is deemed to represent a normal distribution if the following characteristics are observed, and this is necessary when viewed from the perspective of normality: In normality assessment, histograms are used to evaluate whether the observed data display the characteristic bell-shaped and symmetric form of a normal distribution.  The shape of the graph must look symmetrical and must show a gradual falling pattern of points around the centre, indicating a consistent drop in points leading to the ends. There is no sharp deviation, including peaks, gaps, and tails.
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Fig 1: Histogram illustrating normal and curve distribution 
It has data points symmetrically distributed around the mean value; hence it follows a bell-shaped curve that tapers symmetrically to both sides. From its shape, it can be concluded that this data follows the assumption of a normal distribution.
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Fig 2:: Skewed distribution with normal curve overlay

The distribution has a long tail on the right side and most of the observation points are towards the lower values. This is the indication of the positive skewness of the distribution because the mean is usually larger than the median in the case of the positively skewed distribution. On the other hand, the second distribution has the long tail on the left side and the observation points are concentrated on the higher values. This is the indication of the negatively skewed distribution because the mean is usually smaller than the median.
Histogram Illustrating the Severe Violation of Normality (Non-Normal Distribution)
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Fig 3: Severe distribution with curve overlay
The presence of two peaks (bimodality) and/or fat tails suggests very serious non-normality. These might result due to heterogeneous sub-populations, extreme points in the data set, and/or some measurement problems that might call for non-normal analysis techniques. 
[bookmark: _Hlk217048916]Normal Probability (Q-Q) Plots
A normal probability (Q-Q) plot involves a comparison of the quantiles of the observed data with the quantiles of the normal distribution. The ordered sample values are graphed along with the expected normal quantile values calculated from the formula:

where Zi is a standard normal quantile corresponding to the i-th ordered data point (Kline, 2023). If a normal distribution exists in the data, points on the plot would be close to the diagonal line. A slight deviation in randomness is permissible; otherwise, it might be due to skewness, kurtosis, and outliers (Tabachnick & Fidell, 2019).
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Fig 4: Normal Probability (Q-Q) Plots

Left-hand side Q-Q Plot indicating Approximate Normality 
The observed quantiles lie very close to the diagonal reference line. There are only minor fluctuations on either end of the reference line. This holds a very clear indication that the data follows a normal distribution. 
Right Hand Side Q-Q Plot Showing Violation of Normality (Skewed Distribution) 
The points stray from the reference line in a systematic fashion, especially in the lower and upper tails, forming a curvature. This signifies a departure from normality on account of skewness in the data points.
Q-Q Plot for Violation of Normality (Heavy Tails) 
The existence of large deviations in the lower and upper tails jointly indicates that there is a heavy-tailed distribution, thus an indication that the distribution is not normal.
Box Plots 
Box and Whisker Plots is a quick way of summarizing the distribution of data. This is achieved through the identification of the median, dispersion, as well as the outliers. The box is the central 50 percent confident interval that is delimited by the first and third quartiles. Moreover, the vertical line within the box is the median. This plot ensures the identification of symmetry, dispersion, as well as the presence of outliers or normality. The interquartile range defined as:

where Q1 and Q3 are the first and third quartiles, respectively. The median, or Q2, divides the box, and the whiskers are a function of 1.5 multiplied by the IQR from the quartiles (Tukey, 1977). In testing for normality, balance in the box plot, equidistance of the median from both ends, and equality of the lengths of the whiskers indicate the presence of normal distributions. An imbalance in the median position and the lengths of the whiskers and a large number of outliers indicate non-normal distributions, such as Skewed Distribution or Heavy-tail Distribution (Field, 2018).
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Fig 5: Box Plots 

Box Plot illustrating Normality (Fig 5a): The box is relatively symmetric, with the median markings within the interquartile range, while the outliers connect equally on both sides. There are a few mild outliers noted. This occurs despite the occurrence of a normal distribution.
Box Plot Illustrating Violation of Normality (Positive Skewness) (Figure 5b): The median is moved towards the lower quartile. The upper whisker is longer. The data points are mostly represented on the upper side. This indicates a violation of normality due to positive skewness.
Box Plot Illustrating Violation of Normality (Heavy Tails) (Picture 5c): The presence of many points as outliers on both ends of the box plot shows heavy tails. Though there is a median, the large presence of points beyond the whiskers shows a serious violation of normality
Justification for Graphical Assessment 
Taken together, histograms, Q-Q plots, and box plots provide complementary information about the shape and characteristics of a distribution. In contrast to formal tests of normality, graphical procedures permit the investigator to assess whether departures from normality are substantive and have consequences for results. Accordingly, the graphical approach is widely recognised as a fully valid and essential ingredient of normality testing in statistics-based research (Hair et al., 2019; Tabachnick & Fidell, 2019).
Statistical (Numerical) Tests of Normality
Although graphical assessments are very helpful in understanding the shape and characteristics of the data distribution, statistical (numerical) normality tests are more objective and formal ways to determine the significance of deviation from the normality assumption in the data. Statistical normality tests measure the conformity of the data to the normal distribution, and they result in the calculation of test statistics and their corresponding probabilities, which are used in making decisions (Field, 2018; Razali & Wah, 2011). Therefore, statistical normality tests are commonly applied in research together with graphical representations to improve the basis for the next steps in the analysis.
There are a number of tests for determining the deviation from a normally distributed set of numbers, and some of the most frequently used tests include the Shapiro-Wilk, the Kolmogorov-Smirnov, and the Jarque-Bera tests. The tests for determining if a set of numbers is normally distributed are conducted from different statistics views, such as order statistics, cumulative distribution functions, and properties of kurtosis and skewness statistics (Thode, 2002). However, practical readings recommend that tests for the normality of the population are highly dependent on the sample size, where a number of tests will perform in a way that finds a statistical deviation that could, in effect, be scarcely negligible in large datasets, or in other cases, where the deviation in a very small set of data is not meaningfully present (Pallant, 2020; Ghasemi & Zahediasl, 2012). Within the realms of modern quantitative research, the evaluation of normality through statistical testing should thus no longer be considered as a simple pass/fail evaluation. Rather, when taken in combination with other approaches in the form of visualisation and descriptive statistics, these statistical tests form an element of a more complete process of testing assumptions in the distribution of the data (Hair et al., 2019; Tabachnick & Fidell, 2019).
Shapiro-Wilk Test 
One of the most widely suggested tests for testing normality, with strong statistical power for sample sizes n < 2,000, happens to be the Shapiro-Wilk Test. The Shapiro-Wilk Test helps in determining whether it is likely that a data sample has come from a normally distributed population by comparing the order statistics of given data to what should be expected in a normally distributed data sample (Shapiro & Wilk, 1965). One of its major strengths is its effectiveness in identifying various non-normal conditions such as asymmetry and kurtosis, making it useful for actual social science research (Razali & Wah, 2011).
Statistically, the Shapiro-Wilk test is based on the following test statistic:

