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Abstract: Choosing the right statistical techniques for analyzing data is essential to obtain 

accurate and trustworthy results from research efforts. This article gives a detailed summary of 
the factors that affect the selection of statistical techniques, such as data characteristics, study 

goals, sample size, data spread, measurement level, assumptions, software access, and 
researchers' skills. Using case studies and examples, we demonstrate how statistical methods 

can be applied in real-life situations, showcasing both effective techniques and obstacles faced. 
Practical advice is given to researchers and practitioners, highlighting the significance of 

comprehensive exploratory data analysis, validation of assumptions, clear communication of 
findings, and ongoing learning. Opportunities for future research and development in 

statistical methodology are pinpointed, such as the advancement of methods for managing 
intricate data structures and the improvement of software tools and resources. Following proven 
methods and welcoming new ideas, researchers and professionals can improve the accuracy and 

dependability of their studies and help advance statistical techniques. 
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I. Introduction 

 
In the constantly growing field of research and data-informed decision-making, 

choosing the right statistical techniques for analyzing data is crucial for ensuring the quality 
and credibility of study results (Okoye & Hosseini, 2024a; Adeleke et al., 2024; Ravid, 2024). 
With data collection becoming more widespread in various fields like healthcare, economics, 

social sciences, and engineering, there is a growing demand for strong and informed statistical 
methods (Gawali, 2023). The significant increase in data accessibility, known as "big data," 

offers benefits and difficulties for researchers and professionals (Furstenau et al., 2023). In the 
field of healthcare, advanced statistical methods are necessary for examining complicated 

biological information and enhancing patient results (Faizi & Alvi 2023). Likewise, in the field 
of economics, being able to analyze and understand extensive amounts of data is essential for 

making informed decisions and creating effective policies (Veldkamp & Chung, 2024). 
Sophisticated statistical tools are utilized by the social sciences to comprehend human 

behavior and societal trends, and engineering fields use these methods to enhance systems and 
create innovative solutions. Choosing appropriate statistical techniques is important as it 

greatly affects the accuracy, consistency, and understandability of research results (Cooksey, 
2020; Schober et al., 2021; Gawali, 2023).  

Inappropriate statistical methods may result in inaccurate findings, causing misguided 
design with significant consequences on final output (Barkow, 2019; Pickles et al., 2023; 

Davis-Stober et al., 2024). On the other hand, using suitable statistical techniques enables 
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researchers to extract valuable insights, reveal concealed patterns, and draw informed 
conclusions from intricate datasets (Kharakhash, 2023; Khan et al., 2024). Likewise, the 

selection of statistical approaches is closely connected with the particular goals and features of 
the research project (Alaimo, 2022; Mukherjee et al., 2024). Misuse of statistic occurs when a 

statistic argument asserts a falsehood, negligence, and deliberate deception for favor, 
accidental misapplied data, design, misinterpretation, misleading readers and others (Calzon, 

2021; Pasquetto et al., 2024). 
Similarly, Obilor & Ikpa (2022) observed that misuse of statistics could also be 

unintentional due to inexperience, lack of statistical skills and inappropriate knowledge. Some 
common causes of misuse of statistics in research include the following: bias, inappropriate 
tests, ignoring important features, overgeneralization, assuming causation from correlation, 
abuse of data collection and others. Selecting appropriate statistical techniques that closely 

match the research goals is crucial for achieving reliable results, whether the purpose is 
describing phenomena, comparing groups, predicting outcomes, or testing hypotheses 

