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ABSTRACT

Statistical analysis plays a critical role in biomedical research, ensuring that data are interpreted appropriately and that conclu-
sions are both valid and reproducible. In allergy and immunology, where studies increasingly rely on complex data structures and
analytical approaches, clarity on biostatistical methods is essential to support transparency and scientific rigor. However, incon-
sistent statistical reporting and misuse of analytical techniques remain persistent challenges in the field. This review provides
a structured and practice-oriented overview of key statistical aspects relevant to research in allergy and immunology Drawing
upon recent peer-reviewed articles in these disciplines, we highlight best practices in the transparent reporting of statistical
methods, verification of underlying assumptions, and interpretation of statistical significance in the context of clinical relevance.
Each section is illustrated with practical examples to demonstrate sound analytical reasoning and to guide researchers, review-
ers, and educators in improving statistical standards across the field.

Abbreviations: ACQ, Asthma Control Questionnaire; ANOVA, Analysis of variance; AQLQ, Asthma Quality of Life Questionnaire; CONSORT, Consolidated
Standards of Reporting Trials; COVID-19, Coronavirus Disease 2019; DAGs, Directed Acyclic Graphs; FCS, Fully Conditional Specification; FeNO, Fractional exhaled
Nitric Oxide; FEV,, Forced Expiratory Volume in 1 seconds; GEE, Generalized Estimating Equations; GRADE, Grading of Recommendations Assessment,
Development and Evaluation; IgE, Immunoglobulin E; LassoCV, Least Absolute Shrinkage and Selection Operator with Cross-Validation; MCID, Minimal Clinically
Important Difference; MR, Mendelian Randomization; MR-Egger, Mendelian Randomization-Egger regression; MR-PRESSO, Mendelian Randomization Pleiotropy
RESidual Sum and Outlier test; PCA, Principal component analysis; RNA-seq, RNA sequencing; ROUT, Robust Regression and Outlier Removal; SAMPL, Statistical
Analyses and Methods in the Published Literature; STROBE, Strengthening the Reporting of Observational Studies in Epidemiology; VIFs, Variance Inflation Factors;
WAME, World Association of Medical Editors; XGBoost, Extreme Gradient Boosting.
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1 | Introduction

Biostatistics provides a fundamental framework for the plan-
ning, analyzing, and interpreting of biomedical data. It enables
researchers to convert empirical observations into generaliz-
able evidence and plays a critical role in informing decisions
in both clinical and public health contexts. When applied ap-
propriately, statistical methods allow for transparent reason-
ing and minimize the risk of misinterpretation. Conversely,
poor statistical practices such as incorrect model selection, in-
adequate sample size calculation, selective or post hoc choice
of statistical tests, inappropriate handling of missing data,
overreliance on p-values without effect size interpretation,
and failure to adhere to a predefined statistical analysis plan
can lead to invalid conclusions and compromise the integrity
of scientific findings [1, 2]. In addition, the growing complex-
ity of data in allergy and immunology research highlights the
importance of reproducible workflows, including transparent
reporting of software and version, use of open-source tools
when feasible, and sharing of analysis code to support repro-
ducibility. Despite growing awareness of these issues, multiple
studies have highlighted persistent weaknesses in statistical
reporting across biomedical journals. A recent review demon-
strated that the involvement of dedicated statistical reviewers
remains limited, with no meaningful increase in adoption
over the past two decades. Although statistical guidelines for
authors and editorial boards have been published and widely
disseminated, their consistent implementation in editorial
workflows is lacking [3]. In a survey conducted among mem-
bers of the World Association of Medical Editors (WAME),
40% of respondents estimated that only 31% to 50% of accepted
manuscripts included statistically correct analyses. Notably,
respondents with higher self-rated statistical expertise tended
to be more critical in their evaluations. Moreover, the reported
frequency of formal statistical peer review was low, with most
editors estimating that only 1%-10% of submitted manuscripts
undergo such specialized review. Frequently reported barriers
included difficulty in identifying qualified reviewers and in-
sufficient funding for statistical review [4]. These findings un-
derscore the urgent need to improve statistical literacy, ensure
the practical implementation of methodological guidelines,
and strengthen the overall quality and transparency of statis-
tical practices in biomedical research.

The aim of this review is to provide a structured and practice-
oriented overview of statistical approaches commonly applied
in allergy and immunology research. Drawing upon recent pub-
lications in the fields of allergy and immunology, we identify
and discuss concepts that are particularly relevant to statistical
practice in this research area. The review focuses on examples
where statistical methods were applied in a clear, appropriate,
and well-justified manner, demonstrating good practice in
aligning the analytical approach with the research question and
data structure. For each selected aspect, examples of good prac-
tice from the literature are presented along with commentary
explaining the rationale behind the statistical decisions. Rather
than offering a comprehensive guide to statistical analysis, this
review aims to highlight key principles through practical ex-
amples from peer-reviewed research. Our goal is to support re-
searchers, reviewers, and educators in enhancing transparency
and quality of statistical applications across the field.