where: x(i) is the i-th order statistic,  is the sample mean, ai are constants that are a function of the expected values and covariance matrix for order statistics of a standard normal distribution, and n is the size of the sample. The numerator measures how well the ordered sample points agree with the expected order statistics of a normal distribution, while the denominator measures the total sample variance. If the data points behave like a normal distribution, then the value of W approaches 1. The lower the value of W, the farther away from normality. 
The Shapiro-Wilk test has been found to perform better compared to other methods of testing the normality of data like the Kolmogorov-Smirnov test and the Anderson-Darling test for a range of sample size aspects, mostly for smaller data sets where there might only be slight departures from normality (Razali & Wah, 2011; Thode, 2002). Still, like all other statistical methods for testing data normality, the Shapiro-Wilk test has been known to be susceptible to large sample size data where even slight departures from normality can provide a statistical significance that might not have real-world significance (Field, 2018; Pallant, 2020). 
The Decision Rule 
The criteria for the decision rule in the Shapiro-Wilk test are provided by the p-value associated with the test. Based on the results, in case the test is insignificant (p > .05), then failure to reject the null hypothesis of normality means that the dataset is not significantly deviating from the normal distribution; thus, the normality assumption is met. On the other hand, if the data set is significant (p < .05), it indicates that the distribution of data does not follow normality and, thus has to be carefully validated before applying the parametric statistical procedure (Field, 2018; Pallant, 2020; Hair et al., 2019).
Kolmogorov-Smirnov Test (with Lilliefors Correction) 
The K-S test is a non-parametric test. The K-S test tries to determine the shape of the data distribution by comparing the shape of the data distribution to the theoretical shape. This is done by finding the largest absolute difference between the cumulative distribution of the data and the cumulative distribution of the theoretical distribution. The smaller the value of this difference, the closer the data is to the theoretical distribution. But like every other test, the K-S test is size dependent because even small differences will appear significant because of the size of the sample (Field, 2018). It is recommended that the result of the K-S test should not be interpreted independently but together with other graphical and summary statistics (Pallant, 2020). Kolmogorov-Smirnov test with Lilliefors correction can be viewed as a variant of the basic K-S test. In the basic K-S test, there needs to be a full specification of the theoretical distribution in advance, indicating that statistical parameters for example, the mean and standard deviation are pre-determined and rather than being derived from the sample. However, in practice, these parameters are estimated from the data. Therefore, the standard K-S test is too stringent. The Lilliefors correction takes into consideration that these parameters have been estimated, rather than being known, and is a more suitable test of normality, as it is more adaptable to real-world conditions (Abdi, H., & Molin, P., 2007).
The Lilliefors correction of the Kolmogorov-Smirnov test is probably the most widely used statistical procedure for normality, which may be seen in large datasets where formal tests relying on CDFs are computationally efficient and easy to implement (Lilliefors, 1967; Field, 2018). The test statistic is then given by the maximum absolute deviation of the empirical CDF of sample data from the CDF of a theoretical normal distribution:

					      x		
where Fn(x) is the empirical distribution function for the sample and F(x) is the cumulative normal distribution function. The statistic D is the largest vertical deviation between the two distributions for any observed value. Higher values of D signify larger deviations from normality. 
The Lilliefors correction involves adjusting the critical region of the K-S test because it takes into account that the parameters of the normal distribution are estimated rather than fixed, thus improving its validity (Lilliefors, 1967). Based on its numerical dependence on cumulative distribution functions, it has been found that the K-S test works best with larger samples to ensure consistency in estimates regarding divergence from distributions. The test has some limitations when it comes to deviation in the tail of distributions, especially with small samples, because it neither detects nor recognises differences in distributions with respect to skewness or kurtosis (Razali & Wah, 2011; Thode, 2002). 
The Decision Rule 
On the aspect of inference, a non-significant result implies that the distribution is not significantly different from normal, while a significant result implies that the distribution is significantly different from normal. However, it is important to take note of the caution set by Solomon & Strand (1958) in relation to the sensitivity of the K-S test when the sample size is large, advising against solely accepting or rejecting normality based on the outcome of the K-S test. It is recommended to interpret the outcome together with graphics to derive a sensible inference between those that are statistically significant and those of substantive normality violation (Hair et al., 2019; Pallant, 2020).
The Anderson-Darling (AD) Test and the Jarque-Bera (JB) Test 
The Anderson-Darling (AD) Test and the Jarque-Bera (JB) Test are some of the most popular statistical normality tests with an overriding emphasis upon the tails of the distribution, and as such, they remain highly relevant to econometric and financial analyses, wherein extreme data points with high tails and skewness are often found to occur more frequently. As opposed to some other tests used to verify if the distribution is valid as such, both tests are more sensitive to deviations from normality in the tails of the said distributions, as opposed to the central portion (Thode, 2002; Gujarati, 2021). The Anderson-Darling test is a variant of the Kolmogorov Smirnov test, with more emphasis on how well a distribution fits at its tails. The test statistic for this method is calculated by:

where x(i) denotes the i-th order statistic, F(x) represents the cumulative distribution function of the normal distribution, and n denotes the sample size. The larger the value of A2, the further the distribution deviates from normality, specifically in the tails. This sensitivity to tails has been given an advantage for the Anderson-Darling test regarding the meaningfulness of the tail points rather than regarding it as randomly distributed points (Stephens, 1974; Razali & Wah, 2011). 
The Jarque-Bera test, on the other hand, is a test based on moments, where it tests for normality based on skewness and excess kurtosis, two key defining features of a normal distribution. The test has a test statistic calculated by:

Here, n is sample size, S is sample skewness, and K is sample kurtosis. Under the null hypothesis of normality, the Jarque Bera test is asymptotically distributed as chi-square with two degrees of freedom. This implies that if the calculated values are significantly different from zero, it is an indication of deviation from normality either because of sample asymmetry, excess kurtosis, or both (Jarque & Bera, 1987).
The Decision Rule 
Regarding results interpretation, non-significant values (P > .05) on both tests imply failing to reject the null hypothesis of normality, while significant values (P < .05) imply the presence of detectable deviations from normality. Nonetheless, in aligning with general methodological advice, both tests are sample-size dependent, with larger sample sizes affecting the Jarque-Bera test. Thus, results are optimally interpreted together with graphics and key descriptive statistics in order distinguish between trivial deviations and meaningful deviations from normality (Hair et al., 2019; Field, 2018). 
Along with common normality tests such as Shapiro-Wilk, and the Kolmogorov-Smirnov test, several other alternative numerical methods like D’Agostino & Pearson, Cramér-von Mises, and Shapiro-Francia tests have been formulated to specifically address some special characteristics or conditions within a sample. Each measure might present a complementary role in identifying non-normality, with a different set of considerations placed on different characteristics of non-normality, thereby establishing the significance of a situation-sensitive normality test (D’Agostino & Pearson, 1973; Royston, 1993; Thode, 2002; Ghasemi & Zahediasl, 2012).
[bookmark: _Hlk217048818]D’Agostino and Pearson test 
The D’Agostino & Pearson test is a comprehensive test for normality, examining skewness and kurtosis together, akin to the Jarque-Bera test. Nevertheless, it has been shown to outperform its counterpart when dealing with moderate sample sizes. This test translates sample skewness and kurtosis into standardized scores, aggregating them into a single chi-square statistic. This test is highly favoured in biosciences, with a well-balanced sensitivity to both skewness and kurtosis (D’Agostino & Pearson, 1973; Pearson et al., 1977; Ghasemi & Zahediasl, 2012; D’Agostino, R. B., 2017). The method involves translating sample skewness and kurtosis into standardised scores, aggregating them to a chi-square statistic. The sample skewness (g1) and kurtosis (g2) are calculated from:

where mk is the kth central moment of the sample. These are then transformed into approximately standard normal variates Z1 for the test of skewness and Z2 for kurtosis using correction factors that consider the sample size (D’Agostino et al., 1990). The test statistic is then given by the following formulas:

K2, on the assumption of normality, is approximated by the chi-squared distribution with two degrees of freedom.  This measure is large when either skewness or kurtosis, or both, make the distribution deviate from normality. Interpreting the result, one could express that, because the result is non-significant (p > .05), the combination of both the skew and kurtosis is not significantly different from normality and a significant result p < .05 indicates that the data violate the normality assumption.
Cramér-von Mises test 
The Cramér-von Mises test is a goodness-of-fit test. It is used to determine the difference between the empirical distribution function and the theoretical normal distribution. It differs from the Kolmogorov-Smirnov test because instead of measuring differences at one point in time, it sums up squared differences over time. As such, the test is not very sensitive to outliers but is very sensitive to overall abnormality in terms of normal distribution (Thode, 2002). It is given by the formula:

where: x(i) is the ith ordered observation, F(x(i)) is the value of the theoretical normal cumulative distribution function evaluated at x(i), and n is sample size. The term is the expected cumulative probability under the empirical distribution. The summation represents the squared deviations of the empirical from the theoretical distribution across all observations. Larger values of W2 indicate greater overall deviance from normality. A result that is not statistically significant p > .05 indicates that there are no significant deviations from normality in the data and a significant result p < .05 indicates that the data violate the normality assumption.
[bookmark: _Hlk217048754]Lilliefors Test  
While commonly described as an adaptation of the Kolmogorov-Smirnov test, the Lilliefors test is often considered a distinct normality test in practical software like SPSS. This test is developed mainly for real situations when population parameters are not known and are estimated from the sample; that is why this test approximates most of the situations (Lilliefors, 1967). The test statistic is defined by the same functional form as the Kolmogorov-Smirnov statistic:

                                                                     x
where: Fn(x) is the empirical cumulative distribution function for the observed sample, Φ(⋅) is the cumulative probability function for the standard normal distribution, x̅ is the sample mean, and s is the sample standard deviation. The difference between the Lilliefors test and other versions of the K-S test is neither in the formula for D, nor in the test statistic, but rather in its underlying reference distribution. For a KS-test, if a parameter is to be estimated within a reference distribution, rather than predefined, then some adjustments to critical values need to be made. This is precisely how Lilliefors (1967) modified the K-S test to make it specifically suited to non-parametric normality testing. Interpretation of K-S test for normality includes a non-significant test (p > .05), meaning that no significant difference exists between a normal distribution and a fitted empirical distribution based on a sample mean and variance, and significant (p < .05), meaning a violation of normality.
Shapiro-Francia Test
Shapiro-Francia Test is known to be the modification of Shapiro-Wilk Test, especially created for handling larger samples and cases where the tail characterisation is more crucial or important. It is easier to compute and more suitable when the distributions are more or less symmetric but tend to have heavier tails (Royston, 1993; Royston, J. P., 1983; Mbah, A. K., & Paothong, A., 2015). The Shapiro Francia Test statistic can now be defined as:

where: x(i) is the ith ordered sample value, is the sample mean, n is the number of samples, and bi values are the weights calculated from the expected values of the order statistics for the standard normal distribution, simplified from the weights given by the Shapiro-Wilk test. The numerator calculates the magnitude of linear association between the ordered values and the expected values for the standard normal distribution, while the denominator is the total sample variance. When the values approach the normal distribution, the value for W’is close to 1. Values for W’ tending towards zero imply increasing departures from the normal distribution, specifically for values that have large tails or consistent departures in the ordered values. A non-significant test (p > .05) provides insufficient evidence for the null hypothesis that the data follow the normal distribution, while a significant test (p < .05) rejects the null hypothesis of normality.
[bookmark: _Hlk217048638]L-moments based normality tests 
Tests of Normality by L-moment tests can be considered as tests for normality through linear combinations of order statistics, opposed to moments. They are less prone to outliers and are becoming increasingly popular in hydrological, climatological, and finance applications, mostly when dealing with extreme-value statistics (Hosking, 1990; Harri, A., & Coble, K. H., 2011). The first four population L- moments can be expressed as linear combinations of probability-weighted moments. For a random variable X, the rth L- moment λr is expressed by