(Kraimer et al., 2023; Abdumalikovich, 2023; McDermott, 2023; Airaoje et al., 2024). 
Moreover, the increasing use of complex statistical methods requires a detailed 

comprehension of their assumptions, constraints, and relevance to the study of interest 
(Spanos, 2023; Haddad et al., 2023; Thakur, 2024). Scientists need to understand and utilize a 

wide range of statistical methods, including traditional inferential techniques and 
contemporary machine learning algorithms, which are designed to tackle various analytical 

obstacles and data formats.  
Choosing the right statistical techniques is essential because it can greatly influence the 

accuracy and dependability of research results. For example, conventional methods such as 
regression analysis or ANOVA are frequently appropriate for relatively straightforward and 
well-known datasets with distinct assumptions about the underlying distributions (Haines et 
al., 2023). Yet, for scenarios with high-dimensional data or intricate, non-linear connections, 

advanced methods like random forests, support vector machines, or neural networks might be 
required to reveal significant patterns and insights (Saber & Yousof, 2023). Moreover, the 

incorporation of these sophisticated techniques demands a thorough evaluation of overfitting, 
computational efficiency, and interpretability, which are crucial aspects in guaranteeing reliable 

and widely applicable outcomes (Pavlov et al., 2024).  
Hence, researchers must have a thorough knowledge of both traditional and modern 

statistical methods to make well-informed decisions that improve the quality and significance 
of their analyses. Apart from the technical factors, researchers need to take into consideration 
the background and objectives of their research when choosing statistical techniques. During 

clinical trials, the main goal is frequently to assess the effectiveness of a treatment, which 
requires the application of strict hypothesis testing and confidence interval estimation to 

confirm that findings are both statistically valid and medically important (Gao et al., 2023). 
Conversely, in the field of exploratory data analysis in the social sciences, the emphasis may be 
on discovering patterns and developing hypotheses, which may include using methods such as 

cluster analysis or principal component analysis to identify hidden patterns in the data 
(Johnson & Wichern, 2023). Moreover, within the scope of big data, where datasets may be 

extensive and diverse, techniques like data mining and predictive analytics are crucial for 
uncovering valuable insights (Liu & Zhang, 2023).  

The suitability of a statistical method is closely connected to the research question, the 
type of data, and the intended results. Researchers need to skillfully align their methods of 

analysis with the particular requirements of their research to enhance the credibility and 
influence of their results (Smith & Roberts et al., 2024). Given these factors, this review seeks 

to thoroughly analyze the influences on the selection of the right statistical methods for 
analyzing data.  
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Despite the fact that misuse of statistics has caused damages to programmes in higher 
institutions, companies Political groups, medical researchers who depends on viable and 

reliable data that could benefit them. Several scholars (Calzon, 2021; Baldwin, et al., 2022; Isha 
et al., 2022; Airaoje et al., 2023) noted that data abuses include the incorrect application of 
statistical tests, lack of transparency and disclosure about decisions that are made to obtain 
multiple measures for latent variable modeling, test simpler models, and incorporate error 

correction methods, incomplete or incorrect multivariate model building or exclusion of 
outliers. Therefore, proper, efficient, and transparent use of statistics is necessary. Referencing 

previous research and practical instances, we explore the intricate relationship among data 
features, research goals, sample size deliberations, and software accessibility when determining 

statistical methods. This review aims to provide researchers and practitioners with useful 
insights and advice to help them effectively navigate the complex world of statistical analysis 

when choosing appropriate statistical methods for data analysis.  
 

1.1 Objectives 
The review objectives are as follows: 

1. To examine the factors that influence the selection of appropriate statistical methods for 
data analysis.  

2. To use existing literature and real-world examples to explore how these factors interact and 
guide the choice of statistical techniques. 

3. To provide practical insights and recommendations to help researchers and practitioners 
choose the right statistical methods. 

