
Biostatistics in orthopedic surgery: Common data pitfalls and how to avoid them

A B S T R A C T

Background: Biostatistical expertise in orthopaedic research is critical as much of the research typically involves multiple research sites, complex datasets and 
collection strategies, and multifaceted hypotheses. However, in much of the orthopaedic literature, studies use inconsistent data collection methods without proper 
data auditing or validation, improper statistical methods, and overstate p-values and hypothesis testing results.
Study Objectives & Rationale: In this short communication, we highlight biostatistical considerations in research design, common pitfalls in data collection and 
analysis, and strategies to address these challenges.
Conclusion: Improper biostatistical methods result in biased or misleading conclusions which may adversely affect clinical practice and patient outcomes.

1. Introduction

Biostatistics is a cornerstone of orthopedic research, offering tools to 
design rigorous studies, analyze complex data, and generate reliable 
findings. In orthopedic research, where studies often involve complex 
datasets and multifaceted hypotheses, biostatistics ensures that conclu
sions are reliable, reproducible, and clinically meaningful applications 
of statistical methods. These are for evidence-based research, influ
encing both clinical decision-making and patient outcomes.

Despite its importance, common statistical pitfalls can compromise 
research outcomes. Challenges such as inconsistent data collection, 
improper statistical methods, and overreliance on p-values can lead to 
biased or misleading conclusions. Additionally, running multiple com
parisons can inflate the likelihood of false-positive results, further 
compromising the validity of research. For instance, a previous study 
found that only 6%–15% of articles in orthopedic journals used appro
priate correction methods, resulting in an estimated 54% risk of at least 
one false significant result in unadjusted studies.1,2 Addressing these 
pitfalls with careful planning and attention to detail is critical for 
ensuring the validity and reliability of orthopedic studies.

This manuscript highlights statistical considerations in research 
design, common pitfalls in data collection and analysis, and strategies to 
address these challenges. By integrating statistical practices into ortho
pedic research, investigators can enhance the quality and impact of their 
studies, fostering advancements in both science and patient care.

2. Methods

2.1. Statistical considerations in research design

A well-structured research design lays the foundation for successful 
studies. Proper planning minimizes biases, ensures data quality, and 
aligns outcomes with study objectives.2 This section outlines key 

considerations for experimental design, statistical design, and research 
feasibility.

2.2. Experimental design

The first step in designing a study is formulating a clear, testable 
hypothesis. For example, a study evaluating knee osteochondral allo
graft transplantation (OCAT) may hypothesize, “VAS pain scores will 
improve by at least 20% at six months post-surgery compared to base
line.” Measurements must align with these hypotheses, capturing pri
mary outcomes such as pain reduction and secondary outcomes like 
joint mobility.

Randomization is another critical element. Randomizing participants 
into groups reduces selection bias and ensures comparability. Re
searchers can use simple randomization, stratified randomization (to 
balance variables like age or severity), or cluster randomization (group- 
level assignment). The choice depends on the study’s objectives, re
sources, and constraints.

Data collection must follow a standardized protocol specifying what, 
when, and how data are collected to ensure consistency. Using electronic 
data capture systems with built-in validation rules minimizes errors. 
Training data collectors and conducting regular audits ensures protocol 
adherence and reduces variability.

2.3. Statistical design

The statistical methods must align with the research question and, 
subsequently, the data collected. Chi-square tests, t-tests, and ANOVA 
are suitable for straightforward comparisons, while non-inferiority tests 
are useful for assessing whether a new treatment is not worse than a 
standard. Advanced models like mixed-effects analyses are essential for 
handling repeated measures or hierarchical data.

Sample size and power calculations are crucial to determine the 
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study’s ability to detect meaningful differences. Small sample sizes risk 
Type II errors (false negatives), while overly large sizes waste resources 
on trivial effects. Effect size estimates from pilot studies or prior litera
ture help optimize sample size calculations, accounting for expected 
attrition. It is improper to use study results to determine power for the 
same study, as this approach leads to circular reasoning and can produce 
misleading conclusions.3

2.4. Research feasibility

Feasibility assessments ensure a study’s goals are achievable within 
available resources. This includes recruitment potential, funding, and 
access to facilities. Selected outcome measures must be practical to 
collect, reliable, and sensitive to the expected changes. Feasibility can be 
validated through pilot testing. Regular evaluations during the study 
allow for adjustments in response to challenges to maintain alignment 
with objectives.

2.5. Common data pitfalls in data collection and analysis

Data collection and analysis are particularly prone to errors that 
undermine the validity and reliability of results, even in well-designed 
studies.

2.6. Pitfalls in data collection

One of the most significant challenges in data collection is incon
sistency (Fig. 1). This often arises from unclear data collection protocols 
and ambiguous coding conventions, such as using different systems to 
denote the same variable (e.g., “Yes/No” versus “1/0”) or inconsistent 
handling of missing values (e.g., leaving fields blank versus using codes 
like “-9999”). Such inconsistencies can complicate analysis and lead to 
misclassification.4,5

Researchers risk discrepancies and errors during data entry and 
analysis without clear documentation of variable names, definitions, 
formats, and ranges. Multiple, uncoordinated datasets without a 
centralized master file add another layer of complexity. Researchers 
must establish standardized data entry rules and adopt clear conventions 
for coding variables. A robust data dictionary should be developed at the 

study’s outset and shared. Centralizing data storage in a master dataset 
and using version-control, ensures consistency and reduces redundancy. 
Adequate training for data collectors is essential, with periodic quality 
checks to identify and correct errors.

2.7. Pitfalls in data analysis

Errors often stem from the misuse of statistical methods or misin
terpretation of results, such as the overreliance on p-values as the sole 
measure of significance.6,7 P-values indicate whether an effect exists but 
do not convey its magnitude or clinical significance, which is often 
influenced by sample size. Independent of sample size, effect sizes 
quantify standardized observed differences, ensuring that results are 
both statistically and clinically meaningful (Fig. 2). Researchers should 
complement p-values with effect sizes and confidence intervals, which 
provide a more nuanced understanding of the magnitude and precision 
of results.

Failing to adjust for multiple comparisons is defined as testing 
several hypotheses simultaneously without correcting for inflated Type I 
error rates, which increases the likelihood of false-positive results. 
Techniques such as Bonferroni corrections or false discovery rate control 
help account for multiple comparisons.

Similarly, the inappropriate application of statistical models can bias 
conclusions. For instance, repeated measures data require models such 
as mixed models or generalized estimating equations to account for 
within-subject correlations. Consulting with a biostatistician can pre
vent errors and enhance the credibility of the study’s findings.

3. Discussion

Common pitfalls in research design, data collection, and analysis 
often undermine the validity of findings in orthopaedic research. 
Addressing these challenges requires thoughtful planning, standardized 
protocols, and adherence to ethical and methodological best practices.

4. Conclusion

Collaboration with biostatisticians during study design is critical to 
avoid common errors and ensure methodological rigor.

Fig. 1. An example of collected data from unclear data collection protocols and inconsistent coding conventions. Inconsistent data collection protocols may result in 
non-standardized ROM descriptions, irregular concentration formatting, missing/invalid values, and inconsistent ligament type entries.
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Fig. 2. Difference between statistical and clinical significance. Confidence intervals illustrating statistical significance (blue line at 0) and clinical importance (orange 
line at minimal clinically important difference), showing four scenarios of statistical and clinical significance.
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