2 | Clear and Transparent Reporting of Statistical
Methods

2.1 | Transparent Reporting of Statistical Methods:
Rationale and Standards

Clear and transparent reporting of statistical methods is funda-
mental for the credibility, interpretability, and reproducibility of
research in allergy and immunology. A well-documented sta-
tistical analysis allows readers to understand how conclusions
were drawn, assess the validity of the findings, and replicate the
results in future studies. Describing the analysis in alignment
with the research question ensures methodological coherence,
while precise definitions of variables and models enhance clar-
ity. Furthermore, the appropriate use of statistical terminology
such as distinguishing between “association” and “causation”
or using “significance” in its technical sense prevents misinter-
pretation. Transparent reporting also supports peer reviewers
and editors in evaluating the methodological rigor of a study.
In clinical research, where findings may directly inform patient
care or policy, such clarity is not only a matter of good practice
but also of ethical responsibility. Ethical statistical practice in-
cludes avoiding selective reporting, p-hacking, and inappropri-
ate data manipulation, all of which can undermine scientific
integrity and public trust. Additionally, the growing use of ad-
vanced methods such as causal inference approaches beyond
directed acyclic graphs (DAGs), machine learning applications
for prediction, and statistical models that support personalized
medicine highlights the need for continued methodological
transparency and adaptation to evolving analytical challenges.
However, it is important to emphasize that many of the most
frequently observed statistical errors concern fundamental is-
sues. These include insufficient evaluation of test assumptions,
overinterpretation of p-values, incorrect or incomplete descrip-
tive statistics, inadequate explanation of test purpose, and lack
of adjustment for multiple comparisons. While advanced meth-
ods are often applied in collaboration with trained statisticians,
these basic aspects of analysis remain the primary source of
errors in many manuscripts [2, 3]. Several reporting guidelines
and checklists, such as the CONSORT (Consolidated Standards
of Reporting Trials), STROBE (Strengthening the Reporting of
Observational Studies in Epidemiology), and SAMPL (Statistical
Analyses and Methods in the Published Literature) guidelines,
offer structured guidance for the transparent and comprehen-
sive reporting of statistical analyses in biomedical research.

2.2 | Linking Statistical Methods to Study Design
and Research Questions

The key elements of clear and transparent statistical reporting,
along with illustrative examples from recent allergy and immu-
nology studies, are summarized in Table 1. Each of these ele-
ments is further illustrated below with selected examples from
the recent literature.

A good example of this level of transparency can be found in a
study on asthma and long-term exposure to disinfectants and
cleaning products, where the authors clearly described the use
of advanced statistical methods such as latent class analysis and
multiple imputation. They supported key analytical decisions
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TABLE1 | Key elements of clear and transparent statistical reporting with illustrative examples from recent allergy and immunology research.

Reporting element

Purpose and principle

Example from literature

Alignment of statistical analysis with
research question

Clear definition of statistical test
purpose
Justification and documentation of

variable selection

Use of appropriate descriptive statistics

Reporting software and versions

Transparent handling of missing data

Reference to methodological sources
and tools

Proper use of statistical terminology

Ensures methodological coherence
and interpretability

Clarifies why a test is used and what it compares

Enhances transparency and
replicability of modeling decisions

Supports correct interpretation of distributions

Facilitates reproducibility and transparency

Allows readers to assess bias
and modeling strategy

Increases credibility of complex methods

Prevents misinterpretation and misuse
of core statistical language

Latent class analysis and
multiple imputation aligned
with exposure assessment
in asthma study [5]

Paired Wilcoxon test
clearly linked to design
in FPIES study [6]

Stepwise model with justified
variables based on prior
evidence in cow's milk
immunotherapy study [7]

Continuous variables
expressed as medians and
IQRs or means and 95% CI;
categorical variables as counts
and percentages, as reported
in the FPIES study [6]

Rv4.3.2, Scanpy v1.10.3,
and GraphPad Prism 9
in eosinophilic asthma

omics study [8]

Missing indicator method used
with rationale in post-COVID
allergic disease cohort [9]

Disinfectant exposure
study cited software and
methodology for imputation
and latent class modeling 5]

In the disinfectant
exposure study, authors
cautiously described effects
as “in association with”
asthma outcomes [5]

with references to methodological literature and software doc-
umentation, enhancing both the interpretability and reproduc-
ibility of their analysis. The model selection process, evaluation
of model identification, and pooling of estimates across imputed
datasets were reported in a structured and detailed manner.
Such referencing helps guide readers through complex proce-
dures and ensures that the applied methods are based on estab-
lished statistical standards [5].

The purpose of a statistical test should be clearly described, as
exemplified in a longitudinal pediatric study on food protein-
induced enterocolitis syndrome (FPIES), where the authors
specified not only the use of the paired Wilcoxon test but also
its application to compare values between matched groups (e.g.,
allergic patients vs. controls) and within the same individuals
over time (e.g., before vs. after oral food challenge). This level of
detail ensures that the statistical method is directly linked to the
study design and research question, enhancing both clarity and
interpretability [6].

