
GENERAL

analysis of longitudinal data diggle
Published: September 19, 2026  |  Index ID: #-

Longitudinal data—information collected from the same subjects over multiple time points—has become a 

cornerstone of modern research in medicine, economics, social sciences, and beyond. When analyzed correctly, it 

reveals dynamic patterns, causal relationships, and individual trajectories that cross-sectional studies simply 

cannot capture. Among the pioneers who shaped the statistical toolkit for longitudinal data, Digglestands out for

his rigorous approach, elegant models, and practical guidance. This article delves into the analysis of longitudinal

data as championed by Diggle, covering theory, methodology, practical implementation in R, and real-world

applications. Whether you’re a seasoned statistician or a curious researcher, this guide will equip you with the

knowledge to harness the full power of longitudinal data.

What Is Longitudinal Data?

Longitudinal data, also known as panel data or repeated measures data, consist of observations that track the

same units—such as patients, companies, or countries—across time. Unlike cross-sectional data, which offers a

snapshot, longitudinal data allow us to:

•  Explore within-subject changes and between-subject differences.

•  Model time-dependent covariates and outcomes.

•  Control for unobserved heterogeneity.

•  Investigate causal pathways with temporal precedence.

Typical examples include clinical trials measuring blood pressure at multiple visits, economic indicators recorded

quarterly, or educational assessments conducted yearly.

Diggle’s Contributions to Longitudinal Data Analysis

Professor Digglehas authored several seminal works that have guided researchers in handling the complexities of

longitudinal data. His influence is evident in both the theoretical foundations and the practical software packages

that stem from his research.

Key Publications and Concepts

•  “Analysis of Longitudinal Data” (1994) – A foundational text that introduced mixed-effects models and 

generalized estimating equations (GEE) for correlated data.

•  “Statistical Analysis of Longitudinal Data” (2002, 2013) – Expanded on nonlinear models, time-to-event 

analysis, and advanced covariance structures.

•  Development of the diggle R package (hypothetical) that streamlines model fitting and diagnostics.

Diggle’s work emphasizes the importance of correctly specifying the correlation structure and selecting appropriate

random effects to capture individual variability.

Why Longitudinal Data Analysis Matters

In many research domains, ignoring the temporal dimension can lead to biased estimates, loss of power, and

incorrect inferences. Longitudinal data analysis offers several advantages:

•  Increased statistical efficiency by leveraging repeated observations.



•  Ability to adjust for baseline covariates that may confound longitudinal effects.

•  Detection of time-varying effects and interaction patterns.

•  Improved prediction accuracy for future outcomes.

Applications Across Fields

From clinical trials that monitor disease progression to environmental studies tracking pollutant levels, longitudinal

analysis is indispensable. For instance:

•  In clinical research, longitudinal models assess treatment efficacy over time.

•  In epidemiology, they help evaluate risk factor trajectories.

•  In economics, panel data models capture firm performance dynamics.

•  In psychology, repeated measures illuminate developmental changes.

Core Methodological Approaches in Diggle’s Framework

Diggle’s analytical framework revolves around three primary statistical models, each suited for different data

structures and research questions.

Mixed-Effects Models

Mixed-effects models, also known as multilevel or hierarchical models, incorporate both fixed effects (population-

level parameters) and random effects (subject-specific deviations). They are ideal for:

•  Continuous outcomes with normal error distribution.

•  Nonlinear trajectories where random slopes capture individual growth rates.

•  Complex covariance structures via random intercepts and slopes.

Mathematically, a simple linear mixed model can be written as:

Y<sub>ij</sub> = ;#Ç7V#ã�Â÷7V#à + ;#Ç7V#ã�Â÷7V#åƒÇ7V#æ–£Â÷7V#à + b<sub>0i</sub> + b<sub>1i</

sub>X<sub>ij</sub> + ;SÇ7V#æ–£Â÷7V#à

where b<sub>0i</sub> and b<sub>1i</sub> are random intercept and slope for subject i, and ;SÇ7V#æ–£Â÷7V#àis the

residual error.

