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A regular reader of this column came up to me the other
day and said, “I've learned so many statistical methods
and models, but now I feel lost in the forest of statistics.”
One of my students also told me that statistics had
been taught in bits and pieces across different classes,
and he could not quite put everything together. They
asked, “Could you summarize the common statistical
methods in one place and at least guide us on when to
use which one?” I have heard similar questions from
my other students before: “Statistics is fun to learn,
but is there one book that brings all these methods
together?” That is a big question. I may not be able to
cover everything, but I'll try my best.

To answer a research question, we collect, manage, and
analyze data. Data are generally quantitative or
qualitative. Quantitative data are numerical and may
be continuous, such as temperature or height, or
discrete, such as number of children or heartbeats.!?
Count data are non-negative discrete
representing how often an event occurs or how many
objects are observed within a specified time or space.?
Qualitative, or categorical, data may be binary (e.g.,
no/yes), multinomial with unordered categories (e.g.,
heart attack/death/stroke), or ordinal with ordered
categories (e.g., good/fair/poor/no change). Numbers
assigned to categorical data are codes, not numerical
measurements.>*® Another important kind of data is
time-to-event data, which record the time until an

values

event occurs while accounting for participants who
remain event-free during follow-up.!

Research data are called variables because their
values vary across individuals or within the same
individual over time. The dependent variable is
usually the outcome of interest, whereas independent

®®@ All material is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International
AL (CC-BY-NC-ND 4.0) License unless otherwise stated.

variables are factors that may influence or predict it
and may be called exposures, risk factors, predictors,
inputs, or interventions.® Studies may also include
confounding variables (confounders), which can distort
the observed relationship between an independent
variable and an outcome, making the association
appear stronger, weaker, absent, or even reversed.®

We analyze data using different statistical methods
depending on the research question and study
objective. Common purposes include describing the
main features of the data, making inferences from a
sample to a population, comparing outcomes between
groups, assessing relationships between variables,
identifying risk factors, predicting future events or
trends, and supporting clinical decision-making.”

But there are many statistical methods to choose from,
and sometimes several methods can be used for the
same purpose. This article aims to bring these methods
together and provide a practical guide to selecting the
method that best fits the analytic objective. I group the
methods into eight broad analytic purposes. For each
group, we will look at the objective, statistical
methods, typical predictors (if any), key assumptions,
and main statistics to report.

Descriptive Statistics

Descriptive statistics summarize the characteristics of
a study
generalize findings from the sample to a broader

sample, whereas inferential statistics
population.?8 A numerical measure from a sample is a
statistic, while the corresponding population measure
is a parameter.? Confidence intervals estimate a range
likely to contain the true population parameter.? Each

statistical method has specific assumptions.
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Descriptive statistics for continuous data typically
include measures of central tendency and spread.
Central tendency represents the center of a
distribution, whereas spread indicates the variability
among observations.? The choice of statistics depends
on whether the data follow a normal distribution, also
known as a Gaussian distribution. For normally
distributed data, the mean and standard deviation are
commonly reported; for non-normally distributed data,
the median and interquartile range (IQR) are
preferred. The range may also be reported and does not
require a specific distributional assumption.?5

Categorical variables are typically described using
frequencies and proportions. Frequency is the number
of observations in a category, while proportion is the
number in that category divided by the total number of
observations in the study sample.? Depending on the
study design and time frame, related epidemiological

measures include prevalence, incidence proportion,
incidence rate, and odds. A rate describes how quickly
an event occurs in a defined study group over time,
often using person-time as the denominator.%!!

Count data may be described similarly to continuous
data, using measures such as the mean and standard
deviation or the median and IQR, or as a rate when the
number of events is observed over varying periods of
exposure, using person-time as the denominator.?
Time-to-event data include individuals who experience
the event and those who do not experience it during the
follow-up period, referred to as censored observations.
The Kaplan—Meier method describes the probability of
remaining event-free or experiencing the event over
time.!! Median survival time, the time point at which
the survival probability falls to 50%, is often reported
alongside the Kaplan-Meier curve, provided sufficient
events have occurred to reach that threshold (Table 1).

Table 1. Descriptive analysis.

. Statistical Typical . Main statistics to
Objective . Key assumptions
method predictor(s) report

CONTINUOUS OUTCOME
Describe normal/symmetric  Mean, SD, None Approximately symmetric; Mean, SD
distribution data Variance no extreme outliers
Describe non-normal/skewed Median, IQR None No distributional assumption Median, IQR
distribution data
BINARY OUTCOME
Describe a binary outcome Proportion None Clearly defined denominator; Proportion,

independent observations Percentage
Describe a binary outcome Proportion None Defined population and time Prevalence
(existing cases) point/period
Describe a binary outcome Proportion None Population at risk; defined follow- Incidence proportion

(new cases)

up period

Describe a binary outcome Incidence rate
(new cases) per follow-up

time

Exposure time

Population at risk; accurately Incidence rate

measured person-time

Describe odds of having Odds None Clearly defined binary outcome; Odds

outcome vs. not having independent observations

outcome

ORDINAL OUTCOME

Describe an ordinal outcome  Frequency None Mutuall'y exclusive, ordered Frequencies,
categories Percentages

NOMINAL (MULTINOMIAL) OUTCOME

Describe nominal outcome . . Frequencies,

. Frequency None Mutually exclusive categories

categories Percentages

COUNT OUTCOME

Describe counts of events Mean, SD, None Approximately symmetric; Mean count, SD

(approximately symmetric Variance no extreme outliers

data)

Describe counts of events Median, IQR None No distributional assumption Median count, IQR

(skewed data)

Describe counts of events Event rate Exposure time  Accurately measured event counts Event rate

per follow-up time

and person-time
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Table 1. Descriptive analysis (cont.).

Statistical
method

Typical
Objective y.p
predictor(s)

. Main statistics to
Key assumptions
report

TIME-TO-EVENT (SURVIVAL TIME)

Describe time to event, Kaplan-Meier None Events/censoring times accurately Survival probabilities
accounting for censoring (KM) estimate/ recorded; censoring is non- at time points;
curve informative (independent of event survival curve
risk)
Summarize typical time to Median survival None Sufficient events observed for Median survival time

event time (from KM)

median cross 0.5 survival)

SD: Standard deviation. IQR: interquartile range.

Comparisons between Groups

When comparing an outcome among groups, two
hypotheses are specified: the null hypothesis (e.g., Ho:
the outcomes in Groups 1 and 2 are equal) and the
alternative hypothesis (e.g., H,: the outcomes differ).
Statistical hypothesis testing uses observed data to
determine whether to reject or not reject Hy. A Type I
error occurs when a true Hy is rejected, whereas a Type
II error occurs when a false H, is not rejected. The
probability of a Type I error is controlled by the
prespecified significance level (a), and the p-value is
compared with a to make the decision. Among tests
using the same a, the preferred test is the one more
likely to detect a true difference; that is, the test with
greater statistical power.>?

For continuous outcomes, the choice of statistical
method depends partly on assumptions about the
distribution of the parameter or outcome in the
underlying population. Parametric methods make
assumptions about population parameters and their
distributions, commonly including an approximately
normal distribution, homogeneity of variance across
groups, and independence of observations. Classical
parametric tests for comparing independent groups
include the independent-samples t-test and analysis of
variance (ANOVA).5312-14

Nonparametric methods, sometimes called
distribution-free methods, make fewer assumptions
about population parameters and their distributions.
They are useful for ordinal or ranked data, skewed
data,
influential outliers. These methods generally compare
ranks or distributions rather than means; examples
include the Mann—Whitney U test, Wilcoxon signed-
rank test, Kruskal-Wallis test, and Friedman test.
Data distributions may be assessed using Q—Q plots,

histograms, and tests such as the Shapiro—Wilk test.!%16

continuous small samples, or data with

The appropriate test also depends on the study design.
require  between-subject
pre—post and repeated-

Independent  groups

comparisons, whereas
measures designs require methods that account for
correlated observations from the same individuals.
Examples include the paired-samples t-test for two
time points and repeated-measures ANOVA for
multiple time points. Designs involving both group and
time comparisons may use two-way repeated-
measures ANOVA.!"® Repeated-measures ANOVA
assumes sphericity, meaning that the variances of the
differences between all pairs of repeated outcome
measurements over time are equal. If this assumption
is violated, corrections such as Greenhouse—Geisser or
Huynh-Feldt are applied to the degrees of freedom,
thereby adjusting the p-value of the F-test.!”