Another important aspect of statistical clarity and method-
ological transparency is the justification for how variables
are selected and defined. This is well illustrated in a recent
study on oral immunotherapy for cow's milk allergy in young
children, where the authors explained that the variables in-
cluded in the analysis were chosen based on previously pub-
lished evidence and clinical relevance. The variables were
described in terms of their timing, source, and clinical role,
with each model built step by step and fully documented. Such
an approach reinforces the transparency of the analysis and
allows readers to assess the rationale behind key analytic deci-
sions. It is therefore essential that researchers report not only
which variables were used, but also why and how they were
selected [7].

Transparent reporting should also include appropriate descrip-
tive statistics that summarize the distribution and central ten-
dency of variables, tailored to their scale and distribution. For
example, using medians and interquartile ranges for skewed
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continuous data, or frequencies and proportions for categorical
variables, enhances the clarity and interpretability of study pop-
ulations and outcomes. It is important to remember that clearly
reporting the software used for statistical analysis, including
version numbers, is a key aspect of methodological transpar-
ency. For example, in a study on eosinophilic inflammation in
severe asthma, the authors specified that R (v4.3.2) was used for
protein omics analysis, Scanpy (v1.10.3) in Python for single-cell
RNA-seq data, and GraphPad Prism9 for the analysis and vi-
sualization of experimental data. This level of detail facilitates
reproducibility and increases confidence in the robustness of the
findings [8].

2.3 | Addressing Data Limitations and Enhancing
Reproducibility

An important aspect of statistical transparency is how missing
data are handled and reported. For example, in a recent mul-
tinational cohort study on incident allergic diseases in post-
COVID-19 condition, the authors explained that they used the
missing indicator method, generating separate variables to ac-
count for missingness and including them in the adjustment set.
This approach, supported by methodological references, helps
reduce potential bias and allows readers to understand how
missing data were incorporated into the analysis [9].

Another important aspect of statistical clarity and methodolog-
ical transparency is the verification and fulfillment of assump-
tions underlying statistical tests and models. Ensuring that
these assumptions are met is essential for the validity of the re-
sults and the correct interpretation of findings. As this is a more
in-depth and technical issue, it is addressed separately in the
following section.

3 | Verifying and Addressing Assumptions in
Statistical Tests and Models

Verifying the assumptions underlying statistical tests is essen-
tial to ensure the validity of the results. When assumptions are
violated and not addressed, estimates may become biased, con-
fidence intervals misleading, and p-values unreliable. This can
ultimately lead to incorrect conclusions, even when standard
statistical methods are used. In clinical and epidemiological
research, where findings may inform diagnosis, treatment, or
public health decisions, such errors can have significant conse-
quences. Despite this, assumptions and the process for assessing
whether they are satisfied are often overlooked or unreported
in published studies, which undermines the transparency and
credibility of statistical analyses.

3.1 | Assumptionsin Commonly Used
Statistical Tests

Commonly used statistical tests, such as the t-test or ANOVA,
rely on assumptions including normality of distribution, ho-
mogeneity of variances, and independence of observations.
Assessing these assumptions helps ensure the validity of results,
especially when sample sizes are not large enough for asymptotic

approximations to apply with confidence. Key assumptions of
commonly applied statistical tests are summarized in Table 2.

Equally important is the appropriate selection of post hoc tests,
as the choice (e.g., Bonferroni, Tukey, or Games-Howell) should
align with the specific assumptions about group variances and
sample sizes to ensure valid pairwise comparisons. Bonferroni
correction is particularly suitable when controlling the family-
wise error rate across a limited number of planned comparisons,
but may be overly conservative in settings with many tests, po-
tentially inflating type II error. In such cases, alternative meth-
ods like Holm or Hochberg procedures may provide a better
balance between error control and power. For example, in a ran-
domized trial on sublingual immunotherapy in adolescents with
allergic rhinitis, the authors used the Shapiro-Wilk and Levene
tests to assess distributional normality and variance homoge-
neity in a sample of 65participants. Depending on the results
of these tests, they appropriately selected between the standard
Student's t-test, Welch's t-test for unequal variances, or nonpara-
metric alternatives. In the case of repeated measures, the authors
applied repeated measures ANOVA, including preliminary tests
of sphericity, and used Greenhouse-Geisser or Huynh-Feldt
corrections when the assumption of sphericity was violated.
This reflects a cautious and transparent approach to model as-
sumptions in a moderately sized study and demonstrates care-
ful matching of statistical techniques to the properties of the
data [10]. When assumptions are uncertain or violated, robust
methods like Welch's t-test or permutation-based approaches
can provide more reliable results and help prevent misleading
conclusions. Clear reporting of how assumptions are assessed
and how methods are chosen accordingly enhances the trans-
parency and reproducibility of statistical analysis.