 
 

II. Review of Literatures 
 

2.1 Factors influencing the selection of appropriate statistical methods 
Several main factors influence the choice of suitable statistical methods for data analysis. 
Researchers must understand these factors to make well-informed decisions on statistical 
techniques (Dehalwar & Sharma, 2023). The type of statistical techniques used is greatly 

impacted by the type of data being examined, which can be broadly classified as either 
categorical or numerical (Ravid, 2024). The selection of statistical methods is influenced by the 

nature of the data being examined, such as whether it is categorical or numerical. Various 
techniques are appropriate for examining diverse types of data; for instance, chi-square tests 

are used for categorical data, while regression analysis is employed for numerical data (Lester 
et al., 2020; Azen & Walker, 2021). Data that is categorical is made up of clear categories or 
groups and is generally qualitative, such as gender, ethnicity, or types of products (Grodal et 

al., 2021; Idika et al., 2023). Conversely, numerical data encompasses quantities or 
measurements and can be categorized as either discrete or continuous, with age, income, or 

temperature serving as examples (Lock et al., 2020; Cressie & Moores, 2023; Airaoje et al., 
2024). The selection of statistical techniques is impacted by the unique features of categorical 

and numerical data, which have varying characteristics and properties. Commonly utilized 
methods for analyzing relationships and testing associations between categorical variables 

include chi-square tests, logistic regression, and contingency tables in the case of categorical 
data (Miola & Miot, 2022). To analyze numerical data, techniques like correlation analysis, t-

tests, ANOVA, and regression analysis are used to investigate connections, compare averages, 
and make forecasts based on numerical variables (Bensken et al., 2021; Langenberg et al., 

2023). 
In his study, Abdi (2023) uses Chi-square tests, including Pearson's chi-square test and Fisher's 

exact test, to assess the association or independence among categorical variables. Correlation 
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analysis, which includes both the Pearson correlation coefficient and Spearman's rank 
correlation coefficient, evaluates the strength and direction of the relationship between two 

numeric variables (Yu & Hutson 2024). Comparing averages among different groups is done 
through T-tests and ANOVA (Murphy, 2024) while showcasing the relationship between 

predictor variables and a numeric outcome variable is achieved through regression analysis like 
linear regression and logistic regression (Kamel, & Abonazel, 2023). The specific research 

goals and questions determine the appropriate statistical methods (Althubaiti, 2023). Different 
methods are selected to efficiently reach objectives like recognizing patterns, contrasting 

groups, making forecasts, or conducting hypothesis tests (Rahnenführer et al., 2023). 
Determining the proper statistical techniques for data analysis is crucial based on the research 

objectives. These objectives consist of description, comparison, prediction, and hypothesis 
testing, as specified by Rahnenführer et al. (2023). According to Gong, et al. (2023), objectives 

might involve explaining and summarizing the main elements of a dataset. This may include 
calculating central tendency measures (like mean, and median) and dispersion (such as 

standard deviation) as well as portraying data using graphs or charts (Contreras, et al., 2023). 
Making comparisons allows for the assessment of differences or similarities between groups 

or variables. This can involve using t-tests or ANOVA to compare averages for numerical 
data, or employing chi-square tests for categorical data (Murphy, 2024). Regarding predicting 

outcomes, the process involves using available data to anticipate future results (Riley & 
Collins, 2023). Regression analysis is better suited for this purpose, with linear regression used 

for continuous outcomes and logistic regression used for categorical outcomes (Pate et al., 
2023; Boe et al., 2024). 

Conversely, hypothesis testing aims to evaluate specific hypotheses or research questions by 
analyzing sample data (Lakens, 2022; Jing et al., 2024). This might include performing t-tests 

or ANOVA for mean comparisons (Lee, 2022), exploring correlations between variables using 
correlation analysis (Chatterjee, 2021), or analyzing proportions using chi-square tests 