Researchers may also compare outcomes between
groups while adjusting for other variables that could
influence the outcome, such as confounders. These
variables are included in the analysis as covariates.
When one or more quantitative continuous are
included as covariates in an ANOVA model, the
method is called analysis of covariance (ANCOVA).1?
ANCOVA is itself a form of regression model. When
several covariates or more flexible adjustments are
needed, multiple regression is commonly used, as
discussed in the next section.

When groups are compared across multiple related
outcomes measured at the same time (such as physical,
mental, and social health), multivariate analysis of
variance (MANOVA) may be used. MANOVA extends
ANOVA by analyzing the outcomes jointly. Its
extension that also adjusts for covariates is called
multivariate analysis of covariance (MANCOVA).?°

For categorical outcomes, the chi-square test is
commonly used to compare proportions among groups.
It is based on a cross-tabulation of the group and
outcome variables and assesses whether the observed
cell frequencies differ from those expected under the
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null hypothesis of no association. Pearson’s chi-square
test is commonly used for independent groups. When
expected cell frequencies are small, Fisher’s exact test
is preferred. For paired binary outcomes, such as
measurements before and after an intervention in the
same individuals, McNemar’s test is used.?"-??

For count outcomes, comparisons between groups are
commonly based on the Poisson distribution. Poisson
methods compare observed event counts or rates with
those expected under the model, rather than comparing
raw counts alone. A key assumption is that the mean
and variance of the count outcome are equal. When this
assumption is violated and the variance exceeds the
mean (overdispersion), negative binomial methods are
used instead. When observation times differ, event rates

are compared by accounting for each group’s time at
risk. Methods include the Poisson rate test and related
Wald or exact tests. When adjustment for covariates is
required, Poisson regression may be applied .2

Regardless of the outcome type, comparisons among
three or more groups usually begin with an overall
(omnibus) test. A significant result indicates only that
at least one group differs from another, not that all
groups differ. Post-hoc pairwise comparisons may then
identify the differing groups, with adjustment for
multiplicity (the increased risk of false-positive results
from multiple tests). Common approaches include the
Bonferroni method for controlling the family-wise
error rate and the Benjamini—Hochberg method for
controlling the false discovery rate (Table 2).1516:18

Invited article

Table 2. Comparisons between groups or conditions.

Objective

Statistical method

Typical
predictor(s)

Key assumptions

Main statistics to
report

CONTINUOUS OUTCOME

Compare one sample with  One-sample t-test None Independent observations; Mean difference
a reference value approximately normal outcome

Compare two independent Independent t-test Binary Approximately normal; Mean difference
groups independent; equal variance

Compare two independent  Mann—Whitney U, Binary Independent groups; similarly Rank difference

groups nonparametrically

or Wilcoxon rank-
sum test

(Median difference
only if distributions
equally shaped)

shaped distributions

Compare paired

Paired t-test

Time or paired

Approximately normal paired Mean difference

observations condition differences
Compare paired Wilcoxon signed- Time or paired Paired observations; Rank or median
observations rank test condition approximately symmetric difference
nonparametrically differences
Compare more than two One-way ANOVA Categorical Approximately normal; Mean differences,
independent groups independent; equal variance F statistic
Compare more than two Kruskal-Wallis test Categorical Independent observations; Rank differences
groups nonparametrically similar distribution shapes
Compare repeated Repeated-measures Time Approximately normal residuals; Mean differences,
measurements ANOVA sphericity (apply Greenhouse- F statistic
Geisser/ Huynh-Feldt correction if
violated)
Compare repeated Friedman test Time Matched observations; ordinal or  Rank differences
measurements continuous outcome
nonparametrically
Compare groups while ANCOVA Group and Linear covariate effect; equal Adjusted mean
adjusting for covariates covariates slopes; normal residuals; equal difference
variance
Compare groups across MANOVA Group Multivariate normality; equal Wilks’ A, Pillai’s
multiple correlated covariance matrices; trace
outcomes independence
Compare multiple MANCOVA Group and MANOVA assumptions; linear Adjusted
outcomes while adjusting covariates covariate effects; equal slopes multivariate effect

for covariates

https://doi.org/10.59096/0sir.v19i3.284849 |4 of 24



OSIR September 2026, Volume 19, Issue 3, Article no. 284849

Table 2. Comparisons between groups or conditions (cont.).

Invited article

Typical

Main statistics to

Objective Statistical method . Key assumptions
predictor(s) report
BINARY OUTCOME
Compare one One-sample proportion None Binomial distribution; Difference in
proportion with a test independent observations proportion
reference value
Compare two Chi-square test Categorical Independent observations; Association; crude
independent groups Expected cell counts 25 in RD, PR, RR, or OR
>80% of cells can be calculated
from the
crosstabulation
table
Compare two Fisher’s exact test Categorical Independent observations; Association; crude

independent groups
with small samples

suitable for small expected
counts

RD, PR, RR, or OR
can be calculated

from the
crosstabulation
table
Compare paired binary  McNemar test Time or paired Paired observations; binary Matched
outcomes condition outcome proportion
difference
Compare more than Chi-square test Categorical Independent observations; Overall association
two independent expected cell counts 25 in
groups >80% of cells
Compare groups across  Mantel-Haenszel test Stratified Similar effect across strata Common OR or
strata while controlling categorical RR
for a categorical predictors
confounder
Assess trend across Cochran—Armitage trend  Ordered Ordered groups; independent  Trend statistic
ordered groups test categorical observations
predictor

ORDINAL OUTCOME
Compare two groups

Mann-Whitney U test

Binary group

Independent observations;
ordinal outcome; similar
distribution shapes

Rank difference

Compare more than
two groups

Kruskal-Wallis test

Categorical group

Independent observations;
similar distribution shapes

Rank difference

Compare paired
ordinal observations

Wilcoxon signed-rank
test

Time or paired
condition

Paired observations;
approximately symmetric
differences

Rank difference

Compare repeated
ordinal observations

Friedman test

Time or repeated
condition

Matched repeated
observations; ordinal outcome

Rank difference

NOMINAL (MULTINOMIAL) OUTCOME

Compare proportions
across nominal
categories

Chi-square test

Categorical group

Independent observations;
expected cell counts 25 in
>80% of cells

Overall association

COUNT OUTCOME
Compare counts or
event rates

Poisson test (or Poisson
regression if adjusting
for covariates)

Group or
exposure-time
variable

Independent Poisson events;
mean=variance (use negative
binomial if overdispersed)

Rate ratio or rate
difference

ANOVA: analysis of variance. ANCOVA: analysis of covariance. MANOVA: multivariate analysis of variance. MANCOVA: multivariate analysis of

covariance. RD: risk difference. PR: prevalence ratio. RR: risk ratio (relative risk). OR: odds ratio.
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Association and Regression Analysis

Two variables are associated when variability in one
can be partly explained by the other.5 Correlation
measures the strength and direction of association
between two variables: positive values indicate
movement in the same direction, whereas negative
values indicate movement in opposite directions.>%2*
However, correlation does not establish causality. A
causal relationship occurs when changes in an
independent variable cause changes in a dependent
variable.’>?>? Variables may be strongly correlated
without being causally related, or causally related
without being correlated.®

Several correlation coefficients can be selected
according to the nature of the data.’” Pearson’s
correlation (r) measures the linear relationship
variables that are
normally  distributed.
correlation (p or ry) 1is a

between two continuous

approximately  bivariate
Spearman’s rank
nonparametric alternative that measures a monotonic
(consistently increasing or decreasing), but not
necessarily linear, relationship using ranked data.
Other coefficients include Kendall’s tau (1) and the phi
coefficient (¢). These coefficients range from -1 to +1:

0 indicates no association, while +1 and -1 indicate

perfect  positive and negative associations,
respectively.
Regression analysis examines the relationship

between a dependent variable and one independent
variable (simple regression) or several independent
variables (multiple regression).®??¢ The same
regression equation can serve different purposes,
depending on the research objective and how its results
are interpreted: (1) predicting average or future
outcome values from specified predictors; (2) exploring
associations between an outcome and potential risk
factors; or (3) testing whether a specific risk factor is
associated with the outcome after adjusting for

potential confounders.