3.2 | Interpreting Assumptions in Large Samples
and the Role of Outliers

In studies with large sample sizes, it is a common misconcep-
tion that parametric tests such as the t-test or ANOVA require
the data to be normally distributed. In practice, with sufficiently
large numbers of observations, moderate departures from nor-
mality have little influence on the validity of the results. In
these situations, it is important to consider whether the vari-
ances between groups are similar and whether the data points
are independent. These properties are determined by the overall
structure and design of the study. If variances differ meaning-
fully, alternative versions of standard tests that do not assume
equal variances can be applied to maintain the validity and ro-
bustness of statistical inferences. As a result, preliminary tests
for normality in large samples often add little value and can un-
necessarily complicate the analysis [11].

It is important to remember the role of outliers, which can sig-
nificantly distort the results of statistical tests based on means.
A clear example is provided by a study on the long-term effi-
cacy of cow's milk anaphylaxis immunotherapy, in which the
authors explicitly reported that substantial departures from
normality and from the assumption of no outliers were present
[12]. In such cases, where outliers and non-normal distributions
are present, it is important to consider how these characteristics
may influence statistical estimates and test selection. Evaluating
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| Assumptions in commonly used statistical tests: Key principles and examples from allergy and immunology research.

TABLE 2

Example from literature

Purpose and principle

Assumption-related element

Sublingual immunotherapy study used

Ensures validity of parametric tests

Assessment of normality and variance homogeneity

Shapiro-Wilk and Levene tests [10]

by verifying key assumptions

Same study used Welch's t-test or nonparametric

Improves inference accuracy by aligning

Appropriate test selection based on assumption checks

alternatives as needed [10]

method with data properties

Greenhouse-Geisser and Huynh-Feldt corrections

Maintains validity when sphericity is violated

Corrections for sphericity in repeated measures ANOVA

used in repeated measures design [10]

Large sample analysis: attention focused on

Avoids unnecessary tests; focuses

Limited role of normality tests in large samples

variance comparability and independence [11]

on relevant assumptions

Cow's milk anaphylaxis immunotherapy study explicitly

Enhances transparency and robustness

Identification and reporting of outliers

reported substantial departures from normality

and from the assumption of no outliers [12]

Hair dye allergy study used Wilcoxon signed-

Ensures correct methodological

Matching method to measurement scale

rank test for ordinal data [13]

decision and interpretability

Nonparametric methods (Mann-Whitney U, Spearman)

Enables valid analysis despite constraints

Method adaptation to small sample sizes and non-normal

data

used in allergy-nutrition study with small sample size [14]

the robustness of results by comparing alternative methods or
summary measures can help ensure that the conclusions remain
valid [1]. While removing outliers may sometimes be justified,
such as when they result from measurement error, it should be
done with caution. In many cases, robust statistical methods
(e.g., trimmed means, M-estimators, or nonparametric tests)
allow for meaningful analysis without excluding data points
that may represent true variability. Clear justification and trans-
parent reporting are essential when addressing outliers.

An example of appropriate consideration of measurement scale
isaclinical study investigating a permanent hair dye designed to
reduce allergic contact dermatitis, where ordinal data provided
by investigators, cosmetologists, and participants were analyzed
using the Wilcoxon signed-rank test. This reflects a correct
methodological decision that aligns the statistical approach with
the level of measurement [13].

3.3 | Matching Test Selection to Sample Size, Data
Type, and Distribution

Ensuring that test selection matches the nature of the data is es-
sential for drawing valid and interpretable conclusions. Sample
size and the balance between comparison groups in terms of
baseline characteristics are important considerations when
choosing statistical methods. For instance, in a study investigat-
ing the impact of dietary fat intake and breast milk composition
on allergy outcomes in offspring, the authors explicitly stated
that due to small sample sizes and generally non-normal dis-
tributions, nonparametric tests were applied. Specifically, the
Mann-Whitney U test was used for group comparisons, and
Spearman’s rank correlation was used to assess associations,
reflecting an appropriate adaptation of methods to data con-
straints [14].

3.4 | Methodological Considerations in Advanced
Regression and Causal Modeling

Assumptions play a critical role not only in simple statistical
tests but also in regression models and more advanced analyt-
ical approaches. Each type of model is associated with its own
set of assumptions, which must be checked and addressed to
ensure valid inference. Violations of key assumptions such as
linearity, independence of errors, or absence of multicollinearity
can lead to biased estimates, incorrect standard errors, and mis-
leading conclusions. As regression-based and complex methods
are widely used in allergy and immunology research, careful
evaluation and transparent reporting of whether their underly-
ing assumptions are met is essential for scientific validity. Key
assumptions and reporting practices relevant to regression and
advanced statistical methods are summarized in Table 3.