(Roldán-Nofuentes et al., 2024). Barroga et al. (2023) and Ackermann (2024) highlighted the 
importance of utilizing customized statistical methods that are suited to particular research 

goals and hypotheses. Descriptive statistics show how data is spread out and average values, 
while inferential statistics conclude a population using sample data. Likewise, regression 

analysis is vital for predicting outcomes, while statistical tests are used to evaluate research 
hypotheses in hypothesis testing (Rahnenführer et al., 2023; Ambrose et al., 2024). Analyzing 

data frequently includes utilizing descriptive statistics and visual aids like average, middle 
value, most frequent value, data spread, bar graphs, and box plots. To evaluate variations in 
means, standard deviations, or proportions among various groups or scenarios, researchers 

utilize T-tests, ANOVA, and chi-square tests (Babu R, 2020; Pérez-Guerrero et al., 2024). 
Predictors in regression analysis are utilized to predict continuous outcomes via linear 

regression and categorical outcomes through logistic regression (Ma et al., 2023). Different 
statistical tests are used to test hypotheses based on the type of research question and data, 

including t-tests, ANOVA, correlation analysis, and chi-square tests (Vandever, 2020; Dar et 
al., 2023). 

Researchers must consider the sample size when choosing statistical methods for small 
samples. Olorunlana et al., (2018) suggest utilizing non-parametric tests such as the Wilcoxon 

rank-sum test or Fisher's exact test for group or variable comparisons. Alternatively, one could 
employ techniques such as Fisher's exact test or permutation tests to assess relationships or 
test theories. Parametric techniques such as t-tests, ANOVA, and regression analysis can be 

suitable for large datasets if assumptions are met and data distributions are relatively normal. 
Non-parametric methods or precise tests may be essential for smaller sample sizes, whereas 

parametric methods can be effectively utilized for larger datasets (Zygmonta, 2023; Mokhtar et 
al., 2023; Aliyu et al., 2023). The sample size plays a key role in selecting the appropriate 
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statistical techniques for data analysis (Althubaiti, 2023; Bhardwaj et al., 2024). Acknowledging 
the significance of sample size is essential when selecting appropriate methods and ensuring 

the precision of research results (Rahman, 2023; Zickar & Keith, 2023). The size of the sample 
significantly affects the accuracy and dependability of estimates, along with the credibility of 

statistical tests, which in turn impacts the choice of statistical approaches (Zhang & 
Hartmann, 2023; Bhardwaj et al., 2024). Limited sample sizes can lead to more uncertainty and 

less statistical power, while extensive datasets can provide more precise estimates and 
improved statistical power (Zimmer et al., 2023; Nakagawa et al., 2024). Having small sample 

sizes in statistical analysis can be challenging, as traditional parametric methods may not be 
reliable if assumptions are not fulfilled or if the data does not adhere to a normal distribution 

(Althubaiti, 2023; Bhardwaj et al., 2024). Non-parametric methods or exact tests may be better 
suited for analyzing small samples in certain situations as they do not depend on distributional 

assumptions and offer reliable results (Park et al., 2024). 

 
III. Result and Discussion 

 
3.1 Interaction of Factors Guiding Statistical Technique Selection

Evaluating the spread of data is essential in statistical analysis as it guides the choice of 
suitable inferential techniques and guarantees the accuracy of statistical results (Mertler, et al., 

2021; Casella & Berger, 2024). Comprehending how data is spread out gives researchers a 
better understanding of its fundamental traits, aiding in the discovery of trend, anomalies, and 

biases (Shahbazi et al., 2023; Sladekova & Field, 2024). It also influences the selection of 
statistical techniques, as varied distributions may need distinctive analytical methods (Hammer 

& Harper, 2024). The selection of inferential statistical techniques is influenced by the 
distribution characteristics of the data (Klein, 2024). Parametric techniques like t-tests and 

ANOVA rely on particular distributions (e.g., normal distribution) and could yield incorrect 
outcomes if these assumptions are not met (Shatz, 2024). In contrast, non-parametric 

techniques do not rely on specific distributions and are less affected by deviations from 
normality (Okoye & Hosseini, 2024b). According to Tikka et al. (2024), parametric techniques 

like t-tests, ANOVA, and linear regression are suitable for examining relationships or 
distinctions between groups when the data conforms to a normal distribution. Non-

parametric methods such as the Wilcoxon rank-sum test or Kruskal-Wallis test can be utilized 
to compare groups or variables in situations where distributions are skewed or non-normal 