Linear, logistic, and Poisson regression belong to the
generalized linear model (GLM) family and share a
common linear predictor, (By + B:X; + ...).24282°
However, they link this predictor to the outcome
differently. Predictors
categorical, whereas the regression model is selected

may be continuous or
mainly according to the outcome type: continuous for
linear, binary or categorical for logistic, and count for
Poisson regression.

When the outcome is continuous and approximately
normally distributed, linear regression can be used to
fit a straight-line relationship: Y = By + B:1X; + B.X;, +

.+ BuX, + =&
represents the expected change in Y for a one-unit

increase in its predictor while holding the others
24

Here, By is the intercept, each B

constant, and & is the error term.?* However,
relationships between variables are not always
straight and may follow curved or nonlinear patterns.
These patterns can be identified using scatterplots,
smoothers such as LOESS, and residual-versus-fitted
plots.?® They may be modeled using polynomial terms,
including quadratic terms for U-shaped or inverted-U
relationships; a log-linear transformation (regressing
the logarithm of Y on X) for growth or decline at a
constant percentage rate; or logarithmic functions for
rapid initial change that gradually slows. Although
polynomial regression models curves, it remains a form
of linear regression because it is linear in its
coefficients.

When the dependent variable is categorical, logistic
regression may be used. Binary logistic regression is
appropriate for an outcome with two categories,
usually coded 0 and 1, and models the natural
logarithm of the odds that Y=1: Logit (Py) = In(Py / (1
- Py)) = Bo + B1 X1 + B2X; + ... + BuXy, Where Py is the
probability that the outcome occurs and In denotes the
natural logarithm. Each B represents the change in the
log-odds for a one-unit increase in the predictor,
holding other predictors constant. Exponentiating the
coefficient (ef) gives the corresponding odds ratio
(OR).2831 Multinomial logistic regression is used for
three or more unordered categories, whereas ordinal
logistic regression is used for three or more ordered
categories.

When the dependent variable is count data (non-
negative integers) assumed to follow a Poisson
distribution, Poisson regression models the natural
logarithm of the expected value of the outcome:
In(expected value of Y) = By + B1X; + B2X5 + ... + BnXy.
Exponentiating B (e?) gives an expected count ratio or,
when an exposure-time offset is included, an incidence
rate ratio (IRR). Standard Poisson regression assumes
equal mean and variance; negative binomial
regression accommodates overdispersion; zero-inflated
Poisson regression handles excess zeros; zero-
truncated Poisson regression applies when zeros
cannot occur or are excluded; and hurdle regression
separately models zero versus positive counts and the

distribution of positive counts (Table 3).29:3233
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Table 3. Association and regression modelling

Invited article

Objective

Statistical method

Typical predictor(s)

Key assumptions

Main statistics to
report

CONTINUOUS OUTCOME

Assess association
between two
continuous variables

Pearson correlation

Continuous

Linear relationship;
approximate normality; no
major outliers

Pearson’s r

Assess a non-normal
or monotonic
association

Spearman correlation

Continuous or
ordinal

Monotonic relationship; paired
observations

Spearman’s p

Predict a continuous
outcome using one
predictor

Simple linear
regression

One predictor

Linearity; independent errors;
constant variance; normal
residuals

Unadjusted

Predict a continuous
outcome using
multiple predictors

Multiple linear
regression

Multiple predictors

Linearity; independent errors;
constant variance; normal
residuals; limited collinearity

Adjusted B

Determine whether an
effect differs by
another variable

Linear regression
with interaction

Multiple predictors

Linear-model assumptions;
correctly specified interaction

Interaction

Assess mediation Linear mediation Exposure, mediator Correct causal model; no Direct and
analysis and covariates unmeasured confounding indirect effects (B)

Model nonlinear Polynomial Continuous Appropriate polynomial form; Polynomial B

relationships regression, (or other linear-model assumptions coefficients
nonlinear models)

Model flexible Restricted cubic Continuous Sufficient data; appropriate Spline estimates

nonlinear effects

spline regression

number and placement of knots

or predicted
effect curve

BINARY OUTCOME

Estimate the effect of Simple logistic Continuous or Independent observations; Odds ratio (OR)
one predictor regression categorical linearity of the logit
Estimate adjusted Multiple logistic Multiple Linear logit; limited collinearity;  Adjusted OR

effects of multiple regression enough outcome events

predictors

Analyse matched case- Conditional logistic Matched case- Correct matching; independent  Matched OR

control data regression control predictors matched sets

Analyse rare outcomes  Exact logistic Multiple Sparse data; correctly specified  OR

or sparse data regression model

Reduce overfitting Penalized logistic Multiple Appropriate penalty tuning; Penalized OR

from correlated regression: LASSO, predictor scaling when needed

predictors Ridge or Elastic Net

Model nonlinear Logistic regression Continuous Adequate observations across Adjusted OR or

predictor effects with splines the predictor range; predicted
appropriate knots probabilities

Assess mediation Logistic mediation Exposure, mediator Correct causal model; no Direct and

analysis

and covariates

unmeasured confounding

indirect effects
(OR)

Determine whether an
effect differs by
another variable

Logistic regression
with interaction

Multiple

Correct interaction
specification; logistic-model
assumptions

Interaction OR
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Table 3. Association and regression modelling (cont.).

Invited article

Objective

Statistical method

Typical predictor(s)

Key assumptions

Main statistics to
report

ORDINAL OUTCOME

Assess monotonic
association

Spearman correlation

Ordinal or
continuous

Monotonic relationship; paired
observations

Spearman’s p

Model predictors of an

ordinal outcome

Ordinal logistic
regression

Continuous and/or
categorical

Proportional odds; independent
observations; no severe
multicollinearity

Common OR

Handle partial
proportional-odds
violations

Partial proportional
odds model

Continuous and/or
categorical

Proportional odds holds for
some but not all predictors

Predictor-specific
OR

NOMINAL (MULTINOMIAL) OUTCOME

Predict nominal

Multinomial logistic

Continuous and/or

Independent observations;

Relative risk ratio

outcome categories regression categorical limited collinearity; lI1A when (RRR)
applicable
Classify nominal Linear Discriminant Multiple continuous  Multivariate normality; equal Classification
outcome groups Analysis predictors covariance matrices; accuracy;
independence posterior
probability
Classify groups with Quadratic Multiple continuous  Multivariate normality; group- Classification
unequal covariance Discriminant Analysis  predictors specific covariance matrices; accuracy;
matrices adequate sample size posterior
probability
COUNT OUTCOME

Model count outcomes

Poisson regression

Continuous and/or

Equidispersion; independent

Incidence rate

categorical; observations; correct log-linear  ratio (IRR)
exposure offset if relationship
needed

Model overdispersed Negative binomial Continuous and/or Overdispersion; independent IRR

counts

regression

categorical;
exposure offset if
needed

observations; correct mean
structure

Model excess zero
counts

Zero-inflated Poisson
regression, or
Negative binomial

(if overdispersion)