One important consideration when using advanced statistical
methods is the approach to variable selection, which itself in-
volves specific assumptions. It is essential to ensure that the
chosen selection method aligns with the study objective and
the underlying data structure. For example, in a study on ma-
ternal dietary avoidance in infants with food protein-induced
allergic proctocolitis, the authors used several methods
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(LassoCV, logistic regression, XGBoost, and Random Forest)
to rank variable importance; then selected final predictors
using a Lasso regression model, showing a clear and well-
documented approach [15]. However, it is important to high-
light potential pitfalls when selecting independent variables
without sufficient care. Problems such as multicollinearity,
overfitting, or inappropriate covariate adjustment can bias
results or reduce interpretability. Moreover, methods based
purely on statistical criteria, such as stepwise selection, re-
main common but may yield unstable models, especially with
small samples or correlated predictors. Statistical selection
should therefore be guided by both data and domain knowl-
edge. Moreover, complex modeling techniques such as pe-
nalized regression or machine learning approaches require
sufficiently large sample sizes to ensure model stability, pre-
vent overfitting, and yield reliable inference. In observational
studies, predefined adjustment sets based on prior knowledge
or causal assumptions (e.g., from DAGs) are generally pre-
ferred over automated selection based solely on statistical sig-
nificance, which may lead to biased or unstable results.

Another important issue in regression models is how the rela-
tionships between variables are represented. Relying only on
linear forms may overlook meaningful patterns and lead to
residual confounding. For example, in a study examining ox-
idative balance and asthma in U.S. women, the authors used
restricted cubic splines to explore possible non-linear associ-
ations and conducted subgroup analyses to investigate poten-
tial interactions. This reflects a careful approach to checking
model assumptions and capturing complex relationships in
the data [16].

A further relevant aspect concerns the common practice of
converting continuous variables into categories, which may
result in substantial information loss and reduced statistical
power. In allergy-related studies, variables such as age, IgE
levels, or exposure intensities are sometimes arbitrarily di-
vided into groups, potentially masking meaningful trends,
threshold effects, or nonlinear associations. This issue is not
limited to regression modeling; it can also affect descriptive
analyses and clinical decision-making, particularly when cut-
offs are chosen without a strong empirical or biological ra-
tionale. When categorization is necessary, cut-offs should be
based on clinical meaning, prior research, or statistical crite-
ria. Common approaches include using the median, tertiles, or
quartiles for balanced grouping, or applying the Youden index
in diagnostic settings to optimize sensitivity and specificity.
Whichever method is chosen, the rationale should be reported
transparently to ensure interpretability and comparability
across studies. For instance, transforming IgE concentration
into “low” and “high” categories may obscure dose-response
relationships or introduce artificial discontinuities. Applying
flexible methods like splines allows these patterns to be mod-
eled more accurately without discarding valuable variability
in the data [17].

A helpful approach is to use tools such as DAGs to identify
and adjust for confounding, as they help clarify which vari-
ables are causally related and should be accounted for in the
analysis. Importantly, such tools can also help distinguish be-
tween confounders and mediators, a distinction that is often

misunderstood. Confounders are variables that influence both
the exposure and the outcome and must be adjusted for to ob-
tain an unbiased estimate of the total effect. In contrast, media-
tors lie on the causal pathway between exposure and outcome,
and adjusting for them may lead to underestimation of the total
effect or introduce bias. Clarifying these roles is essential for
valid causal interpretation, particularly in observational stud-
ies where randomization is absent. In a study published in the
Journal of Allergy and Clinical Immunology, researchers con-
structed a DAG a priori to identify potential confounders influ-
encing the relationship between biologic treatment and asthma
exacerbations. They then applied overlap weighting to adjust for
these confounders, enhancing causal inference and illustrating
a structured, transparent approach to confounding control [18].
Even in randomized controlled trials, imbalances between in-
tervention and control groups may persist due to chance, partic-
ularly in smaller samples. In such cases, covariate adjustment
using regression models or weighting methods such as overlap
weighting can help reduce residual confounding and improve
causal interpretation. Prespecifying important prognostic co-
variates based on prior knowledge remains essential to avoid
biased estimates. In line with this guidance, it is more infor-
mative to rely on subject-matter knowledge and prespecified
causal assumptions when selecting adjustment variables. In
addition to modern tools such as DAGs, classical frameworks
like Hill's criteria for causality can also provide complementary
guidance, particularly when interpreting associations in obser-
vational studies. While not strict rules, these criteria, such as
temporality, strength of association, consistency, and biological
plausibility, can help assess whether a relationship is likely to
reflect a causal effect, especially in public health and epidemi-
ologic contexts. Statistical indicators like VIFs can flag collin-
earity, but they should not replace controlling for confounders
that are important in the context of the study. An additional
consideration is the importance of using robust standard error
estimators in regression analyses, especially when working
with large samples. This approach improves the reliability of
inference by reducing sensitivity to violations of assumptions
such as homoscedasticity or independent errors. For instance,
in a study on food allergy and mental health, the authors used
cluster-robust standard errors to account for dependency within
twin pairs, enhancing the credibility of their findings without
relying on strict parametric assumptions [19]. A good example
is provided by a panel study on birch pollen, air pollution, and
asthma symptoms in Sweden, where the authors explicitly mod-
eled interaction effects using mixed models to explore how air
pollutant impacts varied by pollen levels. This strategy allowed
them to assess whether the relationship between pollutants and
respiratory outcomes changed depending on allergen exposure,
rather than relying on indirect subgroup comparisons. Such an
approach improves interpretability and strengthens the validity
of conclusions about effect modification in complex environ-
mental settings [20]. Mixed models more broadly deserve greater
attention in allergy and immunology research, as they are well
suited to the analysis of longitudinal, clustered, or hierarchical
data structures frequently encountered in this field.