(Kumari et al., 2024). Chi-square tests are frequently employed in analyzing categorical data to 
examine relationships or evaluate hypotheses involving categorical variables (Hile et al., 2022; 

Vierra et al., 2023; Cuhadar & Kalkan, 2024). 
The measurement scale of variables, such as nominal, ordinal, interval, and ratio, 

impacts the selection of statistical techniques during data analysis (Teli et al., 2023; Okoye & 
Hosseini, 2024a). Categorical variables depict different groups or categories without any 

specific order or hierarchy, such as gender, ethnicity, or various types of products (Pérez-
Guerrero et al., 2024; Jain & Kamalja, 2024). Ordinal variables possess an innate sequence or 
hierarchy, however, the gaps between values might vary (Gravel et al., 2021). Some instances 

are survey replies (such as Likert scales) or educational backgrounds (Robinson, 2024). 
Interval variables follow a meaningful order with equal intervals between values but lack a true 

zero point, such as temperatures in Celsius or Fahrenheit (McCaskey, 2020; Baak et al., 2020; 
Chikendu, 2023). Ratio variables are characterized by a significant order, evenly spaced 

intervals, and a genuine zero point denoting the lack of specific attributes, such as height, 
weight, and income (Imbens, 2021). 

 
Table 1. Selection of Appropriate Statistical Methods for Data Analysis 
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Analysis Type 
Variable 
Characteristics 

Recommended 
Test 

Assumptions 
Non-
Parametric 
Alternative 

One 
Independent 
Variable (IV) 

    

 Continuous 
DV 

Interval/Ratio, 
Normal 
Distribution 

Independent t-
test 

Normality, 
Equal variances 

Mann-Whitney 
U test 

 Ordinal DV or 
Non-Normal 

Ordinal/Non-
Normal 

- - 
Wilcoxon 
Rank-Sum test 

 Categorical 
DV 

Nominal/Binary Chi-square test 
Expected 
frequencies ≥5 

Fisher’s exact 
test 

One IV (2 
paired 
groups) 

    

 Continuous 
DV 

Interval/Ratio, 
Normal 
Differences 

Paired t-test 
Normality of 
differences 

Wilcoxon 
Signed-Rank 
test 

Categorical DV 
(Binary) 

Nominal - - 
McNemar’s 
test 

One IV (≥3 
independent 
groups) 

    

Continuous 
DV 

Interval/Ratio, 
Normal 
Distribution 

One-way 
ANOVA 

Normality, 
Homogeneity 
of variance 

Kruskal-Wallis 
H test 

Categorical DV Nominal Chi-square test 
Expected 
frequencies ≥5 

Fisher-
Freeman-
Halton test 

One IV (≥3 
paired 
groups) 

    

Continuous 
DV 

Interval/Ratio, 
Normal 
Distribution 

Repeated 
Measures 
ANOVA 

Sphericity Friedman test 

Two IVs 
(Independent 
Groups) 

    

Continuous 
DV 

 Interval/Ratio, 
Normal 
Distribution 

Two-way 
ANOVA 

Normality, 
Homogeneity 
of variance 

Aligned Rank 
Transform 
ANOVA 

Categorical DV Nominal 
Log-linear 
Analysis 

Cell 
frequencies ≥5 

Generalized 
Linear Models 

Relationships 
Between Two 
Variables 
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Both 
Continuous 

Interval/Ratio Pearson’s r 
Linearity, 
Normality 

Spearman’s 
rho 

One 
Continuous, 
One Binary 

Interval + 
Nominal 

Point-Biserial 
Correlation 

Normality of 
continuous 
variable 

Rank-Biserial 
Correlation 

Both Ordinal Ordinal Kendall’s tau - 
Goodman-
Kruskal 
gamma 

Both 
Categorical 

Nominal Chi-square test 
Expected 
frequencies ≥5 

Cramer’s V or 
Phi coefficient 

 
Key Notes: 