Predictors for count
and zero
components

Two latent processes; structural
zeros; Poisson or negative
binomial count component
(depending on choice)

Count-model IRR;
zero-model OR

Model no zero count

Zero-truncated
Poisson, or Negative
binomial (if
overdispersion)

Predictors for count
outcome (zero
values excluded)

No zero values in the data;
correct mean structure fory >0

Count-model IRR

Model zero and
positive counts
separately

Hurdle Poisson or
negative binomial
model

Predictors for hurdle
and positive-count
components

Separate zero and positive-
count processes

Hurdle-model OR;
positive-count IRR

OR: odds ratio. LASSO: least absolute shrinkage and selection operator. RRR: relative risk ratio. IRR: incidence rate ratio.
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Repeated-measures,
Clustered Data Analysis

Longitudinal or

The terms multivariate and multivariable are often
used interchangeably in the literature, although this
distinction is overlooked.  Strictly,
multivariate analysis involves multiple outcome
variables, whereas multivariable analysis examines
one outcome using multiple predictor variables.3
Longitudinal data analysis applies to data collected

commonly

over time. When observations are repeatedly collected
from the same individuals, it is called repeated-
measures data analysis.?*?% Because observations from
the same individual may be correlated, it may also be
called correlated data analysis.

In repeated-measures data, measurement times or
conditions are nested within each individual. In
clustered data, individuals are nested within clusters,
such as patients within hospitals or students within
schools. Both have hierarchical structures in which
observations are not independent and are therefore
forms of correlated data.?”*® Consequently, repeated-
measures and clustered data can often be analyzed
using similar statistical methods. Several techniques
are available for analyzing these data structures.

As previously mentioned in the section on comparisons
between groups, repeated-measures ANOVA is used
for a normally distributed continuous outcome
measured in the same individuals under three or more
conditions or at multiple time points. Its sphericity
assumption should be checked and, if violated, an
appropriate correction should be applied. Significant
overall results may be followed by post hoc tests, such
as Bonferroni-adjusted pairwise comparisons.?’

Multilevel mixed models analyze repeated-measures
and clustered data and can accommodate multiple
clustering levels, such as repeated measurements
within patients nested within clinics. They include
fixed effects, representing the general relationship
between predictors or exposures and outcomes, and
random effects, representing subject- or cluster-
specific deviations. Thus, they provide both a general
equation and specific equations for individual subjects
or clusters. The two classic forms are random-intercept
models, allowing different starting outcome levels, and
random-slope models, allowing the relationship
between predictors or exposures and outcomes to differ
across subjects or clusters. Mixed models extend
linear, logistic, and Poisson regression from one
independent outcome observation per individual to

multiple correlated outcome observations.*02

Generalized estimating equations (GEE) similarly
extend linear, logistic, and Poisson regression to
multiple correlated outcome observations. Unlike
mixed models, GEE uses a working correlation matrix
(an assumed pattern of correlation among repeated
outcomes) to account for correlations among outcomes
rather than modeling fixed and random effects. It
provides one population-average equation, rather than
subject- or cluster-specific equations, and generally
accommodates one clustering level. Common working
correlation include  independence,
exchangeable, and unstructured.

structures

autoregressive,
Correct specification improves efficiency, while robust
standard errors can support valid inference when the
correlation structure is misspecified.*4

While mixed models and GEE examine predictor—
outcome relationships, other methods for repeated
categorical outcomes focus on states or groups and
how individuals move between them over time. A
Markov model estimates the probability of moving
between observed states, such as from mild to severe,
or from severe to recovered. A first-order Markov
model assumes that the next state depends only on
the current state, not on earlier history.*® Latent
transition analysis (LTA) estimates how individuals
remain in or move between unobserved groups over
time.*” It is based on latent class analysis (LCA,
discussed later), which identifies these unobserved
groups from patterns across several categorical
indicators.4®

Time-series data are observations recorded
sequentially over time, often aggregated into regular
intervals (e.g., weekly dengue case counts). Because
nearby observations are often correlated
(autocorrelation), specialized methods are needed to
examine trends, forecast future values, or evaluate
interventions.?*® Exponential smoothing forecasts by
giving more weight to recent values and can account
for trend and seasonality. Interrupted time-series
regression estimates whether an intervention
produces an immediate level change or a change in
trend. ARIMA combines autoregression (AR: prediction
from past values), integration (I: differencing the data
to remove trends to achieve stationarity), and moving
average (MA: prediction using past forecast errors).
SARIMA extends ARIMA to model seasonality
(regular patterns that repeat daily, monthly, or
yearly), whereas ARIMAX adds external predictors (X
variables) that may influence the outcome; for
example, rainfall and temperature may help explain or

forecast weekly dengue case counts (Table 4).495°
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Table 4. Repeated-measures, longitudinal or clustered data.

Invited article

Main statistics to

Objective Statistical method Typical predictor(s) Key assumptions report
CONTINUOUS OUTCOME
Compare changes over  Repeated- Time; group; Continuous outcome; F statistic,
time within and/or measures ANOVA  (Time x Group independent subjects; partial n% adjusted
between groups interaction) approximately normal means
residuals; sphericity
Estimate subject- or Linear mixed- Fixed and random Correct random- Subject-specific

cluster-specific effects

effects model

effects

effects/covariance structure;
approximate normality

Estimate population-
average effects

GEE with Gaussian
distribution

Time, treatment and
covariates

Correct mean model;
appropriate working
correlation; independent
clusters

Population-average 3

BINARY OUTCOME
Estimate subject- or
cluster-specific effects

Mixed-effects
logistic regression

Multiple predictors and
random effects

Correct random-effects
structure; conditional
independence

Subject-specific OR

Estimate population-
average effects

GEE logistic
regression

Time, treatment, time
x treatment and
covariates

Appropriate correlation
structure; correct mean
model; adequate clusters

Population-average
OR

Estimate subject- or
cluster-specific
incidence-rate effects

Mixed-effects
Poisson regression
with log (person-
time) offset

Time, treatment,
covariates, exposure
time and random
effects

Correctly specified person-
time offset; conditional
equidispersion; correct
random-effects structure

Subject- or cluster-
specific IRR

Estimate cluster-
specific risk or
prevalence ratios
(for cross-sectional
study)

Mixed-effects
modified Poisson
regression with
robust SE, or
mixed-effects log-
binomial
regression

Individual- and cluster-
level predictors plus
random effects; no
time offset

Binary outcome; correct
random-effects structure;
conditional independence;
robust SE for modified
Poisson

Cluster-specific RR
or PR

Estimate population-
average incidence-rate
effects

GEE; Poisson
regression with
log(person-time)
offset

Time, treatment,
covariates and
exposure time

Correct mean model and
offset; appropriate working
correlation; independent

clusters; adequate number of

clusters

Population-average
IRR

Estimate population-
average risk or
prevalence ratios

Modified Poisson
GEE with robust
SE, or GEE log-
binomial
regression

Time, treatment and
covariates; no time
offset

Binary outcome; correct mean

model; appropriate working
correlation; independent

clusters; adequate number of

clusters

Population-average
RR or PR

ORDINAL OUTCOME
Estimate subject-
specific effects for
repeated ordinal
outcomes

Mixed ordinal
logistic regression

Time, treatment,
covariates and random
effects

Proportional odds; correct
random-effects structure;
conditional independence

Subject-specific OR

Estimate population-
average effects for
correlated ordinal
outcomes

GEE ordinal
logistic regression

Time, treatment and
covariates

Proportional odds;
appropriate working
correlation; sufficiently large
sample

Population-average
OR
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Table 4. Repeated-measures, longitudinal or clustered data (cont.).