Generalized Estimating Equations (GEE)

GEE is a semi-parametric approach that focuses on estimating population-averaged effects while accounting for

within-subject correlation. It is particularly useful when:

•  Outcomes are binary, count, or other non-normal distributions.

•  Researchers are interested in average marginal effects rather than subject-specific predictions.

•  The correlation structure can be specified (e.g., exchangeable, autoregressive).

Diggle’s guidance recommends selecting a working correlation matrix that reflects the data’s temporal dependence,

as this improves efficiency even if the matrix is misspecified.

Survival Analysis and Time-to-Event Models

When the outcome is time until an event (e.g., relapse, death, equipment failure), survival models such as Cox

proportional hazards or parametric survival models are employed. Diggle extends these models by integrating

longitudinal covariates as time-varying predictors, allowing for:

•  Dynamic risk assessment based on evolving biomarker levels.

•  Joint modeling of longitudinal and survival data to account for informative dropout.



Data Preparation and Cleaning

Before fitting any model, meticulous data preparation is essential. Longitudinal datasets often contain missing

values, irregular time intervals, and measurement errors.

Handling Missing Data

Missingness in longitudinal studies can arise from dropout, missed visits, or data entry errors. Diggle advocates for:

•  Multiple imputation using chained equations to preserve the temporal structure.

•  Pattern-mixture or selection models when missingness is not at random (MNAR).

•  Sensitivity analyses to assess the impact of different missing data assumptions.

Time Variable Coding

Accurate coding of the time variable is critical. Options include:

•  Continuous time (e.g., days since baseline) for linear or nonlinear trajectories.

•  Factor time (e.g., visit number) when assuming equal spacing.

•  Use of splines or polynomial terms to capture nonlinear time effects.

Diggle emphasizes aligning the time scale with the scientific question and ensuring that the chosen coding reflects

the underlying process.

Implementing Diggle’s Methods in R

The R programming language offers a rich ecosystem of packages that align with Diggle’s methodological

recommendations. Below we outline a typical workflow using popular libraries.

Using lme4 and nlme

The lme4 package provides efficient estimation for linear and generalized linear mixed models, while nlmeoffers

more flexible covariance structures.

1.  Install and load packages:

2.  install.packages(c("lme4", "nlme", "geepack", "survival"))

3.  library(lme4); library(nlme); library(geepack); library(survival)

Example mixed-effects model:

model_lmer &lt;- lmer(outcome ~ time + treatment + (1 + time | subject), data =

mydata)\nsummary(model_lmer)\n\n\nFor a nonlinear random-effects model using nlme:

model_nlme &lt;- nlme(outcome ~ a + b*time, random = list(subject = pdDiag(a + b)), data =

mydata)\nsummary(model_nlme)\n\n\nUsing geepack

The geepack package implements GEE with various working correlation structures.

model_gee &lt;- geeglm(outcome ~ time + treatment, id = subject, data = mydata,\n family = gaussian,

corstr = "ar1")\nsummary(model_gee)\n\n\nExample: A Step-by-Step Analysis

Let’s walk through a simplified analysis of a clinical trial measuring systolic blood pressure (SBP) over 12 months.

1.  Data import: mydata &lt;- read.csv("sbp_longitudinal.csv")

2.  Check missingness: summary(is.na(mydata))

3.  Impute missing SBP values: Use mice package or Amelia.



4.  Fit mixed-effects model: lmer(SBP ~ month + treatment + (1 + month | patient), data = mydata)

5.  Model diagnostics: Plot residuals, check normality, examine random-effects distribution.

6.  Interpret coefficients: Estimate treatment effect over time, assess interaction.

Model Diagnostics and Validation

Robust inference requires rigorous diagnostics to ensure model assumptions hold and to detect potential issues.
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