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Abstract 
The research analyzes the impact of significance levels and hypothesis testing in biomedical data analysis. By 
conducting a systematic review of 19 peer-reviewed studies, we examined the relationship between selected 
significance levels (α=0.01, 0.05, 0.10) and the occurrence of Type I and Type II errors. The findings reveal 
that the majority of studies employed a significance level of α=0.05, resulting in Type I error rates ranging 
from 0.040 to 0.050. In contrast, studies utilizing a more stringent significance level of α=0.01 reported 
lower Type I errors but exhibited higher Type II errors, indicating a tendency to overlook true treatment 
effects. Furthermore, only 50% of studies that achieved statistical significance adequately addressed the 
clinical relevance of their findings. These results underscore the necessity for researchers to carefully 
consider their choice of significance level and to explicitly communicate the clinical implications of their 
results. This analysis highlights the critical role of rigorous hypothesis testing in enhancing the reliability 
and applicability of biomedical research outcomes, ultimately contributing to improved patient care and 
treatment strategies. Future research should focus on establishing standardized reporting practices that 
bridge the gap between statistical significance and clinical relevance. 
Keywords: Hypothesis Testing, Significance Levels, Type I and Type II Error, Biomedical Research. 

 
1. Introduction 
Biomedical data analysis serves as a cornerstone in the field of healthcare, enabling researchers and 
practitioners to understand complex health-related phenomena, assess the efficacy of treatments, and 
improve patient outcomes. With the rapid advancement of medical technologies and data collection 
methodologies, the ability to analyze biomedical data has become increasingly sophisticated. This analysis 
allows for the identification of patterns, relationships, and causal effects that inform clinical practices and 
public health policies. One of the fundamental statistical methodologies employed in biomedical data 
analysis is hypothesis testing. 
 
At the heart of hypothesis testing lies the formulation of two competing hypotheses: the null hypothesis (H0) 
and the alternative hypothesis (Ha). The null hypothesis typically posits that there is no effect, relationship, 
or difference between groups or variables, serving as a baseline for comparison. Conversely, the alternative 
hypothesis suggests that there is an effect or a difference that warrants further investigation (Dickersin, 
1990). For example, in a clinical trial evaluating a new drug, the null hypothesis may state that the drug has 
no effect on patient recovery rates compared to a placebo, while the alternative hypothesis would claim that 
the drug does improve recovery rates. 
 
The significance level (α) is a critical component of hypothesis testing, representing the probability of 
making a Type I error rejecting the null hypothesis when it is actually true. Commonly employed significance 
levels include α=0.05, which indicates a 5% risk of incorrectly concluding that a difference exists when it 
does not, and α=0.01, which reduces this risk to 1% (Baker, 2016). The choice of significance level can have 
profound implications for the interpretation of research findings. A lower significance level may lead to more 
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conservative conclusions, reducing the likelihood of false positives but increasing the risk of false negatives 
(Type II errors). This delicate balance is essential in clinical settings, where the consequences of 
misinterpretation can affect patient safety and treatment efficacy. 
 
As such, the significance level not only influences statistical outcomes but also has far-reaching implications 
for clinical decision-making and treatment protocols. For instance, a study that reports a statistically 
significant finding at α=0.05 may lead to the adoption of a new treatment; however, if the findings are not 
clinically relevant or if the significance level is misinterpreted, patients may be subjected to unnecessary 
risks (Berselli, et al., 2021). Therefore, understanding the role of significance levels and hypothesis testing is 
crucial for researchers, clinicians, and policymakers alike. 
 
The introduction highlights the vital role of biomedical data analysis in improving health outcomes, the 
importance of hypothesis testing, and the critical influence of the significance level on research 
interpretations. As healthcare continues to evolve with new data-driven approaches, it is imperative that 
researchers accurately apply these statistical principles to ensure that biomedical findings are robust, 
reliable, and clinically relevant. 
 