Invited article

Objective

Statistical method

Typical predictor(s)

Key assumptions

Main statistics to
report

NOMINAL (MULTINOMIAL) OUTCOME

Estimate subject-
specific effects for
clustered nominal
outcomes

Mixed
multinomial
logistic regression

Individual- and cluster-
level predictors plus
random effects

Correct random-effects
structure; conditional
independence within clusters

Subject-specific
RRR

Estimate population-
average effects for
correlated nominal

GEE multinomial
regression

Time, treatment and
covariates

Appropriate working
correlation; sufficiently large
sample

Population-
average RRR

outcomes

COUNT OUTCOME

Model clustered Mixed-effects Individual- and cluster- Equidispersion conditional on  Subject-specific
counts Poisson regression level predictors plus random effects; correct IRR

random effects

random-effects structure

Model clustered
overdispersed counts

Mixed-effects
negative binomial
regression

Individual- and cluster-
level predictors plus
random effects

Overdispersion; correct
random-effects structure;
conditional independence

Subject-specific
IRR

Model correlated
counts

GEE Poisson or
negative binomial
regression

Time, treatment,
exposure and covariates

Appropriate working
correlation; correct mean
model; independent clusters;
robust standard errors

Population-
average IRR

Model clustered
counts with excess
zeros (mixture of
structural and
sampling zeros)

Zero-inflated
mixed-effects
Poisson/negative
binomial model

Predictors for the zero
and count components
plus random effects

Defensible mixture of
structural and count-
generating zero sources;
correct count distribution and
random-effects structure

Count-component
IRR; zero-
component OR or
probability

Model clustered
counts with excess
zeros (single zero-
generating process)

Hurdle mixed-
effects
Poisson/negative
binomial model

Predictors for the zero
and count components
plus random effects

All zeros arise from one binary
process; positive counts follow
a zero-truncated distribution;
correct random-effects
structure

Count-component
IRR (zero-
truncated); zero-
component OR or
probability

GENERAL LONGITUDINAL CATEGORICAL OUTCOMES

Model transitions
between states

Markov model

Current state, previous
state, time, treatment
and covariates

Markov property; correctly
specified transition structure

Transition
probabilities or
transition OR/RR

Identify longitudinal
latent classes

Latent Transition
Analysis

Repeated categorical
indicators and covariates

Local independence;
measurement invariance
when assumed; correct
number of classes

Class and
transition
probabilities

TIME-SERIES MODELS
Estimate a linear
change in the outcome
over time

Linear trend
regression

Time

Correct functional form;
independent or appropriately
modeled errors

B coefficient for
time

Estimate individual or

Growth curve

Time, treatment,

Correct mixed-model and

Initial status,

group growth model covariates, and a covariance structure; growth-rate
trajectories over time subject/cluster ID for appropriate growth form; parameters,
repeated measures normal residuals/random variance
effects components
Forecast future values  ARIMA Time-ordered outcome Stationary after differencing; AR coefficients,
using past values and series (equally spaced) correct AR/MA orders; MA coefficients,
errors residuals near white noise forecasts
Forecast time-series ARIMAX Time-ordered outcome Stationary after differencing; B coefficients,
values while adjusting series and external correct ARIMA form; valid AR/MA
for external predictors predictor(s), equally external predictors parameters,
spaced forecasts

ANOVA: analysis of variance. SE: standard error. GEE: generalized estimating equation. PR: prevalence ratio. RR: risk ratio. IRR: incidence rate

ratio. OR: odds ratio. RRR: relative risk ratio. AR: autoregression. MA: moving average.
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Time-to-event Analysis

Time-to-event data differ from continuous data
because they consider both whether and when an
event occurs and may include censored observations.
Censored individuals remain event-free at their last
follow-up but still contribute information until that
time. Therefore, specialized methods are needed to
analyze event timing and censoring.5®? As a
descriptive statistic, the Kaplan—-Meier method
estimates the survival function, S(t), the probability
of remaining event-free beyond time t, while the log-
rank test compares survival functions between

groups. 1?3

The Cox proportional hazards model is a classic
semiparametric regression method for time-to-event
data. It models the hazard function, h(t), the
instantaneous risk of an event at time t among
individuals who remain event-free: h(t|X) = hy(t) x
exp(B1X; + B2X; + ...). The baseline hazard, hy(t), is
unspecified, while exponentiated coefficients (e®) are
interpreted as hazard ratios (HRs). For example, an
HR of two for treatment means that, at any given time,
the treated group has twice the hazard of experiencing
the event compared with the reference group, among
individuals who are still event-free and holding other
covariates constant. This does not mean twice the
overall probability of experiencing the event. The key
assumption is proportional hazards: the HR remains
constant over time.5+%

In contrast, parametric survival models assume a
specific distribution for survival times: exponential for
a constant hazard; Weibull for a hazard that increases
or decreases over time; Gompertz for a hazard that
increases or decreases exponentially with time; and
log-normal or log-logistic for a non-monotonic hazard
that may rise and then fall. These models are useful
for extrapolating survival beyond observed data and
describing the hazard shape. Many can also be
formulated as accelerated failure time (AFT) models,
in which the effect measure is a time ratio indicating
whether a predictor accelerates or decelerates time to
the event, rather than a hazard ratio.®® However,
parametric models are used less often than the Cox
model.?15

Standard time-to-event analysis generally considers
only one type of event. A competing risk is an event
that prevents the primary event from occurring; for
example, death
subsequent cardiovascular death.’” Two common

non-cardiovascular prevents
regression approaches are the cause-specific hazard
model, which examines factors affecting the event rate
among individuals currently event-free, and the Fine—
Gray subdistribution hazard model, which examines
factors affecting the cumulative incidence, the actual
probability of the event over time in the presence of
competing events. The Fine—Gray model is generally
recommended when the goal is individual risk
prediction or prognosis, whereas the cause-specific
hazard model is preferred for understanding etiology,
since it more directly reflects a covariate's biological
effect on the event rate.5"

When an individual experiences the same event
repeatedly over time, the data are called recurrent-
event data. Ignoring these events loses information,
while events within the same individual are correlated.
Several models, often called multiple-failure-time
models, are available depending on the research
assumptions.®%2 The Andersen—Gill model extends
Cox regression and assumes that recurrent events are
conditionally independent given the covariates. The
Prentice—Williams—Peterson (PWP) model accounts
for event order and may reset time after each event.
The Wei-Lin—Weissfeld (WLW) model analyzes each
event number as a separate marginal outcome. Frailty
models include person-specific random effects to
capture differences in event susceptibility. Rate or
mean-function models, such as Poisson, negative
binomial, and Lin—Wei—Yang—Ying models, focus on
event frequency or burden.

Multistate survival analysis extends standard time-to-
event analysis by modeling transitions through a
sequence of health or disease states over time. Instead
of one endpoint, individuals may follow state
sequences such as Healthy — Relapse — Death or
Diagnosis — Remission — Relapse — Death. The
model estimates transition probabilities between
states and state-occupation probabilities, such as the
probability of being alive and in remission at time t
(Table 5).63
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Table 5. Time-to-event analysis.