An additional methodological concern in regression analyses
relates to potential violations of core assumptions, such as the
presence of autocorrelation or influential outliers, both of which
can distort inference if unaddressed. In such cases, conducting
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sensitivity analyses such as comparing models with and with-
out outliers or applying robust estimators can help evaluate the
stability of findings and improve interpretability. For example,
in a study on pulmonary effects of particulate matter in chil-
dren with asthma, the authors employed generalized estimating
equations (GEE) with an exchangeable correlation structure and
robust standard errors to account for autocorrelation in repeated
measurements, ensuring valid effect estimates. In another study
investigating atherosclerosis regression, outliers were system-
atically identified and removed using the Robust Regression
and Outlier Removal (ROUT) method, demonstrating careful
attention to data quality and the robustness of linear modeling
[21, 22].

3.5 | Statistical Assumptions in Meta-Analyses
and Specialized Methods

Beyond individual-level models such as regression, meta-
analysis also requires careful attention to statistical assumptions.
A commonly noted issue is the use of preliminary heterogene-
ity tests to choose between fixed- and random-effects models.
A common but suboptimal practice involves selecting between
fixed- and random-effects models based on preliminary tests of
heterogeneity. A better approach is to select the meta-analytic
model based on the scientific rationale and study design fea-
tures, rather than depending on yes-or-no heterogeneity tests.
Fixed-effects models provide estimates that apply specifically to
the studies included in the meta-analysis, regardless of whether
the results vary across them. In contrast, random-effects models
aim to generalize findings beyond the included studies, but this
requires assumptions such as random sampling of studies and
exchangeability, which should be clearly justified [23, 24].

Quantifying heterogeneity is also important in meta-analytical
research. The I? statistic is frequently reported, but it is not an
absolute measure of variability. It reflects the proportion of
total variation attributable to between-study differences and is
influenced by both within-study and between-study variance.
However, 12 alone may be insufficient, as it does not reflect
the direction or magnitude of effects across studies, nor does
it indicate clinical relevance. Other measures, such as t% or H?,
can provide complementary information by expressing hetero-
geneity in different statistical terms. Each metric has its own
advantages and limitations, and none should be interpreted in
isolation. Rather than focusing solely on numerical indicators,
the broader appraisal of inconsistency should take into account
the direction and magnitude of effects across studies, as well
as their potential clinical relevance. When multiple effect esti-
mates are available from a single study (e.g., for different age
groups or related outcomes), selection should follow predefined
criteria based on clinical relevance, methodological consistency,
or statistical independence. Preferably, the outcome most rep-
resentative of the primary research question should be chosen,
and sensitivity analyses may be conducted to assess the impact
of alternative selections. When a single study evaluates multiple
exposures in relation to the same outcome, including all of them
in a meta-analysis may lead to unit-of-analysis errors due to non-
independence. In such cases, either a single exposure-outcome
pair should be selected based on clinical or methodological rele-
vance, or advanced methods such as multivariate meta-analysis

may be considered to account for correlations among estimates.
Visual tools such as forest plots and emerging approaches that
incorporate contextual thresholds can support more meaning-
ful interpretation [25]. A good example of this broader approach
to quantifying heterogeneity is provided in a meta-analysis on
allergen immunotherapy for asthma prevention, where the au-
thors reported 12, Cochran's Q, tau-squared, and the prediction
interval to comprehensively assess variability across studies,
and complemented this with sensitivity analyses and publica-
tion bias assessment, although the appraisal of inconsistency
was limited to statistical indicators [26].

One noteworthy method that also demands strong underlying
assumptions is Mendelian Randomization, which depends on
the validity of genetic instruments and the absence of horizontal
pleiotropy. A clear example is provided in a study published in
The Journal of Clinical Endocrinology & Metabolism, where the
authors applied five complementary MR methods and explic-
itly used MR-Egger and MR-PRESSO to assess and correct for
pleiotropy and outliers. This thorough implementation reflects
good practice, as it enhances causal inference by systematically
addressing key sources of bias that could otherwise distort the
results [27].

An important aspect of advanced statistical analysis is the treat-
ment of missing data, which can otherwise bias estimates and
weaken validity. In a study on asthma and allergy trajectories in
children, the authors assessed the extent and patterns of missing
data before applying multiple imputation using fully conditional
specification (FCS), a method well suited for longitudinal data.
This strategy helped preserve statistical power and allowed the
inclusion of individuals with partially observed data, enhancing
the robustness and generalizability of the findings [28]. Beyond
general model assumptions, certain methods like Cox regres-
sion have their own specific assumptions that need to be clearly
tested. For example, in a study validating a pediatric asthma
risk score using electronic health records, the authors applied
Cox regression and explicitly tested key assumptions includ-
ing proportional hazards, linearity, and the absence of outliers.
They used both statistical tests and graphical diagnostics such
as Schoenfeld and Martingale residuals to confirm model ade-
quacy and ensure transparent and interpretable inference [29].

