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What are count data?

In statistics, count data represent a type of data, in which the observations can

take only the non-negative integer values {0, 1, 2, 3, ...}, and where these

integers arise from counting rather than ranking.

• Relation to binomial/binary data



Why count data?

o Next Generation Sequencing, such as RNA-Seq, generates count data.

Common RNA-seq workflow (from bgisequence.com)

o Common in biomedical and clinical research, for example, the number of 

hospitalizations in a given time period



Parametric distributions to model counts

• Poisson

• Negative Binomial

• Separate semi-parametric methods from parametric methods: quasi-

likelihood Poisson



Poisson distribution

• The probability mass function of Poisson distribution:

• Poisson is a one parameter distribution (λ) 

• λ is the mean or expected value of a Poisson distribution

• λ is also the variance of a Poisson distribution

• In real count data, it is very common that variance>>mean, called as 

over-dispersion, and we should use alterative method, such as negative 

binomial or quasi-likelihood Poisson



Over-dispersion



Detect over-dispersion

• Parametric method:

Goodness-of-fit

• Semi-parametric method: 

Quasi-likelihood 



Detect over-dispersion
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Longitudinal data in clinical trials

• Modern clinical trials usually last for a long time, and even for decades.

• Repeated measures on the same patients 

• Missing data are very common 



A real data project example



First outcome: Social Problem Profile
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First outcome: Social Problem Profile



Second outcome: Social Competence Profile
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Second outcome: Social Competence Profile



Second outcome: Social Competence Profile



Related publication



A Clinical Publication



Media Coverage



Longitudinal data modeling

• Generalized Linear Mixed-effect Model (GLMM)

𝒚 = 𝑿𝜷 + 𝒁𝒖 + 𝜺/𝒍(𝑬(𝒚)) = 𝑿𝜷 + 𝒁𝒖

𝒚 is a known vector of observations, with mean E 𝒚 = 𝑿𝜷;

• Generalized Estimating Equations (GEE)

 

𝑖=1

𝑁
𝜕𝜇𝑖𝑗
𝜕𝛽𝑘
𝑉𝑖
−1
{𝑌𝑖 −𝜇𝑖(𝛽)} = 0

• Non-parametric methods



Longitudinal counts: GLMM v.s. GEE



Longitudinal counts: GLMM v.s. GEE

Real date analysis using COMBINE, a multi-site clinical trial conducted from

2001 to 2004 on 1383 individuals with alcohol dependence. Two primary

outcomes of the study were (1) days of no heavy drinking (2) days of no drinking,

which were collected at baseline, weeks 8 (visit 1), 16 (visit 2) and 26 (visit 3).

We are interested to know the primary outcomes’ changes since baseline after

adjusted by some demographic variables (not shown).

Days of no heavy drinking

Days of no drinking



Reader’s Comments



Longitudinal counts: GLMM v.s. GEE

• GEE is more robust to distribution mis-specification while GLMM is more

sensitive to distribution assumption.

• For Poisson, the most common violation of distribution assumption is over-

dispersion.

• For most available SAS procedures and R packages to model GLMM, one

could address the over-dispersion by changing the setting accordingly.

• How reliable are they?



Over-dispersion in longitudinal counts



Over-dispersion in longitudinal counts

Small within subject 

correlation (ρ<0.05),

No over-dispersion



Over-dispersion in longitudinal counts

Small within subject 

correlation (ρ<0.05),

over-dispersion = 5



Over-dispersion in longitudinal counts
No over-dispersion over-dispersion = 5
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What are other challenges in overdispersed
longitudinal counts?

• Detect over-dispersion in longitudinal counts.

• A robust non-parametric method not relying on distribution assumption?

• How to address missing data?



Detection of over-dispersion for  
longitudinal counts



Functional response model (FRM)



Functional response model definition



Extension to longitudinal data



Theorem 1



Application of theorem 1: detect over-
dispersion

By specifying the matrix K appropriately, we could test various hypothesis.



Application of theorem 1 to testing 
other hypotheses



Simulation result: Type I error

Correlation between time points: ρ=0.2



Simulation result: power

O.D=2)
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Introduction to data missing



Extension to missing data



Extension to missing data



Extension to missing data



Simulation result with missing: power

O.D=1.5)



Two major problems using Poisson

• Over-dispersion

• Zero-inflation 



Why to discuss zero-inflation?

Chr Start End GC 01D 01G 02D 02G 03D 03G 04D 04G 05D 05G

3 183528262 183528361 38 53 65 95 103 92 80 56 65 71 64

3 183528362 183528371 6 20 43 52 58 54 51 39 39 41 31

3 183535143 183535224 47 17 6 12 2 25 3 7 10 3 12

3 183535781 183535880 59 258 253 344 296 427 315 230 292 233 250

3 183535881 183535899 10 123 164 238 177 211 140 126 174 131 152

3 183542934 183543033 76 19 26 11 11 25 7 14 9 4 10

3 183543034 183543133 42 6 8 3 3 10 1 4 2 1 5

3 183543134 183543233 30 0 0 3 0 1 0 0 0 0 1

3 183543234 183543333 72 2 0 4 0 0 0 0 0 0 0

3 183543334 183543335 0 2 0 2 0 0 0 0 0 0 0

10 103534886 103534973 66 7 0 0 9 4 1 3 1 1 1

10 103535496 103535533 24 0 4 0 1 4 2 0 0 0 1

10 103535625 103535657 25 0 0 0 0 1 0 0 0 0 0

10 111674768 111674857 38 0 0 0 0 0 1 0 0 0 0

10 111683159 111683191 20 0 0 0 0 0 0 0 0 0 4

18 48345950 48346049 65 0 0 0 2 1 0 0 0 0 0

18 48346050 48346072 9 0 0 0 0 0 0 0 0 0 0

18 48346266 48346285 12 0 0 0 0 0 1 0 0 0 0

A small piece of real RNA-Seq data (18 of 434480 rows, 5 of 22 subjects) from Acute 

megakaryoblastic leukemia (AML-M7) patients are shown:



Zero-inflated Poisson (ZIP)



A new approach to address zero-inflation



Illustration of the example



New definition of FRM



Extension to regression
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One of future research projects



One of future research projects

Experimental Control



One of future research projects



One of future research projects

Motivating current collaborating project:



One of future research projects
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