Invited article

Objective

Statistical method

Typical predictor(s)

Key assumptions

Main statistics to
report

DESCRIPTIVE SURVIVAL ANALYSIS

Describe survival over
time

Kaplan—Meier
estimator

None

Independent, non-informative
censoring; clear time origin
and event

Survival probability;
median survival

COMPARISON BETWEEN GROUPS

Compare survival
between two or more
groups

Log-rank test

Categorical group

Independent censoring;
similar censoring patterns;
greatest power under
proportional hazards

x%; p-value

Compare groups when
proportional hazards
assumption is violated

Restricted mean
survival time
(RMST)

Categorical group

Independent, non-informative
censoring; pre-specified
truncation time t

RMST difference or
ratio; p-value

Compare groups with Gehan—Breslow— Categorical group Independent censoring; valid X% p-value
greater emphasis on Wilcoxon test group comparison

early events

Compare groups with Tarone—Ware test Categorical group Independent censoring; valid X% p-value

intermediate weighting
of earlier events

group comparison

COX’S PROPORTIONAL HAZARD REGRESSION MODELS

Estimate the effect of
predictor(s) on time to
event

Cox proportional
hazards regression

Continuous or
categorical
predictor(s)

Proportional hazards;
independent censoring;
correct functional form

Hazard ratio (HR)

Estimate subject- or
cluster-specific effects

Mixed-effects or
frailty Cox model

Multiple predictors
and random effects

Proportional hazards
conditional on frailty;
appropriate frailty distribution
and random-effects structure

Subject-specific HR;
frailty variance

Estimate marginal effects Marginal Cox model Individual- and Proportional hazards; Marginal or
for correlated survival with robust cluster-level independent clusters; correct  population-average
outcomes sandwich SE predictors model specification; adequate HR

number of clusters
Allow different baseline Stratified Cox Multiple predictors  Proportional hazards for HR
hazards across strata regression and stratification estimated predictors within

variable strata; unrestricted baseline

hazard across strata

Include predictors that Extended Cox Fixed and time- Correctly measured time- HR

change over time

model with time-
varying covariates

dependent
predictors

dependent predictors;
proportional hazards for fixed
effects

Model effects that
change over follow-up
time

Cox model with
predictor x time
interaction

Multiple predictors
and time
interactions

Correct specification of time
interaction; independent
censoring

Time-varying HR

PARAMETRIC AND FLEXIBLE SURVIVAL MODELS

Model survival assuming
a constant hazard

Exponential
regression

Multiple predictors

Constant baseline hazard;
independent censoring;
correct model specification

HR or time ratio

Model monotonic
increasing or decreasing
hazards

Weibull regression

Multiple predictors

Weibull survival distribution;
independent censoring

HR or time ratio

Model hazards that Gompertz Multiple predictors  Gompertz hazard distribution; HR
change exponentially regression independent censoring

with time

Model survival times Log-normal Multiple predictors  Log-normal survival-time Time ratio
with a log-normal regression distribution; independent

distribution

censoring
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Table 5. Time-to-event analysis (cont.).

Objective Statistical method Ty!)lcal Key assumptions Main statistics to
predictor(s) report
Model survival with a Log-logistic Multiple Log-logistic survival-time Time ratio
non-monotonic hazard regression predictors distribution; independent
pattern censoring
Model complex baseline  Royston—Parmar Multiple Smooth baseline log cumulative HR, survival
hazards flexibly flexible parametric predictors hazard or related scale; difference, or time-
model appropriate spline knots varying effect
Estimate how predictors  Accelerated Failure ~ Multiple Correct survival-time distribution;  Time ratio or
accelerate or delay event Time model predictors multiplicative effect on survival acceleration factor
time time
Estimate the probability =~ Cure model Multiple Mixture or non-mixture cure Cure probability
of long-term cure or predictors structure; identifiable cured and HR or time
immunity from the event fraction; sufficient follow-up ratio
Model hazards that are Piecewise Multiple Constant hazard within pre- HR
constant within intervals  exponential predictors specified intervals; independent
but vary across intervals regression censoring
RECURRENT-EVENT ANALYSIS (MULTIPLE FAILURES MODELS)
Model repeated events Andersen—aGill Multiple Proportional hazards; no unmeasurec HR
using a counting-process  model predictors within-subject dependence beyond
approach covariates; robust SE for within-subje
correlation
Model ordered recurrent  Prentice-Williams—  Multiple Ordered events; subjects enter Event-specific HR
events conditionally on Peterson model predictors risk set after prior event;
prior events proportional hazards
Estimate marginal effects  Wei—Lin—Weissfeld Multiple Marginal event-specific Event-specific
for each recurrent-event  model predictors processes; robust variance for marginal HR
order within-subject dependence
Model the total number  Poisson or negative ~ Multiple Correct count distribution; Incidence rate ratio

of events during follow-up

binomial regression

predictors and
exposure time

appropriate exposure offset;

(IRR)

independent or appropriately
clustered observations

COMPETING-RISK ANALYSIS

Estimate the effect of Cause-specific Cox Multiple Proportional cause-specific Cause-specific HR
predictors on a specific regression predictors hazards; competing events
cause of failure treated as censored for cause-

specific modelling
Estimate the effect of Fine—Gray Multiple Proportional subdistribution Subdistribution HR
predictors on cumulative  subdistribution predictors hazards; independent censoring
incidence hazards model
MULTI-STATE AND CENSORED-DATA MODELS
Model movement Multi-state model Multiple Correct transition structure; Transition
through multiple clinical predictors Markov or semi-Markov probability;
or disease states assumption as specified transition HR
Analyse events known Interval-censored Multiple Correct interval definition; HR or time ratio
only to occur within a survival regression predictors appropriate parametric or

time interval

semiparametric model;
independent censoring mechanism

SE: standard error.

Factor Analysis and Path/Causal Models

In research, variables may be observed (manifest) or
latent. Observed variables are measured directly, such
as test scores, survey responses, or ratings. Latent
variables are unobservable theoretical constructs (e.g.,
quality of life, anxiety, intelligence, attitude, or

motivation) that are inferred from patterns across
several related observed
measured by a single question.®

indicators rather than

Factor analysis is a multivariate technique that
identifies latent factors explaining the correlations
among observed variables. There are two main types.
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Exploratory factor analysis (EFA) allows the data to
reveal the underlying structure; for example, 10
medication-nonadherence questionnaire items may
form two factors: intentional and wunintentional
nonadherence. Confirmatory factor analysis (CFA)
tests a prespecified structure; for example, whether 15
items represent three health domains (physical,
mental, and social health) with five items per domain.
CFA can also be used to assess the construct validity

of research instruments.%%-57.

Path analysis and structural equation modeling (SEM)
examine networks of relationships among multiple
variables simultaneously, extending beyond simple
regression with one outcome and its predictors.5®
Predictors are called exogenous variables, whereas
variables predicted within the model are endogenous
variables. For example, demographics such as sex, age,
and illness may predict anxiety and quality of life
(QoL), while anxiety may also predict QoL. The model
therefore estimates direct paths: demographics —
anxiety, demographics — QoL, and anxiety — QoL, as
well as an indirect path: demographics — anxiety —
QoL. Note that a variable can be endogenous with
respect to one path and exogenous with respect to

another: here, anxiety is endogenous relative to
demographics (since demographics predict it) but
exogenous relative to QoL (since it predicts QoL),
meaning anxiety also functions as a mediating variable
between demographics and QoL.

Path analysis only observed (measured)

variables, without latent constructs, and therefore

uses

does not separate measurement error from the

constructs of interest. In the example above,
questionnaire items are summed to obtain anxiety and
QoL scores, and all variables in the model are treated

as observed variables.

While path analysis uses only directly measured
(observed) variables, SEM includes both observed
variables and latent variables, the latter inferred from
multiple SEM has
components: a measurement model, which uses CFA to

observed indicators. two
link latent constructs to their observed indicators, and
a structural model, which uses path analysis to specify
the hypothesized relationships among the latent
constructs. In the example above, anxiety and QoL are
treated as latent constructs measured by
questionnaire items, while their relationships are

examined through the structural model (Table 6).65-7

Invited article

Table 6. Factor analysis, path/causal models, and time-series analysis.