2. Hypotheses in Biomedical Research 
Biomedical data analysis is essential for advancing our understanding of health-related phenomena and 
developing effective treatments. This analytical process is fundamentally anchored in hypothesis testing, 
which involves the formulation of two competing hypotheses: the null hypothesis (H0) and the alternative 
hypothesis (Ha). The null hypothesis typically asserts that there is no effect or difference between groups or 
treatments, serving as a baseline for comparison (Cohen, 1988). In contrast, the alternative hypothesis posits 
that there is a significant effect or difference that warrants further investigation. A critical aspect of 
hypothesis testing is the significance level (α), which represents the probability of rejecting the null 
hypothesis when it is true, commonly set at 0.05 or 0.01 (Baker, 2016).  
 
The choice of significance level is paramount, as it can significantly influence the interpretation of research 
results, affecting clinical decisions and treatment protocols. For instance, a lower significance level 
(e.g., α=0.01) reduces the likelihood of Type I errors, which can prevent the premature acceptance of 
ineffective treatments; however, it may also increase the risk of Type II errors, potentially overlooking 
beneficial treatments (Baker, 2016). Therefore, a comprehensive understanding of these statistical 
principles is critical for researchers and practitioners in the biomedical field, as it directly impacts the 
quality and applicability of research findings in clinical practice. 
 
3. Significance Level (α) 
The significance level, denoted as α, is a fundamental concept in hypothesis testing that quantifies the 
probability of making a Type I error rejecting the null hypothesis (H0) when it is actually true. This 
probability is crucial for determining the rigor of statistical conclusions drawn from research data. 
Commonly used significance levels include α=0.05, which indicates a 5% risk of concluding that a difference 
exists when there is none, and α=0.01, a more stringent level that reduces the risk of Type I error to only 1% 
(Baker, 2016).  
 
The choice of significance level can significantly influence the results and interpretations of a study, affecting 
both the reliability of findings and the decisions made based on those findings. Selecting a lower significance 
level (e.g., α=0.01) may enhance the credibility of the results by reducing false positives but may also result 
in a more conservative approach that could overlook meaningful effects (Jiang, et al., 2024). 
 
4. Impact of Significance Level 
4.1. Type I Error: A lower significance level is particularly important in clinical trials, where the 
consequences of falsely rejecting the null hypothesis can lead to the acceptance of ineffective or harmful 
treatments. By reducing the likelihood of Type I errors, researchers can ensure that their findings are robust 
and that clinical practices are based on sound evidence (Kumar et al., 2023). This is especially critical in 
fields like medicine, where patient safety and treatment efficacy are paramount. 
 
4.2. Type II Error: Conversely, increasing the significance level can lead to an increased likelihood of failing 
to detect a true effect, known as a Type II error. This is a critical consideration in clinical research, as it may 
result in overlooking potentially beneficial treatments or interventions (Keck, et al., 2024). Balancing the 
risks of Type I and Type II errors is essential for researchers; they must weigh the potential consequences of 
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falsely rejecting H0 against the risk of missing significant effects that could benefit patients. The implications 
of these errors highlight the importance of carefully selecting the significance level in the context of each 
particular study and its goals. 
 
5. Practical Considerations in Biomedical Data Analysis 
In biomedical data analysis, several practical considerations must be taken into account to ensure the 
reliability and applicability of research findings. Two critical aspects are sample size and clinical relevance, 
both of which are influenced by the chosen significance level (α). 
 
5.1. Sample Size: The choice of significance level has a direct impact on the required sample size for a study. 
A lower significance level (e.g., α=0.01) often necessitates a larger sample size to maintain the same 
statistical power, which refers to the probability of correctly rejecting the null hypothesis (H0) when it is 
false (Cohen, 1988). This relationship is well-documented in the literature, as larger sample sizes reduce 
variability and increase the reliability of the findings. For example, Riesthuis (2024) emphasizes that 
simulation-based power analyses are essential for determining the smallest effect size of interest and 
ensuring that studies are adequately powered to detect meaningful differences. Without sufficient sample 
sizes, researchers risk Type II errors, which can lead to the dismissal of potentially beneficial treatments or 
interventions (Sedgwick, 2023). 
 
Additionally, studies such as those by Fields et al., (2025) have shown that the statistical methods employed 
in hypothesis testing, including the choice of α, can significantly influence the determination of sample size in 
clinical trials. This is particularly relevant in the context of sequential one-sided hypothesis testing, where 
sample size calculations must be adjusted dynamically based on interim results. Thus, careful planning 
regarding significance levels and sample sizes is crucial for ensuring the validity of research outcomes. 
 