where denotes the (r-k)th order statistic from a sample of size r. In practice, L-moments are estimated directly from sample order statistics. The first four sample L-moments are commonly interpreted as: λ1: L-mean (measure of location), λ2: L-scale (measure of dispersion), λ3: L-skewness, and λ4: L-kurtosis. For the normality evaluation, L-moment ratios are used, which are given by:
, 
where τ3 denotes L-skewness and τ4 denotes L-kurtosis. In the case of a normal distribution, theoretical values of such ratios are well established, with L-skewness equal to zero and L-kurtosis assuming a constant value of about 0.1226. Deviations of empirical L-moment ratios from these theoretical benchmarks provide evidence of departures from normality. Most L-moment based normality tests have focused either on comparing estimates of L-moment ratios against their theoretical normal values using graphical tools, such as L-moment ratio diagrams, or on using formal test statistics. Because L-moments weight observations more evenly throughout the distribution, they remain robust when extreme observations are present, thus making them a valuable alternative to classical moment-based tests when robustness is a primary concern (Hosking, 1990; Thode, 2002). 
Pearson’s Chi-Square Goodness-of-Fit Test
The Pearson chi-square test checks normality by comparing observed and expected frequencies across intervals of grouped data. While today it is seldom used due to its sensitivity to the choice of binning and sample size, it is conceptually important and sometimes appears in exploratory analyses (Slakter, M. J., 1965; Li, G., & Doss, H. 1993). The following is the definition of the test statistic:

where: Oi = observed frequency of the ith class interval, Ei = Expected frequency of the ith class interval, and k = total number of intervals/bins. The expected frequencies Ei can be obtained by the integration of the normal probability density function in each interval.

where ai and bi are the lower and upper bounds of the ith interval, μ is the sample mean, σ is the sample standard deviation, and n is the sample size. If, p-value > .05, means no significant difference existing between observed and expected values, which suggests normality, and p-value < .05 showing a departure from normality. 
Computational Techniques of Normality 
In addition to graphical analysis and formal testing procedures for normality, computer methods of normality analysis have provided quantitative measures of distribution shapes and behaviours through numeric summary statistics not necessarily visual but quantified through a series of distributional features such as asymmetry, thickness of tails, and departures from normal distribution using a vast array of descriptive and algorithmic approaches formulation of these measures are solely dependent on the dataset used in similar research studies. Unlike formal normality testing using graphical procedures where conclusions rely on binary outcomes through p-value statistical significance, computer indices are quantitative measurements of level of deviation, thereby enabling a researcher to determine both the extent and magnitude of non-normal distribution for a quantitative analysis (Field, 2018; Hair et al., 2019; Tabachnick & Fidell, 2019).
Skewness 
Skewness can be quantitatively measured by the amount and type of skewness for the distribution of the data points from the mean. This indicates that for a normally distributed dataset, there will be perfect symmetry with a measure of skewness of zero. A positive value of skewness will indicate the presence of a longer tail on the positive side of the distribution. This implies the presence of a longer tail on the negative side of the distribution for a negative skewness value. In empirical research, the presence of a skewness value between -1 and +1 will indicate an acceptable level of approximation to the normal distribution since this will not have any effect on the statistical analysis for the population (George & Mallery, 2019). On the other hand, statistical analysis will use the third central moment given by:

Here, xi represents the data, represents the sample mean, s represents the standard deviation for the data, and n represents the number of values in the data set or the sample size. This index enables measurement of asymmetry in relation to the variability represented by the data, rather than just the values represented by the data variables. An index close to zero indicates symmetry in the data distribution, and larger values, whether positively or negatively, indicate increasing levels of asymmetry. It may well be the case that mild levels of asymmetry are to some degree commonly found in real data, especially in social sciences, but high indices may indeed imply data divergence or outliers in the data set or structural features underlying the population being studied (Jarque, C. M., & Bera, A. K. 1987). 
Kurtosis
Kurtosis is an index number that quantifies the amount of tail and peak relative to the normal distribution. For normal distributions, the tail and peak are moderate, but for positively kurtotic distributions (leptokurtic), there is heavier tailing and a more pointed peak, suggesting more extreme points, while for negatively kurtotic distributions (platykurtic) there is lighter tailing and a less pointed peak, suggesting fewer extreme points. Kurtosis as an index number thereby shows the similarity between the normal and other distributions and ranges from -∞ to +∞. The general guideline for kurtosis values in applied psychological and social research concludes that kurtosis values between -1 and +1 are generally indicative of normality, and with the larger sample sizes and asymptotic normality for Parametric testing and kurtosis values between -2 and +2 for smaller data sets (George and Mallery, 2019; Kline, 2023). The formula for calculating the kurtosis of any data sample is:


Here, xi is set to represent individual data points, is the sample mean, the value of s is the standard deviation of the sample, and n is the sample size. Subtraction by 3 gives excess kurtosis, which is zero in a perfectly normal distribution. A value close to zero signifies tails similar to the normal distribution, while high negative and positive values point towards non-normality due to the presence of extreme or too flat distributions. Like values for skewness, values for kurtosis need to be assessed simultaneously with visualisation tools and other measures of normality because even slight non-normality is understandable in empirical work (Jarque, C. M., & Bera, A. K. 1987). 
Z-Scores for Skewness and Kurtosis 
Besides the investigation of the raw values of the skewness and kurtosis, the calculation of the Z-scores of the skewness and kurtosis can help determine if the deviations from normality are statistically significant. This is because the Z-scores calculate the standardised values of the skewness and kurtosis statistics by using the standard errors of these statistics. As such, these values can be compared against the standard normal distribution (Field, 2018). For instance, the Z-scores can be represented by the formula:

Here, the standard errors are represented as:

and n represents sample size. However, these values, assuming normality, tend towards a standard normal distribution. As generally applied best practice, absolute values of Z > 1.96 can be generally interpreted as having a significance level of p = .05; this suggests that the skewness or kurtosis value is significantly different from the expected value assuming normality. By contrast, values of Z = ± 1.96 generally indicate the absence of statistically significant skewness or kurtosis. Z-scores can be interpreted from a certain theoretical stance regarding distribution, although from a methodological viewpoint, they should never be interpreted independently. This is supported by Hair et al. (2019); Pallant, (2020).
[bookmark: _Hlk217048439]Kolmogorov D Statistic and Critical Values 
The Kolmogorov D statistics are calculated as a method to quantify the maximum difference between an expected and an observed distribution, and are commonly used in testing whether or not an observed distribution is consistent with a supposed normal distribution. Rather than focusing on aspects of kurtosis or other characteristics, D tests the single greatest difference in terms of the full distribution and are commonly utilised when working with large datasets because an objective determination of differences in distributions is possible (Thode, 2002; Field, 2018). Mathematically, the Kolmogorov D-statistic is given by

      					       x 
where: Fn(x) is referred to as the Empirical Cumulative Distribution Function or ECDF of the sample, F(x) is known as the Cumulative Distribution Function of the theoretical normal distribution, and supx indicates maximum absolute difference for all observations. Then, the calculated D statistics are compared to an important critical value, which is dependent on both sample size and the significance level. In Standard Kolmogorov Smirnov tests, an approximation formula is usually used, which is given by:

where cα is a constant depending on the significance level (for example, cα = 1.36 when significance level α = 0.05), and n is sample size. If the calculated value of the D-statistic is greater than the critical value, the null hypothesis of normality is rejected. For large sample sizes, even small differences between the empirical and theoretical distributions can result in statistically significant values of the D-statistic. Thus, while the Kolmogorov D-statistic is employed in the analysis of data distribution patterns in large samples, the application of methodological literature is recommended regarding the significance of the results obtained in conjunction with graphical and computation analysis (Wolf, E. H., & Naus, J. I., 1973; Facchinetti, S., 2009; Hair et al., 2019; Pallant, 2020).
Mardia’s multivariate skewness and kurtosis statistics 
Mardia’s multivariate skewness and kurtosis statistics are commonly employed calculating tools that can be applied to determine multivariate normality, and indeed have been widely employed within the context of structural equation modelling and multivariate analysis. In contrast, while univariate tests focus individually on each variable, Mardia’s multivariate skewness and kurtosis statistics are useful tools, as they are able to recognise multivariate normality discrepancies that exist as a result of the relationship between variables, and indeed, are highly applicable within the context of SEM, where multivariate normality is a ubiquitous assumption of maximum likelihood estimation (Mardia, 1970; Kline, 1998; 2023). Mardia’s multivariate skewness statistic is calculated using the following formula:

where: xj are the vectors of observations in the p-dimensional space, is the vector of observed means, S is the sample covariance matrix, its inverse is S-1, and n is the sample size. This measure quantifies skewness in the joint distribution. In multivariate normal distribution, the expected value of multivariate skewness is known to be zero. Multivariate kurtosis is calculated using the formula:

Under the assumption of multivariate normality, the expectation of b2,p is given by p(p + 2) if p is the number of observed variables. In these contexts, standardized versions of these statistics are preferably used for significance testing. There is a widely used rule of thumb indicating that values of standardized multivariate kurtosis exceeding ±3 provide evidence of substantial violations of multivariate normality, thereby indicating the need for robust estimation techniques or model estimation techniques (Kline, 2023; Hair et al., 2019). In SEM analysis contexts, departures from multivariate normality as revealed by Mardia’s statistics can cause biased standard errors, inflated chi-square statistics, and distorted indices of model fit. Thus, examination of Mardia’s multivariate skewness and kurtosis is considered an essential diagnostic procedure antecedent to model estimation in SEM analysis (Byrne, 2013; Hair et al., 2019). Decision Rule for Mardia’s Multivariate Skewness and Kurtosis
Decision rule 
To judge Mardia’s measures of multivariate normality, the decision rule is based largely on the standardised kurtosis index of normality. It has been demonstrated that in SEM applications, the kurtosis index is more informative and robust than the index of skewness. Under the assumption of multivariate normality, Mardia’s kurtosis index is expected to be p(p+2), where p represents the number of observed variables. In empirical studies, researchers usually focus on the standardized estimate (also referred to as the critical ratio) of the kurtosis index. Though this is a commonly accepted rule of thumb, values exceeding 3.0 in absolute terms in standardized kurtosis are serious violations of multivariate normality, while exceeding values of 5.0 are severe violations of normality and may generate biased chi-square estimates and standard errors (Kline, 1998; 2023; Hair et al., 2019). If there is serious violation of non-normality, one has no choice but to use robust methods such as robust maximum likelihood or bootstrapping in order to place confidence in inference. But in large samples, mild violations of normality are often overlooked.
[bookmark: _Hlk217048417]Reporting Mardia’s Multivariate normality 
In applied SEM, Mardia’s multivariate skewness and kurtosis are also generated by all main SEM computer programs, although with a slightly different format for each. For instance, in the case of Amos, Mardia’s multivariate skewness and kurtosis coefficients can be found within the “Assessment of Normality” output. The output includes multivariate kurtosis with its critical ratio (C.R.); this final ratio is a standardised value to make decision-making easier. A critical ratio considerably higher or lower than ±3 would imply a lack of multivariate normality, thereby requiring robust estimation or bootstrapping. For LISREL, multivariate normality is normally explored through “PRELIS,” another computer program, before estimating a model. In PRELIS, Mardia’s skewness and kurtosis coefficients are calculated before estimating a SEM. The value of excess kurtosis and its standardised value, in particular, is mainly explored to decide if multivariate normality holds for a set of variables before embarking on a Maximum Likelyhood Estimation. For Mplus, Mardia coefficients are not made explicit, though implicit in multivariate normality test and robust estimation. In cases where non-normality is found, SEM results are corrected by mean of MLR (Maximum Likelyhood Estimation with Robust Variances) among other similar correctors. The amount of multivariate non-normality is inferred by researchers from these multivariate normality tests, based on whether robust estimations will be necessary. The present set of reporting standards emphasizes, in every SEM computer program, Mardia coefficients’ significance in SEM variables’ pre-screening Maydeu-Olivares, A., 2017; Oppong, F. B., & Agbedra; 2016; Lai, K. 2019; Mardia, 2024).
Impact of non-normality 
Non-compliance with the requirement of normality may have serious methodological and interpretative implications in quantitative analysis. In the presence of non-normality in data, it may affect parameter estimation, including coefficients, variances, and covariances, in regressions, and thereby affect the precision of quantified relationships among variables (Kline, 1998). Non-normality in variables may also increase Type I error rates, and thereby enhance incorrect rejection of a true null hypothesis, especially when parametric tests are employed without robustness analysis (West, Finch, & Curran, 1995). Conversely, non-normality may also decrease statistical power and result in incorrect rejection of an alternative hypothesis, thereby increasing Type II error rates (Field, 2018). Inferences using confidence intervals under normality may also become distorted and thereby lose their precision and usability in interpretation, especially when intervals are narrowed or broadened alarmingly (Tabachnick & Fidell, 2019). These aspects are also highly problematic in structural equation modelling, especially when non-normalities increase chi-squared statistics, distort standard error measures, and thereby produce inappropriate indices and decisions regarding model modifications (Byrne, 2013; Hair et al., 2019). In view of these serious concerns and implications, efforts are needed to address non-normality issues so that inferences arriving at conclusions are free from invalidity and credulity.
Transformations 
Among the most used remedies when the assumption of normality is violated, data transformation comprises the application of a mathematical function to the original data, by which skewness can be reduced, variance stabilised, and the distribution brought closer to normality, without the loss of the substantive meaning of the variable. Transformations in this regard are considered effective, especially when non-normality occurs because of positive or negative skewness, spread variability, or an extreme value (Field, 2018; Tabachnick & Fidell, 2019). Commonly used transformations include the logarithmic transformation, which is particularly decent in reducing positive skewness in variables like income or measures based on time; a square root transformation, often applied to a moderately skewed count data; while an inverse transformation is able to correct severe skewness but can complicate interpretation. In the case of a negatively skewed distribution, reflection followed by transformation is generally the common practice. More flexible approaches, such as the Box-Cox transformation, allow the data to drive the most appropriate transformation through an estimated power parameter (Box & Cox, 1964). Although transformations can seriously improve normality and enhance the validity of parametric analyses, methodological authorities caution that they should be judiciously applied. Thus, transformations should only be applicable in instances where non-normality is significant and may impact on results, or at least the impact may be checked through graphics and numbers after transformation (Hair et al., 2019).
[bookmark: _Hlk217048349]Log Transformation 
The logarithmic transformation is highly utilised for right-skewed distributions, where a few large values result in a long tail, on the positive side of the distribution. Resulting in compressing higher values more than the lower values, it assists the log transformation to reduce skewness, stabilise variance, and pull the distribution closer to normality. This improves the suitability of the data for parametric statistical analyses (Field, 2018; Tabachnick & Fidell, 2019). Mathematically, the log transformation takes the form:

where xi is the original observed value and yi the transformed value. The natural logarithms, lnx, or base-10 logarithms, log10x, are commonly used in practice, depending on analytical conventions. If the dataset includes zeroes or negative values, a constant has first to be added prior to transformation to make it mathematically valid:

where c is some small positive constant; usually 1. The transformed series now has the same relative ordering as the original series, but can be transformed. Log transformation is particularly effective for variables-income, expenditure, reaction time, or duration measures-where proportional rather than absolute differences are substantively meaningful. However, researchers should reassess the distributional properties after transformation and interpret the results carefully because the coefficients and effect sizes are expressed on the transformed scale (Changyong, 2014; Hair et al., 2019; West R.M., 2022).
[bookmark: _Hlk217048292]Square Root Transformation 
The square root transformation is also used to deal with moderate positive skewness, especially when the data involves count or discrete variables with only a limited range of non-negative values. This transformation reduces the relative role of larger observations and keeps the ordering on smaller values intact, which enables variance stabilization and a reduction in right skewness, thereby facilitating a better approximation to normality. According to Field (2018) and Tabachnick & Fidell (2019), it is mathematically represented as follows:

where xi denotes the original observation and yi its transform. In situations where zero appears in the set of observations, it is common to incorporate a small constant prior to transformation, to circumvent problems with zero division,

where c is normally fixed at 0.5 or 1, depending on whether it is a normal or nominal scale. The square root transformation is particularly successful for variables such as frequency, event, or rating scale totals that are skewed, for which variance is likely to be a function of mean value. The square root transformation has less influence compared to a log transformation, and hence is to be preferred if non-skewness is not a problem. As with every transformation, it is necessary to check for normality on the transformed scales and to draw conclusions with special regard to the new unit of measurement (Bartlett, M. S., 1936; Hair et al., 2019; Noel, 2021).
Inverse (Reciprocal) Transformation 
The inverse (or reciprocal) transformation is an extremely useful tool for handling severe positive skewness, especially when there are extreme high data points that dominate the mean and variance. By transforming the value to its reciprocal, this approach compresses extreme high data points rather dramatically while stretching lower values, thus reducing skewness and stabilizing variance even further than log or square root transformations (Field, 2018; Tabachnick & Fidell, 2019). The inverse transformation can be written algebraically as follows:

where xi denotes the original observation and yi its transform. If zeros are found in the data, a constant is added before. Therefore,

where c is a positive constant, often taken to be 1. Since the inverse transformation reverses the direction of the scale larger original values are converted into smaller transformed values interpretation must be made with special caution. Sometimes analysts reflect first to transform, so that the transformed variable has a intuitive directional meaning:

As discussed, this inverse transformation is particularly useful in cases of variables related to reaction time, duration, or highly skewed ratio-scale measures. However, because of this strong impact on scale interpretation, methodological authorities suggest the use of this transformation only when skewness is strongly pronounced and other lighter transformations are not effective. Normality diagnostics after transformation should be reassessed, as with all transformations, for confirmation of improvement (Hair et al., 2019).
[bookmark: _Hlk217048234]Box-Cox Transformation (Computationally Optimised) 
The Box-Cox transformation is a flexible, data-driven method tailored to deal with non-normality by finding the best power transformation that decreases skew and stabilises variance simultaneously. Different from fixed transformations-such as logarithmic or square-root transformations the Box-Cox method estimates the most adequate transformation parameter directly from the data, which makes it especially useful in computational and large-sample research settings (Box & Cox, 1964; Field, 2018). The Box-Cox transformation is defined as:

Where, xi represents the observed variable, yi(λ) represents the variable after transformation, and λ represents the transformation parameter that will now be computed using the observed variables. Taking the value of λ as 1 indicates no transformation, which essentially indicates the transformation did not occur. For λ=0, the transformation is instead a natural logarithm. The best value for λ is normally discovered through a process called maximum likelihood estimation, during which one parameter is chosen to best approximate a normal and homoscedastic condition. While this process allows for a great deal of flexibility in how well a set of variables might need to approximate a normal condition, a constant is added to allow a Box-Cox transformation for zero and negative observations. While a great deal of flexibility is inherent with a Box-Cox transformation, great care must be taken to avoid complications with regard to interpretation based on a transformation. While a well-placed transformation contains a great deal of utility, a Box-Cox transformation is a comprehensive solution to a non-normal condition (Hair et al., 2019; Osborne, J. 2010; Anthony et al., 2021).
[bookmark: _Hlk217047947]Use of Non-Parametric Tests 
In situations where the assumption of normality cannot even potentially be met by transformations or robust estimation methods, non-parametric statistical procedures can be a safe and robust alternative. Moreover, non-parametric tests do not depend on distributional assumptions about the population parameters of the data, similar to traditional parametric tests, but are instead focused on ranked data and thus are not affected by issues of shapedness, kurtosis, and outliers in the data (Field, 2018; Conover, 1999). This characteristic of non-parametric tests actually makes them much more useful for various practical applications of statistics where the data are highly non-normal or of an ordinal nature. Non-parametric alternatives for various parametric tests for practical applications will include the use of the Mann-Whitney U-test instead of the independent samples t-test, the Wilcoxon matched pairs signed-rank test instead of the paired samples t-test, and the Kruskal-Wallis one-way analysis of variance instead of one-way ANOVA. To determine association tests for quantities, Spearman’s rho correlation instead of Pearson correlation coefficient on two continuous variables can be used because of its ability to detect monotonic relationships regardless of linearity or normality of distribution. Although non-parametric tests may have a slight tendency towards lower power than corresponding parametric tests when normality assumptions are satisfied, non-parametric tests are more trustworthy concerning inference than parametric tests when normality assumptions are not satisfied. Thus, employing non-parametric tests signifies a pragmatic research strategy that is very sensitive to research assumptions regarding data analysis. There are multiple non-parametric tests available for data analysis. A few non-parametric tests are discussed here (le Cessie et al., 2020).
[bookmark: _Hlk217047883]Robust Statistical Methods 
The robust statistical approaches can be considered a sound alternative when non-normal conditions exist but parametric modelling approaches would be beneficial. While traditional parametric statistical analyses rely heavily on strong model distributional conditions, robust statistical approaches modify estimating and standard error procedures to make them less affected by non-normalities, heteroscedasticity, or outliers. Therefore, robust statistical approaches make it possible to derive more accurate estimates of model parameters while conducting statistically valid tests and avoiding loss of useful information along with the conversion to new scales of measurement (Pek, et al., 2018; West, Taylor, & Huynh, 1995; Hair et al., 2019). When dealing with regression analysis, multivariate analysis, and robust estimation, approaches involving Huber-White (or “sandwich”) standard errors can significantly offset model misspecification by adjusting the variance-covariance matrix, thus offsetting high rates of Type I errors. When estimating models with respect to Structural Equation Modelling, robust approaches to maximum likelihood estimation (using approaches like MLR, or Satorra & Bentler scaled chi-square test statistics) assist researchers in offsetting outliers due to non-normal distributions by providing robust estimates and test statistics to assist researchers (Byrne, 2013; Kline, 1998; 2023). Given that robust statistical estimation tends to remain midway between rigorous assumption-based statistical testing approaches and non-parametric tests, robust statistical approaches place importance on compensating for deviant distributions, rather than just attempting to suppress it (Byrne, 2013). Thereby, new approaches to statistical and analytical methodology increasingly rely on robust statistical estimation strategies when normal distributions deviate but when this deviation is otherwise not severe (Hair et al., 2019).
Bootstrapping 
Bootstrapping is one technique commonly employed under resampling in order to produce robust standard error, confidence intervals, and tests of significance when assumptions concerning normality and other distributions are violated. This technique bypassed the process of using an ideal sampling distribution of an estimator by randomly resampling heavily or with replacement from the original observed data and computing each time the estimate of interest for that resample (Mooney et al., 1993).
This method makes it possible to empirically estimate a sampling distribution from actual dataset information, making it a very robust statistical procedure in dealing with non-normalities and irregularities of small sample statistics (Efron & Tibshirani, 1993; Field, 2018). Mathematically, when a sample of size ‘n’ is at hand, a large number of resamples (1,000-5,000 resamples) are drawn by bootstrapping, each resample of size ‘n’. Then, for each resample ‘b,’ an estimate of interest () is calculated. The variability of these estimates is then used for calculating standard errors and confidence intervals of bootstrapping statistics, often using percentiles or bias-corrected and accelerated (BCa) methods. Bootstrapping confidence intervals are particularly trusted when it comes to non-normal distribution scenarios, as it does not require a symmetric distribution in the sampling distribution (Efron, 1987; Byrne, 2016).
In structural equation modelling, bootstrapping is quite common to provide reliable standard errors and confidence intervals for parameter estimation, specifically for indirect effects in mediation analysis, when normality assumptions are not met. Various structural equation modelling programs, such as AMOS and Mplus, offer direct bootstrapping facilities to evaluate the validity and significance of model parameter estimation when normality assumptions for data are not satisfied (Hair et al., 2019). By and large, bootstrapping is an adaptable and minimal assumption-driven methodological approach to bolster the validity of inferential inferences, especially when normality assumptions are not adequately addressed by data transformations and robust estimation methods (Freedman, D. A., 1981; Carey, S. 2004).
Robust Regression  
Robust regression models have been developed to mitigate the influence of outliers and non-normal error distributions when estimating model parameters. Unlike OLS regression, which seeks to minimise the sum of the square of the residuals and is extremely sensitive to the values of these residuals, robust regression gives more importance to these values and estimate parameters that are closer to the mean of the data (Huber, 1981; Fox, 2016). There are two robust regression models based on the Huber and Tukey (bisquare) weighting functions. Huber’s M-estimator gives more importance to small residuals (quadratic) than to large residuals (linear). On the contrary, the Tukey’s Bisquare regression model has a stronger weighting scheme where it gives progressively smaller weights to large residuals and prevents extreme outliers to estimate parameters of interest (Wilcox, 2017; Fox, J., & Weisberg, S. 2002). Algebraically, robust regression models estimate parameters by solving an equation to minimise the objective function of the form:

where ri=yi -  is a residual for the ith observation, s is a robust scale, and ρ(.) is a loss function depending on a weighting function (for example, Huber or Tukey weights). A weight function w(ri) is used in determining how much a particular observed value affects the model-building process. In particular, robust regression analysis can be considered very effective if outliers are actually observed values and not errors, because this approach retains the entire dataset but prevents outliers from heavily affecting estimates of regression coefficients and their standard errors (Hair et al., 2019). In this respect, it provides a reasonable compromise between conventional OLS and non-parametric analysis techniques by increasing validity of inference when faced with non-normalities and influential observations (Huang, D et al., 2015; Meer et al., 1991).
MLR - Maximum Likelihood (Robust Standard Errors)
Maximum Likelihood with Robust Standard Errors, also known as MLR, is a commonly applied estimation method that corrects for non-normality when using structural equation models and regression analysis. In contrast with traditional maximum likelihood estimation, where the observed variables must be multivariate normally distributed, MLR modifies the estimation of the standard errors and other fit statistics so that the results are applicable even when there is non-normality, such as skewness, kurtosis, and heteroscedasticity (Muthén & Muthén, 2017; Kline, 2023).
Technically, the MLR maintains the maximum likelihood estimates of the parameters but introduces the robust (sandwich form) estimator of the variance covariance matrix, commonly called the Huber-White correction. Additionally, the χ² test of the model fit is compensated for the non-normality, thus overcoming the bias of traditional ML estimation of overestimating the non-fit of the model, particularly in large sample data. Thus, the estimation done by the MLR gives more reliable standard errors, intervals, and fit values, even in the case of non-normal multivariate data (West et al., 1995; Hair et al., 2019). In SEM analysis, the use of the MLR has numerous benefits, including the ability to keep the continuous and structural data and the indicators of the model intact, not necessarily needing data transformation and the application of non-parametric tests. Other programs, Mplus particularly, use the MLR by automatically adjusting and compensating the estimation for the data non-normality by making use of the built-in robust estimation technique, while the rest implement similar adjustments. In this respect, since SEM research with considerable data and small and moderate deviations from normality is rather prevalent, the application of the MLR is widely preferred today, and thus the estimation technique is an integral part of SEM analysis.
Large Sample Justification 
In studies involving large samples, worries about normality are often assessed with regard to application of the Central Limit Theorem (CLT), whereby a theorem asserts that for a larger sample size, the sampling distribution of the mean approaches a normal distribution, irrespective of whether it assumes a normal or non-normal shape. The methodological experts specifically outline that if a sample size is above 200 observations, then parametric statistical analysis is rather robust with regard to moderate non-normality (Field, 2018; Hair et al., 2019). Thus, minor non-normality is defined neither in symmetry nor in tails, with regard to potential impacts on parameter estimation, standard errors, or significance testing. Nevertheless, the use of the CLT should not mean that diagnostic checks for normality are none whatsoever. Gross deviations from normality due to heavy kurtosis, the presence of outliers, or very heavy tails may still affect the outcome of any model in the multivariate context and structural models if the violation affects the chi-square statistic (Kline, 1998; 2023; West et al., 1995). As such, even large samples may have their outcomes scrutinised for their characteristics with the use of appropriate strategies for normalisation. This approach is very effective in ensuring that the benefits derived from large samples are not under any form of compromise.
V DISCUSSION AND CONCLUSION
The current paper aims to address the issues pertain to data normality and their implications for quantitative research. While the importance of data normality and its role in many statistical procedures is well recognised, the treatment of the topic in many practical research studies remains merely mechanical and inadequate. This paper attempts to highlight the topic and its significance of assessment of data normality not merely as a procedural step but as part of research methodology itself, and the following points summarise the topic with its significance and implications. 
The discussion suggests that assessing normality is not a matter of relying on a single diagnostic tool. Graphical methods like histograms, Q-Q plots, and box plots enable the visualization of certain characteristics of the plot in a very intuitive and context-driven way. Statistical tests like the Shapiro-Wilk test, the Kolmogorov-Smirnov test, the Anderson-Darling test, and the Jarque-Bera test enable the measurement of the violation of expected values. Nevertheless, as indicated by the methodological literature, these metrics are very study sample size-sensitive and often indicate an insignificant violation to be statistically significant when applied to larger samples (Field, 2018; Hair et al., 2019). Measures such as skewness, kurtosis, standardized Z-scores, and Mardia’s multivariate coefficients therefore play an important supporting role by indicating both the direction and extent of non-normality, especially in multivariate analyses and structural equation modelling contexts (Kline, 2023).
An important strength of the current paper is the combined consideration of the effects of non-normality and the corresponding corrections that need to be employed. It is evident from the paper that ignoring the effects of non-normality may lead to biased estimates, Type I error, confidence intervals, and poor model fits, particularly when employing maximum likelihood estimation in structural equation modelling analyses, as mentioned in previous literature (West et al., 1995; Byrne, 2016). However, the importance of the current paper also conveys the fact that non-normality is not necessarily detrimental to analyses. In fact, various methods are available to correct non-normality effects, including data transformations, non-parametric statistical tests, robust regression analyses, bootstrapping, and robust statistical methods, including MLR, to cite a few, without taking away from the substantive or analytic validity interpretations (Efron & Tibshirani, 1993; Muthén & Muthén, 2017). This discourse also locates specific issues of normality testing in more general considerations of sample size. Inasmuch as the Central Limit Theorem offers theoretical grounds justified by moderate non-normality in large samples, this paper argues against an over-emphasis on it as an explanation. Grossly skewed distributions, heavily tailed ones, and multivariate non-normality will still carry sway in estimates and fit statistics in large samples, thereby requiring careful diagnostic and compensatory approaches (Kline, 2023; Hair et al., 2019). Hence, large sample size may only be seen as an ameliorating circumstance and not as a replacement for strict testing of distributions. Overall, based on the discussion presented in this paper, there is a need for a balanced and context-driven approach to the concept of normality in quantitative research. Rather than focusing on a single measure or criterion for determining normality or non-normality, the approach presented in this paper offers a framework whereby conclusions on the issue can and should be triangulated based on a variety of factors including graphical analysis techniques and computational indexes. With this kind of approach to the subject matter presented in the current study and other similar topics related to quantitative research methods and practices, the robustness and credibility of findings can and will be improved.
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