Typical data, or

Main statistics to

Objective Statistical method predictor(s) Key assumptions report
FACTOR ANALYSIS
Reduce multiple Principal component  Multiple variables Adequate correlation Components,
correlated variables analysis (PCA) structure; variables measured  component loadings,
into fewer components on compatible scales eigenvalues

Identify underlying
latent constructs

Exploratory factor
analysis (EFA)

Multiple variables

Adequate correlations; sufficient
sample size; appropriate
extraction and rotation

Factor loadings,
communalities,
eigenvalues

Confirm a hypothesized
latent structure

Confirmatory factor
analysis (CFA)

Multiple observed
indicators

Prespecified model; adequate
sample size; appropriate
estimator; acceptable model fit

Standardized
loadings, CFI, TLI,
RMSEA, SRMR

PATH AND CAUSAL MODELS

Estimate linked direct
and indirect effects
among observed
variables

Path analysis
(observed variables
only)

Observed exposures,
mediators, outcomes
and covariates

Prespecified causal order;
linear relations; independent
errors; adequate sample

Standardized path
coefficients; direct,
indirect and total
effects

Estimate structural
relationships among
observed and latent
variables

Structural equation
modeling (SEM)

Multiple observed
and latent variables

Correctly specified and
identified model; adequate
sample; suitable distribution

Path coefficients,
direct and indirect
effects, model-fit
indices

Estimate how an exposure
affects an outcome

Linear mediation or
path analysis

Exposure, mediator,
outcome, and

Correct time order; no major
unmeasured confounding;

Direct effect,
indirect effect, total

through a mediator covariates correct models effect
Determine whether a Linear regression Predictor, Linear-model assumptions; Interaction B
predictor effect differs with interaction moderator, and correctly specified interaction; coefficient
by a moderator predictor x adequate data across

moderator moderator levels

CFl: comparative fit index. TLI: Tucker—Lewis index. RMISEA: root mean square error of approximation. SRMR: standardized root mean square residual.
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Classification and Clustering Analysis
Methods

Researchers may use several variables to determine
which group an individual belongs to. When groups are
predefined (e.g., infected vs. uninfected or treatment
success vs. failure), supervised methods predict group
membership. When groups are not defined in advance
(e.g., identifying patient subtypes from clinical or
laboratory profiles), unsupervised methods uncover
hidden subgroups based on patterns in the data.

Supervised classification methods include logistic
regression, discriminant analysis, K-nearest neighbors
(KNN),
Logistic regression can estimate the probability that

classification trees, and random forests.
an individual belongs to a binary or categorical group
from one or more predictors. For binary outcomes, the
individual is then assigned to a group using a chosen
probability threshold, commonly 0.5, although another
threshold may be selected. For outcomes with more
than two categories, individuals are typically assigned
to the group with the highest predicted probability.”

Discriminant analysis separates known groups using
the predictor variables. Parametric approaches include
linear discriminant analysis (LDA) and quadratic
discriminant analysis (QDA), which generally assume
multivariate normality within groups. LDA finds the
linear combination of variables that best separates
groups, while QDA allows a more flexible, curved
decision boundary by permitting each group its own

covariance structure. Nonparametric classifiers do not
require this assumption of multivariate normality. The
KNN method classifies an individual based on the
majority class among its k nearest neighbors, where k
is the specified number of neighbors considered.
Classification trees split observations into groups
using a series of if-then decision rules on the
predictors. Random forests aggregate predictions from
many classification trees to improve accuracy and
stability.”>"

Unsupervised approaches include cluster analysis and
model-based mixture methods. Hierarchical clustering
progressively combines or separates observations and
displays the resulting structure in a dendrogram. K-
means clustering requires the number of clusters, k, to
be specified and assigns each observation to the
Both methods seek high
similarity within clusters and low similarity between

nearest cluster center.

clusters.”™

Model-based clustering assumes that the data arise
from a mixture of probability distributions and
estimates each individual's probability of belonging to
each subgroup. The number of subgroups is commonly
selected using model-fit criteria such as the Akaike
information criterion (AIC) and Bayesian information
criterion (BIC). Latent class analysis (LCA) uses
categorical indicators, latent profile analysis (LPA)
uses continuous indicators, and mixed-indicator
mixture models accommodate both categorical and

continuous indicators (Table 7).76-78
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Table 7. Classification and clustering analysis methods.

Objective

Statistical method

Typical data, or
predictor(s)

Key assumptions

Main statistics to
report

GROUP MEMBERSHIP KNOWN: CLASSIFICATION

Predict membership
in predefined groups

Logistic regression:
binary, multinomial,

Continuous and/or
categorical

Independent observations;
correct model form; no

ORs with 95% Cls,
predicted probabilities,

or ordinal predictors; known severe multicollinearity accuracy, sensitivity,
outcome groups specificity, and AUC
Classify observations  LDA; QDA Continuous and/or LDA: multivariate normality Confusion matrix,

into predefined
groups (parametric)

categorical
predictors; known
group membership

and equal covariance
matrices across groups; QDA:
multivariate normality
(covariance matrices allowed
to differ across groups)

accuracy, sensitivity,
specificity, AUC, and
cross-validated
performance

Classify observations
into predefined
groups (non-
parametric)

KNN; classification
tree;
random forest

Continuous and/or
categorical
predictors; known
group membership

KNN: appropriate scaling and
distance metric; trees/RF:
appropriate complexity
control (e.g., pruning, depth,
number of trees) to avoid
overfitting

Confusion matrix,
accuracy, sensitivity,
specificity, AUC, and
cross-validated
performance
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Invited article

Main statistics to
report

Table 7. Classification and clustering analysis methods (cont.).

Typical data, or

Statistical method predictor(s)

Objective Key assumptions

GROUP MEMBERSHIP UNKNOWN: CLUSTERING

Identify naturally Cluster analysis: Continuous,

occurring groups hierarchical, categorical, or
k-means mixed variables

Cluster number and
size, centroids,
dendrogram, and
silhouette coefficient
Class proportions,

Appropriate scaling and
similarity measure; suitable
number of clusters

Identify unobserved LCA Mainly categorical Local independence;

groups from

indicators; optional

appropriate number of item-response

response patterns covariates classes probabilities, entropy,
AIC, and BIC
Identify unobserved LPA Continuous Conditional normality and Profile proportions,

profiles from
continuous response

patterns covariates

indicators; optional
class-membership

indicator means and
variances, posterior
probabilities, entropy,
AIC, and BIC

local independence;
appropriate number of
profiles

Mixed-indicator
mixture model

Identify unobserved
groups from mixed
response patterns

continuous

covariates

Both categorical and

indicators; optional

Appropriate distribution for
each indicator; local
independence; appropriate
number of groups

Group proportions,
category-response
probabilities, indicator
means and variances,
posterior probabilities,
entropy, AIC, and BIC

OR: odds ratio. Cl: confidence interval. AUC: area under the curve. LDA: linear discriminant analysis. QDA: quadratic discriminant analysis. KNN:
K-nearest neighbors. AIC: Akaike information criterion. BIC: Bayesian information criterion (also called the Schwarz information criterion). LCA:

latent class analysis. LPA: latent profile analysis.

Reliability and Validity of Research Instruments

Because measurement tools (e.g., scales, questionnaires,
and diagnostic tests) generate study data, unreliable
or invalid tools can directly compromise study
findings.” Measurement quality depends mainly on
reliability and validity, and instrument development
aims to minimize measurement error.’%8! Reliability
to the consistency or reproducibility of
measurements and includes internal consistency,
stability over time and equivalence across raters.

refers

Validity refers to whether an instrument measures its
intended construct and includes face, content, criterion
(concurrent or predictive), and construct wvalidity
(convergent or discriminant).