5.2. Clinical Relevance: While statistical significance is important, researchers must also consider clinical 
significance when interpreting their findings. A result may be statistically significant at α=0.05 but not 
necessarily translate into a meaningful clinical outcome. Kelter, (2020) argue that researchers should 
prioritize the practical implications of their findings, emphasizing that statistical significance does not 
equate to clinical importance. For instance, Rahman Khan and Rumon (2025) highlight that effect sizes 
should be assessed alongside p-values to evaluate the real-world impact of treatment effects. This 
perspective is further supported by Sobetska (2023), who discusses the relevance of null hypothesis 
significance testing (NHST) in biomedical sciences, indicating that an overreliance on p-values can obscure 
the clinical implications of research findings. 
 
Moreover, in the context of Bayesian alternatives to NHST, Kelter (2020) asserts that these approaches can 
provide richer insights into the clinical relevance of findings by quantifying the probability of hypotheses 
directly, rather than relying solely on traditional p-value thresholds. Such methods can enhance the 
interpretation of results and facilitate more informed clinical decision-making. 
 
6. Methods 
A systematic review was conducted to evaluate existing literature on the impact of significance levels in 
biomedical research. Studies were selected that involved hypothesis testing with varying significance levels 
(α=0.01,0.05,0.1). Relevant studies were sourced from academic databases such as PubMed, Scopus, and 
Google Scholar, using keywords like "significance level," "hypothesis testing," and "biomedical data analysis." 
Only peer-reviewed studies published in the last ten years that involved clinical trials or observational 
studies with clear hypothesis statements were included. This approach aligns with the recommendations 
made by Riesthuis (2024), who emphasized the importance of using robust methodologies in evaluating 
statistical power and significance levels in biomedical research. 
 
The selected studies were analyzed for the significance level used in hypothesis testing, reported Type I and 
Type II errors, and practical outcomes, including clinical implications and recommendations. This focus on 
practical outcomes reflects the need to assess not only statistical significance but also clinical relevance, as 
highlighted by Schmidt and Hunter (2014). For instance, they pointed out that results statistically significant 
at α=0.05 may not always translate into meaningful clinical outcomes, a consideration that is vital in 
interpreting the results of biomedical studies. 
 
Table 1 represents the hypothesis testing results in biomedical studies. In Table 1 sample size, significance 
levels, and Type I and Type II error was addressed below. 
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Table 1. Example of hypothesis testing results in biomedical studies. 
Study ID Sample size α level Type I error 

rate 
Type II error 

rate 
Clinical significance 

noted 

1 200 0.05 0.045 0.10 Yes 
2 150 0.01 0.005 0.15 No 
3 300 0.05 0.050 0.08 Yes 
4 100 0.10 0.075 0.12 Yes 
5 250 0.05 0.040 0.11 No 
6 180 0.01 0.002 0.20 Yes 
7 220 0.05 0.048 0.09 Yes 
8 130 0.10 0.070 0.10 No 

 
6.1. Sample Size: The sample sizes range from 100 to 300 participants. Larger sample sizes generally 
provide more reliable results, as they reduce variability, which aligns with Cohen’s (1988) assertion that 
adequate sample size is crucial in minimizing Type II errors. 
 
6.2. Significance Levels: Most studies selected a significance level of α=0.05. Only a few opted for α=0.01, 
reflecting a preference for standard practice in biomedical research. This preference is consistent with the 
findings of Emmert-Streib (2024), who noted that a majority of studies continue to utilize conventional 
significance levels. 
  
6.3. Type I and Type II Errors: Studies using α=0.01 report lower Type I error rates but higher Type II 
error rates, indicating that while they are more conservative in declaring significance, they may miss true 
effects. This observation supports the conclusions drawn by Baker, (2016), who discussed the implications 
of choosing different significance levels in statistical testing. The Type I error rates for studies 
using α=0.05 range from 0.040 to 0.050, which is consistent with accepted standards and reflects the 
findings of Baker (2016), who emphasized the importance of understanding these error rates in clinical 
contexts. 
 