1. Normality checks: Use Shapiro-Wilk (small samples) or Kolmogorov-Smirnov (large 
samples) tests. 

2. Post-hoc tests: Apply Tukey’s HSD (ANOVA) or Dunn’s test (Kruskal-Wallis) for pairwise 
comparisons. 

3. Effect sizes: Report Cohen’s d (t-tests), η² (ANOVA), or odds ratios (categorical data). 
4. A path model: Depicts the causal relations (Regression equations), between independent 

variables of interest predicting the (dependent variable) outcome variable and follows 
specific rules for drawing complicated path models. 

This framework integrates parametric efficiency with non-parametric robustness, 
aligning with variable measurement levels and research designs. 

 
3.2 Practical Insights and Recommendations for Choosing Statistical Methods 

Several statistical techniques depend on particular assumptions about both the data and 
the population that it represents (Campbell & Jacques, 2023). It is crucial to comprehend these 

assumptions and confirm them before utilizing statistical methods to guarantee the accuracy 
of the outcomes (James et al., 2023; Shatz, 2024). Here we outline three typical beliefs that 

support statistical techniques. To begin with, most parametric methods rely on the assumption 
of data being normally distributed (Habibzadeh, 2024; Chen et al., 2024). Moreover, 

uniformity of variance is crucial as parametric tests such as ANOVA require equal variance 
among groups (Das et al., 2022; Juarros-Basterretxea, et al., 2024). In various statistical tests, 
independence is assumed among observations, where they are not influenced by each other 

(Thams et al., 2023; Zhang & Zhang 2024; Podkopaev & Ramdas, 2024). 
Confirming assumptions is important as not doing so can result in skewed estimates, 

increased Type I error rates, or decreased statistical power (Schielzeth et al., 2020; Knief & 
Forstmeier, 2021; Chipman et al., 2024). Researchers need to determine if the data fulfill 

necessary assumptions by examining them visually, conducting diagnostic tests, or making 
transformations (Jones et al., 2024). Researchers have three choices to rectify errors when 

assumptions are not met, as mentioned by Shatz (2024). Data can be manipulated through 
transformations, such as logarithmic or square root adjustments, to normalize distributions or 

stabilize variances, as stated by Politis (2024). Two, utilizing Non-Parametric Methods, as 
these tests do not depend on distributional assumptions and may be better suited for skewed 

or non-normal data (Awuma et al., 2024). Lastly, robust statistical techniques are not as 
affected by assumptions being violated and can still give accurate results even when dealing 

with outliers or non-normal data (Wilcox, 2023). 
Case studies and examples provide useful perspectives on how statistical methods are used in 

real-life situations, showcasing both effective approaches and obstacles faced. Through 
marketing analysis, a marketing company can conduct surveys to evaluate the impact of 



 

42 

various advertising campaigns on customer engagement (Vinerean & Opreana 2021; Black, 
2023). The company might employ ANOVA to assess the average engagement scores among 

the advertising groups, and logistic regression to pinpoint factors influencing customer 
response (van Esch et al., 2020; Sunarya et al., 2024). Using these statistical analyses, the 

marketing company can accurately interpret the results in the context of the research goals. 
For example, ANOVA findings will show if there are notable variations in customer 

involvement among various advertising strategies (Fisher, 2022; McClave et al., 2023). Post-
hoc tests can determine the specific campaigns that outperformed others if significant 

discrepancies are observed. Likewise, the outcomes of logistic regression will identify crucial 
factors that influence customer response, assisting companies in enhancing their advertising 

tactics to effectively reach the most important predictors (Sweeney & Wren, 2023; Huber, 
2024). 