A further methodological consideration relates to exploratory
approaches such as cluster analysis, which are increasingly used
to identify disease patterns or generate hypotheses. While pow-
erful for uncovering hidden data relationships, these methods
rely on assumptions regarding distance metrics, clustering al-
gorithms, and cut-off thresholds, all of which can strongly in-
fluence the resulting groupings. Principal component analysis
(PCA) is another useful exploratory technique, particularly in
high-dimensional datasets such as omics or biomarker stud-
ies, where it can help reduce dimensionality and reveal latent
structures. A study on multimorbidity patterns in individuals
with eczema and asthma provides a good example: the authors
employed network and hierarchical cluster analyses based on
Jaccard distance and, to assess robustness, repeated the analysis
using different follow-up durations and an alternative cluster-
ing method using the Ward linkage algorithm, demonstrating
a transparent and thorough approach to exploratory data anal-
ysis [30].
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4 | Statistical Significance Versus Clinical
Relevance

4.1 | Interpreting Statistical Significance Beyond
the p-Value

Statistical significance, commonly assessed through p-values,
reflects the probability that an observed effect occurred by
chance. However, statistically significant findings are not nec-
essarily meaningful from a clinical perspective. In response
to widespread misunderstanding and misuse of p-values, the
American Statistical Association (ASA) issued a statement
emphasizing that p-values do not measure the probability that
a hypothesis is true or the size or importance of an effect. The
ASA cautioned against relying on arbitrary thresholds (such as
p<0.05) for declaring results as “statistically significant,” and
instead encouraged more nuanced interpretation that considers
study design, context, and effect sizes [31]. Especially in large
samples, even trivial differences may produce very low p-values,
while clinically important effects may not be associated with
statistical significance in smaller studies.

4.2 | Effect Sizes, Clinical Relevance, and Decision
Thresholds

To enhance interpretability, researchers should also report mea-
sures of effect size, which quantify the strength or magnitude of
observed associations or differences regardless of sample size.
Examples include Cohen's d, Hedges' g, Phi, and Cramér's V.
These metrics help contextualize whether a statistically signifi-
cant finding represents a negligible or substantial effect, making
it easier to judge the potential clinical or practical importance of
results. They are particularly valuable when comparing findings
across studies or communicating their implications to clinical
audiences. Including confidence intervals for effect sizes further
supports transparent reporting and allows readers to assess the
precision and relevance of the estimates [32]. Key considerations
for integrating statistical significance, effect sizes, and clinical
relevance are summarized in Table 4.

A good example of this practice can be found in a transcriptome-
wide study on allergic asthma, where independent samples t-tests
were accompanied by Cohen'’s d to quantify the magnitude of
differences between patients and controls, ensuring that statisti-
cally significant results were also evaluated in terms of practical
relevance [33]. Similarly, in a study investigating hypersensitiv-
ity to environmental allergens in cats with heartworm disease,
the authors reported both Cramér's V and Cohen’s d to provide a
complete interpretation of categorical and continuous contrasts,
respectively [34]. In a methodological article on membrane pro-
tein distribution, Glass's rank biserial correlation coefficient was
reported alongside nonparametric testing, further demonstrating
how effect size measures can supplement significance tests to offer
a more nuanced and interpretable analysis [35]. These examples
illustrate how reporting effect sizes improves the interpretability
of findings and supports more meaningful comparisons across re-
search contexts. Another useful concept for interpreting the prac-
tical relevance of results is the minimally important difference
(MID), which represents the smallest change in an outcome that
patients perceive as beneficial and that would justify a change in

Integrating statistical significance, effect sizes, and clinical relevance in reporting.

TABLE 4

Example from literature

Purpose and principle

Reporting element

Methodological article recommending effect

Avoids overinterpretation of p-values and

Distinguishing statistical from clinical significance

size reporting over p-value focus [32]

emphasizes real-world relevance

Transcriptome-wide study on asthma

Quantifies the magnitude of observed

Reporting effect size measures alongside p-values

reported Cohen's d with t-tests [33]

effects independent of sample size

Cat heartworm study reported both

Improves interpretability across data types

Using effect sizes to interpret categorical and continuous data

Cramér's V and Cohen's d [34]

and enhances comparative insight

Glass's rank biserial correlation coefficient

Provides additional context for interpreting

Complementing nonparametric tests with effect size metrics

used in membrane protein study [35]

results from nonparametric tests

Asthma study referenced MCID thresholds

Enhances patient-centered interpretation

Incorporating minimal clinically important differences (MCID)

for ACQ, AQLQ, FEV, and FeNO [36]