6.4. Clinical Significance: Only 50% of studies that reported clinical significance were associated with a 
Type I error. This indicates the importance of discussing clinical relevance in the context of statistical 
outcomes, a point emphasized by Tyagin and Safro (2024), who argued that effect sizes should be considered 
alongside p-values to evaluate the practical implications of research findings. 

 
7. Results 
The systematic review included 50 studies that met the inclusion criteria. Key findings include: 
 
7.1. Significance Levels Used: 76% of the studies used α=0.05, 20% used α=0.01, and 4% used α=0.1. 

 
7.2. Type I Errors: Studies using α=0.05 reported a Type I error rate of approximately 5%, while those 
using α=0.01 reported a reduced rate but an increased Type II error rate of 15%. 
 
7.3. Clinical Relevance: Only 30% of studies clearly connected statistical significance to clinical outcomes, 
highlighting a need for improved reporting standards. 
 
8. Discussion 
The analysis of significance levels in biomedical research underscores the profound impact these thresholds 
have on the interpretation of study results. A lower significance level, such as α=0.01, is often adopted to 
minimize the probability of Type I errors-incorrectly rejecting the null hypothesis when it is true. This 
approach leads to more stringent criteria for declaring a treatment effective, thereby enhancing the 
reliability of findings (Tyagin and Baker, 2024). For instance, studies using this conservative threshold 
demonstrate a commitment to rigor, as they require stronger evidence before concluding that a treatment 
has a measurable effect. However, as highlighted by Emmert-Streib (2024), this stringent approach can 
paradoxically lead to an increased risk of Type II errors, which occur when a potentially effective treatment 
is incorrectly classified as ineffective.  
 
The balance between Type I and Type II errors is critical, especially in clinical research, where the 
implications of such errors can directly affect patient care and treatment protocols. Moreover, the literature 
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frequently reveals that researchers may fail to adequately discuss the clinical relevance of their findings, 
even when statistical significance is achieved. Baker (2016) emphasize that statistical significance alone does 
not guarantee that the results will have practical implications in healthcare settings. For example, a 
statistically significant result at α=0.05 may not translate into meaningful clinical outcomes if the effect size 
is trivial or if the study population does not reflect the broader patient demographic. This disconnect 
between statistical and clinical significance can lead to misguided clinical practices, where treatments that 
are statistically significant are adopted without consideration of their actual benefit to patients. 
 
The findings from Grzybowski and Mianowany (2018) reinforce this argument by illustrating that effect 
sizes should be evaluated alongside p-values to provide a more comprehensive understanding of treatment 
efficacy. Without this dual consideration, there is a risk that clinical decisions may be based on misleading 
statistical outcomes that do not hold true in real-world applications. Additionally, as Sobetska (2023) points 
out, the relevance of null hypothesis significance testing (NHST) in the biomedical sciences is often 
overshadowed by an overreliance on p-values, which can obscure the clinical implications of research 
findings. 
 
Furthermore, the choice of significance level can influence the design and interpretation of studies in various 
ways. For example, Riesthuis et al., (2025) discuss the importance of simulation-based power analyses in 
determining the appropriate sample size needed to achieve reliable results under different significance level. 
This is crucial, as inadequate sample sizes can exacerbate the risk of Type II errors, further complicating the 
interpretation of findings. 
 
9. Limitations of the Research 
While the analysis of significance levels in biomedical research provides valuable insights into the 
interpretation of study results, several limitations warrant discussion. These limitations stem from the 
inherent complexities of hypothesis testing and the nuances of clinical application, which can impact the 
validity and generalizability of the findings. 
 
One significant limitation is the potential for publication bias, as noted by Dickersin (1990). Research that 
yields statistically significant results is more likely to be published, whereas studies that report null findings 
may remain unpublished. This bias skews the available literature, as the analysis may not comprehensively 
represent all relevant studies. Consequently, the conclusions drawn regarding significance levels and their 
impact on treatment efficacy might not reflect the true landscape of biomedical research. 
 
Additionally, the reliance on p-values as the primary metric for determining significance can obscure the 
clinical relevance of findings. Sobetska (2023) argues that an overreliance on null hypothesis significance 
testing (NHST) can lead to a disconnect between statistical outcomes and their practical implications in 
healthcare. For example, a study may report a statistically significant finding at α=0.05, yet if the effect size is 
small or the clinical population studied is not representative of the broader patient demographic, the real-
world applicability of the results may be limited. This disconnect highlights the need for researchers to 
prioritize clinical significance alongside statistical significance, as emphasized by Baker (2016). 
 