Internal consistency, also called homogeneity
reliability, can be assessed using Cronbach’s alpha or
the Kuder-Richardson formulas. Cronbach’s alpha is
the most widely used measure of internal consistency
for multi-item scales, particularly those with Likert-
type or continuous items. It is based on the variance of
individual items relative to the variance of the total
score. Alpha increases when items are more strongly
correlated, but may also increase simply by adding
more items. Kuder—Richardson Formula 20 (KR-20) is
a special case of Cronbach’s alpha for dichotomous
items, such as right/wrong or yes/no, and allows item
difficulty to vary. Kuder—Richardson Formula 21

(KR-21) is a simpler version that assumes

approximately equal item difficulty but is less accurate
when this assumption is violated.?28

For the reliability of continuous measurements, scores
may be obtained by measuring the same individuals on
different occasions (test—retest stability) or by having
different raters assess the same individuals (inter-
rater equivalence). Pearson's correlation or the
intraclass correlation coefficient (ICC) may be used.
Pearson’s correlation assesses only whether two sets of
scores vary together linearly, whereas the ICC
assesses their consistency or agreement and is
therefore generally preferred. A one-way model is used
when individuals are assessed by different randomly
selected raters, whereas a two-way model is used when
all individuals are assessed by the same raters or
undergo the same measurement on different occasions.
A two-way random-effects model allows generalization
beyond the raters studied, whereas a two-way mixed-
effects model applies only to the specific raters or
measurement occasions included. For two-way models,
ICC forms further differ according to whether
reliability is based on a single measurement or the
average of several measurements and whether
consistency or absolute agreement is required.?

Correlation can be misleading when assessing
agreement because two methods or measurements may
be highly correlated despite constant or proportional

systematic bias. For example, if a new device always
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reads 10 mmHg higher than the reference device at
every level of blood pressure, the two would correlate
almost perfectly (r=1) even though they never agree.
Correlation shows whether measurements vary together,
whereas Bland-Altman analysis quantifies how much
they differ and whether the disagreement is consistent,
making it commonly used to determine whether a new
measurement method agrees sufficiently with an
established method to replace it, such as two laboratory
assays measuring the same substance in blood.®

For inter-rater reliability of categorical measurements,
commonly used statistics include percent agreement
and the kappa statistic. Kappa assesses the extent to
which raters assign observations to the same categories.
Unlike simple percent agreement, which may be
inflated by chance agreement, kappa adjusts the
observed agreement for agreement expected by
chance.?® For continuous measurements, inter-rater
reliability is generally assessed using the ICC, as
described above.

Content validity is commonly assessed during
questionnaire development to ensure that the items
adequately cover the intended content. It uses expert
judgment rather than statistical patterns in respondent
data. The item-level content validity index (I-CVI)
evaluates the relevance of each item, while the scale-
level content validity index (S-CVI) evaluates the
overall scale. The content validity ratio (CVR) uses a
different calculation to assess whether an individual

item is considered essential.®”

Construct validity assesses whether the items represent
the intended abstract theoretical construct, such as
anxiety or quality of life. It can be evaluated using
confirmatory factor analysis (CFA), which uses
respondent data to test the hypothesized factor
previous
Confirmation of the proposed construct should be
reported using standardized factor loadings, composite
reliability, and model-fit indices, including chi-square
(x?), comparative fit index (CFI), Tucker—Lewis index
(TLI), root mean square error of approximation
(RMSEA), and standardized root mean square residual
(SRMR).

structure mentioned in the section.

For criterion validity in diagnostic testing, a new test is
compared with a gold standard or valid reference
standard, which may not be perfect but is the best
practicable method available.® The
produces true-positive (TP), true-negative (TN), false-
positive (FP), and false-negative (FN) results.
Sensitivity and specificity measure diagnostic accuracy
relative to the reference standard, while positive and
negative predictive values indicate the probability of
having or not having the condition given the test
result.®% When a new test yields a continuous score
rather than a binary result, a cut-off must be chosen to
classify individuals as positive or negative. For
quantitative tests, a receiver operating characteristic
(ROC) curve plots sensitivity against (1-specificity)

comparison

across possible cut-offs, and the area under the curve
(AUC) indicates how well the test distinguishes
individuals with and without the condition (Table 8).°!

Table 8. Reliability and validity of research instruments.

Objective Statistical method

Typical data

Main statistics to

Key assumptions
v P report

RELIABILITY
Assess internal
consistency

Cronbach’s alpha

Multi-item scale with
continuous or Likert-type

Iltems measure the same Alpha coefficient

construct; errors are not

items strongly correlated

Assess internal KR-20 Dichotomous items Iltems measure one KR-20 coefficient
consistency of binary scored 0/1 construct; item difficulties
items may differ
Estimate binary-item KR-21 Dichotomous items Iltems have roughly similar KR-21 coefficient
consistency using mean scored 0/1 difficulty; stronger
difficulty assumptions than KR-20
Assess reliability of ICC Continuous scores from Appropriate ICC model ICC
continuous repeated measurements selected (e.g., two-way
measurements or raters random effects, absolute

agreement vs. consistency);

stable subjects; similar

measurement conditions
Assess agreement Bland—Altman Two methods or repeated  Differences are Mean bias and
between two analysis continuous approximately normal; no limits of
continuous measurements trend in differences agreement
measurements
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Table 8. Reliability and validity of research instruments (cont.).

Invited article

Objective

Statistical method

Typical data

Key assumptions

Main statistics to
report

Assess agreement
between two raters for

Cohen's kappa
(weighted kappa

Two raters; nominal or
ordinal categories

Independent subjects; same
categories used by both

Kappa coefficient

categories for ordinal raters
categories)
Assess agreement Fleiss’ kappa Three or more raters; Independent subjects; Kappa coefficient

among multiple raters

categorical ratings

comparable rating process

VALIDITY / DIAGNOSTIC ACCURACY

Assess content validity
of questionnaire

Content validity
index (CVI); CVR

Expert panel ratings of
item relevance/ clarity
(typically 3—10 experts,
ordinal relevance scale
(e.g., 1-4)

Experts are qualified in the
content domain; adequate
panel size; items rated
independently

I-CVI, S-CVI; CVR
per item

Confirm construct of CFA Multi-item scale with Prespecified factor structure  Model fit indices

the questionnaire continuous, ordinal, or based on theory; adequate (x?, CFI, TLI,
Likert-type items; model fit; no major cross- RMSEA, SRMR);
adequate sample size loadings or correlated standardized
(commonly =200 or 210 errors; sufficient sample size  factor loadings;
cases per item) relative to model composite

complexity

Assess ability to detect  Sensitivity Test result compared with  Valid reference standard; Sensitivity =

true positives a reference standard representative participants TP/(TP+FN)

Assess ability to detect  Specificity Test result compared with  Valid reference standard; Specificity =

true negatives a reference standard representative participants TN/(TN+FP)

Assess probability that

Positive predictive

Positive test results

Depends on disease

PPV = TP/(TP+FP)

a positive test is correct  value (PPV)

prevalence in the study
population

Assess probability that Negative predictive  Negative test results Depends on disease NPV =

a negative test is value (NPV) prevalence in the study TN/(TN+FN)
correct population

Assess overall ROC curve and AUC  Continuous or ordinal test Independent observations; AUC, optimal cut-

discrimination across
cut-offs

compared with a
reference standard

valid reference standard off, sensitivity

and specificity

KR-20: Kuder-Richardson formula 20. KR-21: Kuder-Richardson formula 21. ICC: intraclass correlation coefficient. CVR: content validity ratio. I-CVI:
item-level content validity index. S-CVI: scale-level content validity index. CFA: confirmatory factor analysis. CFl: comparative fit index. TLI: Tucker—
Lewis index. RMSEA: root mean square error of approximation. SRMR: Standardized root mean square residual. TP: true-positive. TN: true-

negative. FP: false-psitive. FN: false-negative. PPV: positive predictive value. ROC: receiver operating characteristic curve. AUC: area under the

curve.

Key Take-away Message

In this article, I have summarized the classic approach
to statistical methods and mapped out some paths
through this statistical forest. However, the wider
forest also includes other approaches, such as
Bayesian statistics and machine learning. Each group
of methods serves a different purpose. To choose the
right one, we first need to know what we want to
answer and what kind of data we have. Nowadays, Al
can help us select a method, perform the analysis, and
even interpret the results, but statistical knowledge
remains essential. We must still decide whether the
Al-suggested method is appropriate, understand why

it was selected, and interpret and use the results
correctly. Al can suggest a path, but we must
understand where it leads.
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