and supports clinical decision-making
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management. Reporting whether observed effects exceed the MID
helps determine not only if results are statistically significant, but
also if they are meaningful in a clinical context. Including MID
thresholds in the analysis allows for more patient-centered inter-
pretation and helps translate research into practice, as long as the
thresholds come from validated sources or established methods.
A clear example of the application of MID is provided in an article
where the authors referenced established thresholds to contextu-
alize treatment effects in asthma. They noted that a change of 0.5
points in the Asthma Control Questionnaire (ACQ) or Asthma
Quality of Life Questionnaire (AQLQ), a 10%-20% increase in
FEV,, or a 20% reduction in FeNO represent clinically meaningful
improvements. Citing such MID values helps interpret whether
observed changes are likely to be perceived as beneficial by pa-
tients, adding important clinical relevance to the reported out-
comes [36]. While the MID provides a valuable benchmark for
clinical relevance, decision-making frameworks such as GRADE
(Grading of Recommendations Assessment, Development and
Evaluation) recommend going further by distinguishing between
multiple categories of effect magnitude, such as “trivial or none,”
“small but relevant,” “moderate,” or “large.” This requires defining

multiple decision thresholds to better contextualize effect sizes
and support nuanced clinical recommendations. Decision thresh-
olds refer to prespecified cut-offs that help categorize observed
effects into meaningful levels of impact, facilitating interpretation
aligned with clinical decision-making. This view has also been
articulated by leading methodologists [37, 38]. As Gene V. Glass
remarked, “Statistical significance is the least interesting thing
about the results. You should describe the results in terms of mea-
sures of magnitude—not just, does a treatment affect people, but
how much does it affect them [39].” Similarly, Jacob Cohen stated
that “The primary product of a research inquiry is one or more
measures of effect size, not p values [40].” These insights empha-
size the importance of evaluating both the presence and the prac-
tical relevance of observed effects.

5 | Conclusions
Robust statistical methodology is essential for generating valid,

interpretable, and reproducible results in allergy and immu-
nology research. This review has highlighted key areas of good

BOX1 | Checklist: Priorities for statistical practice in allergy and immunology research.

A. General Principles

» Transparently handle and report missing data
B. Study Design-Specific Considerations
For observational studies:

« Apply structured strategies for confounder control
For interventional studies:

For diagnostic studies:

C. Data Type-Specific Considerations
For genetic and biomarker data:

« Apply appropriate correction for multiple comparisons

For patient-reported outcomes (PROSs):
« Use validated scoring systems and address responsiveness

» Report MID where available
D. Analytical Rigor

E. Education and Reporting Standards

« Encourage stronger statistical peer review in journals

« Clearly report statistical methods, including test purpose, assumptions, and software used
« Match statistical tests appropriately to data type and distribution

« Use informative descriptive statistics (e.g., median, IQR, proportions) consistently

» Use directed acyclic graphs (DAGs) to identify potential confounders

« Report and interpret effect sizes and minimally important differences (MIDs)

« Conduct and report sensitivity analyses to address assumption violations

« Justify statistical methods used to evaluate diagnostic accuracy

« Address potential sources of bias, including spectrum and verification bias

« Ensure reproducibility and transparent data preprocessing

« Perform transparent model diagnostics in regression and machine learning
« Use interpretable methods in exploratory analyses (e.g., clustering)

« Justify all statistical analyses with appropriate references or rationale

« Promote statistical education among researchers and clinicians

« Provide clear guidance for selecting, justifying, and reporting statistical methods
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BOX2 | Major milestone discoveries.

Box 2 requirement (major milestone discoveries) is addressed
through Tables 1-4, which compile well-documented exam-
ples of statistical good practice across key methodological
areas in allergy and immunology research.

practice, including transparent reporting, careful verification of
assumptions, and the interpretation of results beyond p-values.
Published examples from recent allergy and immunology studies
illustrate how aligning statistical methods with study design en-
hances scientific credibility. Greater emphasis should be placed
on clear documentation of analytical choices and the rationale
behind them, particularly in the context of model selection and
data characteristics. Researchers are encouraged to use effect
size measures and clinically meaningful thresholds to support
more nuanced interpretation. Good statistical practice not only
strengthens the evidence base but also facilitates communica-
tion with clinical audiences. There remains a need for broader
implementation of methodological standards across the pub-
lication process. Advancing statistical transparency and rigor
will ultimately contribute to higher quality research and better-
informed decisions in clinical and public health settings. To sup-
port implementation, future research perspectives and milestone
discoveries are summarized for each thematic section in tabu-
lar format, ensuring contextual clarity and practical relevance.
While rigorous statistical methodology is essential for generating
valid and reproducible results, it is equally important not to lose
sight of the underlying biological and immunological questions.
Preliminary or exploratory findings, even if based on limited
data, can provide valuable insights and guide future research
directions. Therefore, statistical sophistication should serve to
complement and clarify, rather than obscure, the scientific and
clinical significance of study outcomes Box 1 and 2.
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