In the case of a medical research team looks into the effectiveness of a new treatment 
for a particular disease using healthcare research (Im, et al., 2023). Survival analysis techniques 
like Kaplan-Meier estimation and Cox proportional hazards regression are utilized to examine 
time-to-event data and evaluate treatment effects (Ameis et al., 2024; Charu et al., 2024; Jiang 

& Guterman 2024). Survival analysis methods like Kaplan-Meier estimation and Cox 
proportional hazards regression are important for evaluating the effectiveness of new 

treatments in healthcare research (Lee & Wang, 2023; Zhang et al., 2024). Kaplan-Meier 
curves visualize survival probability over time, whereas the Cox model detects factors that 

impact survival rates. These evaluations assist in comprehending the effects of the treatment 
and discovering patient traits that could indicate improved results. 

The use of these statistical techniques allows marketing companies and medical 
scientists to base their decisions on data, improve their tactics, and reach their objectives more 

effectively (Miller & Roberts, 2023; Smith & Johnson et al., 2024). To sum up, the careful 
choice and use of suitable statistical techniques in marketing and healthcare studies 

demonstrate their essential contribution to thorough data analysis and well-informed decision-
making (Fisher, 2022; McClave et al., 2023; Lee & Wang, 2023; Zhang et al., 2024). These 

techniques not just confirm the success of advertising plans and evaluate treatment efficiency 
but also provide detailed insights through the identification of key predictors and 

comprehension of intricate relationships (Sweeney & Wren, 2023; Miller & Roberts, 2023; 
Smith & Roberts et al., 2024). The accuracy in statistical analysis extends beyond these fields 

to include a variety of areas such as finance, education, and public policy. 
           Through the adoption of statistical rigor, companies in different industries can enhance 

resource distribution, improve tactics, and accomplish goals more effectively and confidently 
(Huber, 2024; Zhang et al., 2024). This thorough method of examining data doesn't just 

improve operational results but also encourages a culture of decision-making based on 
evidence, leading to ongoing enhancements and innovations (Lee & Wang, 2023; Miller & 

Roberts, 2023). As businesses and organizations incorporate more advanced statistical 
methods into their operations, they enhance their competitive advantage and also contribute 

to overall progress in knowledge and implementation globally (Sweeney & Wren, 2023; Smith 
& Roberts et al., 2024). 

 
3.3 Further Research 

More research is necessary to create innovative statistical techniques capable of 
managing intricate data formats like high-dimensional data, longitudinal data, and network 

data. Enhance methods for dealing with missing data, outliers, and non-normal distributions. 
Improve software tools and resources for statistical analysis, giving attention to ease of use, 

ability to grow, and compatibility with various systems. Investigate partnerships across 
different fields to combine statistical techniques with machine learning, artificial intelligence, 
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and data visualization. Examine how new technologies like big data and the Internet of Things 
are affecting statistical methods and create creative solutions to tackle fresh obstacles. 

 

IV. Conclusion 
 

Various factors such as data nature, research goals, sample size, data distribution, 
measurement level, assumptions, software accessibility, and researchers' skills affect the choice 

of statistical methods. Various statistical techniques are needed to analyze diverse types of 
data. Comprehending the measurement level is essential for choosing suitable techniques. 

Researchers need to confirm the assumptions on which statistical methods are based to 
validate the results. Dealing with violations of assumptions can include transformations of 

data, non-parametric methods, or robust techniques. Factors like sample size, software 
accessibility, and researchers' knowledge of specific techniques also impact method choice. 
Perform a comprehensive analysis of the data to gain insights into its features and pinpoint 

any possible obstacles. Select statistical techniques that match the research goals and data 
attributes. Consistently enhance statistical knowledge and skills by participating in training, and 
workshops, and working with experts. Check assumptions before using statistical methods and 

explore other options if assumptions are not met. Effectively relay statistical results to 
stakeholders, offering clear explanations and practical recommendations. There is need to 

improve the efforts of investigators, editors, and reviewers to improve research presentation 
when data are subject to error for quality data output. 
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