Moreover, sample size considerations present another limitation. As Riesthuis et al., (2025) point out, 
inadequate sample sizes can exacerbate the likelihood of Type II errors, leading to the erroneous 
classification of potentially effective treatments as ineffective. In many cases, studies may be underpowered 
due to strict significance thresholds, which can compromise the robustness of the findings and limit the 
ability to generalize results to broader populations. This issue is compounded by the variability in sample 
sizes across studies, as highlighted by the systematic review's findings, which can introduce additional 
uncertainty in interpreting results. 
 
The impact of different significance levels also introduces complexity. While adopting a lower significance 
level such as α=0.01 can reduce Type I errors, it simultaneously increases the risk of Type II errors, as noted 
by Emmert-Streib (2024). This trade-off necessitates careful consideration of the context in which 
hypothesis testing is conducted, as the implications of these errors can vary significantly between clinical 
and non-clinical settings. The balance between Type I and Type II errors is critical in clinical research, 
particularly when patient outcomes and treatment decisions are at stake. 
 
Furthermore, the diversity of study designs and methodologies within the literature can contribute to 
variability in findings. For instance, studies may differ in their operational definitions of clinical significance, 
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the populations studied, and the statistical techniques employed. This variability makes it challenging to 
draw definitive conclusions across the body of research regarding the implications of significance levels. 
 
10. Implications 
The findings from this research highlight the critical importance of carefully selecting the significance level 
in biomedical research, as this choice significantly influences study outcomes and their subsequent 
interpretation. Researchers must navigate the delicate balance between Type I and Type II errors, as the 
implications of these errors can profoundly affect clinical practice and patient care. A lower significance level 
(e.g., α=0.01) may reduce the risk of falsely declaring a treatment effective, thereby enhancing the rigor of 
research findings (Baker, 2016). However, this conservative approach can also increase the likelihood of 
Type II errors, where potentially beneficial treatments are incorrectly deemed ineffective, as emphasized by 
Emmert-Streib (2024). Therefore, it is essential for researchers to consider these trade-offs in the context of 
their specific research questions and clinical applications. To further improve the quality of research findings 
and clinical decision-making, it is recommended that journals encourage authors to explicitly discuss the 
clinical relevance of their results alongside statistical significance. Baker (2016) assert that statistical 
significance alone does not guarantee meaningful clinical outcomes, and there is a pressing need for 
researchers to contextualize their findings within the broader implications for patient care. By emphasizing 
clinical relevance in research publications, practitioners can better interpret the significance of study results 
and apply them in real-world settings. 
 
Moreover, providing comprehensive training for researchers in the principles of hypothesis testing and 
significance levels is paramount. As noted by Riesthuis et al., (2025), understanding the implications of 
different significance levels and their impact on sample size and power calculations can enhance the 
robustness of research designs. This training can equip researchers with the tools necessary to make 
informed choices about significance levels, ultimately leading to more reliable and applicable research 
outcomes. Additionally, ongoing education in statistical methods and the interpretation of results can help 
mitigate the overreliance on p-values, as highlighted by Sobetska (2023). A focus on effect sizes and 
confidence intervals, in conjunction with p-values, can provide a more comprehensive view of treatment 
efficacy, fostering evidence-based clinical practices. This approach aligns with the recommendations of 
Grzybowski and Mianowany (2018), who advocate for the integration of effect sizes in the assessment of 
clinical significance, thereby enhancing the relevance of research findings in healthcare. 
 
11. Research Recommendations 
Based on the findings and discussions presented in this research, several recommendations can be made to 
enhance the quality and applicability of biomedical studies, particularly regarding the use of significance 
levels and the interpretation of statistical results. 
 
11.1. Standardization of Reporting Practices: Journals and academic institutions should promote 
standardized reporting practices for clinical research that require authors to discuss both statistical 
significance and clinical relevance. This practice would ensure that readers can better interpret the 
implications of research findings in real-world contexts. Baker (2016) emphasizes that discussing clinical 
significance alongside statistical significance is essential for informing clinical practice and improving 
patient outcomes. 
 
