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The Data Problem

Spike at Zero

Many respondents report zero consumption —
absolute, not missing.

Right-Skewed Tail

Those who do drink span a wide range;
A few consume very large quantities.

Continuous Scale

Values like 0.7, 20.8, 50.1 alcohol units — not integers.



Why Traditional Approaches Fail

✗ Standard Linear Regression (Ordinary Least Squares)

Assumes normally distributed residuals.
Right-skewed zero-inflated data violates this immediately.
Predicted values can be negative.

✗ Log-transformation of raw data — log(y + 1)

Adding 1 is an arbitrary choice that distorts the outcome.
Produces funnel-shaped residuals (heteroscedasticity).
Back-transformation via “exp()” is biased: E[exp(log Y)] ≠ E[Y].

✗ Zero-Inflated Count Models (e.g., Zero-Inflated Negative Binomial, Zero-inflated Poisson)

Designed for integers — hospital visits, event counts.
UK alcohol units are continuous decimals.
Applying a count model to non-integer data is mathematically invalid.



Enter the Tweedie Distribution

A compound Poisson-Gamma process — two behaviours, one model

Poisson
Component

Whether to drink
at all this week?

Outputs integers/counts like zeros

+

Gamma
Component

Given drinking occurred,
how much?

Outputs continuous right-skewed 
positive values

=

Tweedie
Distribution

Handles zeros 
AND

Continuous right-skewed positive data

Single model · No data splitting · One set of coefficients · One variance structure



The Power Variance (Tweedie) Family
Tweedie is actually a big family: Normal (Gaussian), Poisson, Gamma and inversed Gaussian distributions.
All share the mean-variance relation: 𝑽𝒂𝒓 = 𝝓 ⋅ 𝝁𝒑.  p (psi or ψ) stands for variance power.
This family and other distributions (e.g., Negative Binomial) constitute Exponential Dispersion Family (= Generalised Linear Models).
Generalised Linear Mixed Models (GLMMs) are multilevel/multivariable Generalised Linear Models (GLMs).

O U R  Z O N E

1 < p < 2

p = 0

Normal

p = 1

Poisson

p = 2

Gamma

p = 3

Inv. Gaussian

Undefined
(0 < p < 1)

Normal (p = 0)

Constant variance

Standard linear regression 

Poisson (p = 1)

Var = Mean

Count/integer data

Tweedie distribution 
(1 < p < 2)

Flexible mean-variance relation

Right-skewed semi-continuous

Gamma (p = 2)

Var ∝ Mean²

Right-skewed positive continuous

No one use in real-world
(2 < p < 3)



99% Scenarios: Tweedie + Log-Link

Do not log the raw data.  Log the link.  Use the build-in function of packages.

Log-Scale Predictor
Xβ

Can be any number:
−3.5, 0, +2.1…

No constraint.

Real Value
μ = exp(Xβ)

Always strictly positive.

Meaningful means or rate ratios.

Plus real zeros in
Tweedie distribution

Y

Log-link guarantees the predicted value is only positive.
The Tweedie distribution then add actual observed zeros.
They operate at different levels but come together in almost any real-world analyses.

Log-Link
back-transform



Why Not a Hurdle (Two-Part) Model under Frequentist?

Hurdle / Two-Part Model

Part 1: Logistic regression
→ Odds ratios and predicted probabilities of event occurrence

Part 2: Gamma/Lognormal regression
→ Rate ratios and means when events occurred

Two separate parts
Two sets of coefficients

In GLMMs (e.g., intersectional MAIHDA):
Doubles the coefficient sets and random effect structures

Likely covariance and no model convergence
Result interpretation is fragmented into two scenarios

Tweedie MAIHDA GLMM

ONE modelling part
ONE go for intersectional strata (can be many!)

ONE set of coefficients
ONE set of random effects

No covariance between random effect variance structures

Stable model convergence for each stratum

Clean, interpretable results without conditional scenarios



Hands-On: Your Coding Environment

Dataset

“SHeS_Masterclass_Synthetic.csv”

Generated using “synthpop”:
preserves the joint distribution, zero 
proportion, and right-skewed tail of the 
real 2017 SHeS cohort.

Real SHeS cannot be shared under 
relevant data governance.

Key R Packages

“glmmTMB”
— Tweedie MAIHDA GLMM fitting

“easystats”
— model_parameters()
— icc() for variance/inequality structures
— compare_parameters()

Install according to your:
“Tweedie_Masterclass_Script.R”

Download Data and Script

https://github.com/shaofenxu/Tweedie-
GLMM-Practical.git

https://github.com/shaofenxu/Tweedie-GLMM-Practical.git
https://github.com/shaofenxu/Tweedie-GLMM-Practical.git
https://github.com/shaofenxu/Tweedie-GLMM-Practical.git
https://github.com/shaofenxu/Tweedie-GLMM-Practical.git
https://github.com/shaofenxu/Tweedie-GLMM-Practical.git


L I V E  C O D I N G  P R A C T I C A L

Switch to RStudio

01
Explore the Data

hist(shes_data$drating) — confirm zero spike and right tail

02
Null MAIHDA Model

m_null: extract VPC via icc() — how much variance sits between strata?

03
Full MAIHDA Model

m_main: add Sex, age_group, SIMD — compare_parameters(), VPC, PCV

04
Check Variance Power p

Confirm 1 < p < 2 — this parameter tells if the distribution is correctly chosen

05
Interpret Predicted Values

model_parameters(m_main, exponentiate = TRUE) — Rate Ratios and Means



T H E  H O N E S T  T R A D E - O F F

Tweedie is elegant — but not perfect.

Key Limitation

Tweedie assumes the probability of the outcome occurring and its intensity are driven in the same direction by every covariate.
If occurrence increased but intensity decreased (or vice versa), Tweedie will average over these opposing effects and miss both 
mechanisms. In that situation, a Hurdle model provides more nuanced insights.

Check your research question

Focus on population averages? Use Tweedie: no scenario.
Focus on behavioural mechanisms? Use Hurdle: two scenarios.

Questions?    [x.xu.2@research.glasgow.ac.uk]
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