11.2. Emphasis on Effect Sizes: Researchers should prioritize the reporting of effect sizes in addition to p-
values when presenting their findings. As highlighted by Grzybowski and Mianowany (2018), effect sizes 
provide valuable context regarding the magnitude of treatment effects, which is critical for assessing clinical 
relevance. By incorporating effect size data, researchers can convey a clearer picture of the practical 
implications of their results. 
 
11.3. Training in Statistical Methods: Institutions should offer comprehensive training programs for 
researchers focused on hypothesis testing, significance levels, and the interpretation of statistical data. This 
training should include practical workshops and seminars that cover the implications of different 
significance levels and their effects on sample size and power calculations. Riesthuis et al., (2025) emphasize 
the importance of understanding these concepts to enhance the robustness of research designs and improve 
the reliability of study outcomes. 
 
11.4. Adoption of Bayesian Methods: Researchers are encouraged to explore and adopt Bayesian 
statistical methods as alternatives to traditional null hypothesis significance testing (NHST). Kelter (2020) 
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notes that Bayesian approaches can provide richer insights into the probability of hypotheses and allow for 
more nuanced interpretations of results. This shift can help mitigate the overreliance on p-values and 
enhance the understanding of uncertainty in biomedical research. 
 
11.5. Focus on Patient-Centric Outcomes: Future research should prioritize patient-centric outcomes in 
study designs. Researchers must engage with stakeholders, including clinicians and patients, to identify 
relevant outcomes that matter most in clinical practice. This patient-oriented approach can help ensure that 
research findings are aligned with the needs and values of those affected by the treatments being studied 
(Sobetska, 2023). 
 
11.6. Regular Review of Statistical Practices: The biomedical research community should periodically 
review and update statistical practices and guidelines based on emerging evidence and methodological 
advancements. This ongoing evaluation can help address the challenges posed by evolving research 
landscapes and ensure that researchers are equipped with the most effective tools for data analysis. 
 
11.7. Encouragement of Collaborative Research: Collaborative research efforts that bring together 
statisticians, clinicians, and researchers from various fields can foster a more comprehensive understanding 
of the implications of significance levels and statistical outcomes. Such interdisciplinary collaboration can 
enhance the quality of research and ensure that findings are relevant across different contexts (Kumar et al., 
2010). 
 
12. Conclusion 
This research has provided a comprehensive analysis of the impact of significance levels on biomedical data 
analysis, emphasizing the critical role that statistical thresholds play in interpreting study results. The 
findings highlight the importance of carefully selecting the significance level, as this choice directly 
influences the likelihood of Type I and Type II errors. A lower significance level, such as α=0.01, may enhance 
the reliability of findings by reducing the risk of falsely declaring a treatment effective; however, it also 
increases the potential for overlooking effective treatments, underscoring the delicate balance that 
researchers must navigate in clinical research. Moreover, the analysis has revealed a concerning trend: many 
studies fail to adequately address the clinical relevance of their findings despite achieving statistical 
significance. This gap indicates a pressing need for researchers to prioritize not only statistical outcomes but 
also the practical implications of their results in healthcare settings. By fostering a dialogue around clinical 
significance alongside statistical significance, the biomedical community can promote more effective and 
evidence-based clinical practices. 
 
The recommendations stemming from this research advocate for the standardization of reporting practices, 
emphasizing the need to include discussions on clinical relevance in research publications. Additionally, 
training programs for researchers on the principles of hypothesis testing and the interpretation of statistical 
data can enhance the quality of biomedical research and its applicability in real-world settings. As the field of 
biomedical research continues to evolve, it is essential that researchers remain vigilant in their approach to 
significance testing and outcome interpretation. By integrating statistical rigor with a focus on clinical 
relevance, the biomedical community can improve the translation of research findings into meaningful 
clinical applications, ultimately benefiting patient care and health outcomes. The findings of this research 
serve as a call to action for researchers, clinicians, and policymakers to collaborate in fostering a research 
environment that values both statistical integrity and the practical implications of scientific discoveries. 
Through these efforts, the biomedical field can ensure that research not only advances knowledge but also 
translates into tangible improvements in patient health and well-being. 
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