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Multivariate longitudinal data structure 
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The sources of  the correlation within each subject: 

 

• Within outcome over time  

• Within time among outcomes 

• Across outcomes and times  

 

 

 



Research Aims 

1) Reducing many outcomes into one summary outcome which requires a unique set 

of  regression coefficients          (O'Brien and Fitzmaurice, 2004)  

2) Analyzing each outcome separately which requires a set of  regression coefficients 

for each outcome        (Shelton et al., 2004)  

3) Analyzing the outcomes jointly which requires a set of  regression coefficients for 

each outcome and the joint between them         The proposed method 
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Research Aims 
 

1) Reducing many outcomes into one summary outcome which requires a unique set 

of  regression coefficients          𝑔(𝐸 𝑌𝑖𝑡𝑘) =  𝑋𝑖𝑡 𝛽 

2) Analyzing each outcome separately which requires a set of  regression coefficients 

for each outcome             𝑔(𝐸 𝑌𝑖𝑡𝑘) =  𝑋𝑖𝑡𝑘  𝛽𝑘
𝐾
𝑘=1  

3) Analyzing each outcome jointly which requires a set of  regression coefficients for 

each outcome and the joint between them         The proposed method 
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 The Proposed Method    

 

Let 𝑌1~ Bernolli(𝜋1), 𝑌2~ Bernolli(𝜋2), …. 𝑌𝐾~ Bernolli(𝜋𝐾) 

 

Encoding 
 

It is a transformation from 

binary coding system to 

decimal coding system 2𝐾 
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 The Proposed Method    

 

Using   23 transformation 
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 The Proposed Method    

 

Decoding 
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The Comparison 

 

Encoding Step: 
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Application  

 

• The Florida Dental Care Study (FDCS) 

• The sample size is 873 subjects 

• There are three binary outcomes that were measured over four time intervals 

(0-6, 6-12, 12-18, 18-24 months) 

𝑌1= Problem oriented visit , 𝑌2=Check up, 𝑌3=Dental cleaning 
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Application  

 

Covariate Definition 

IRA (1) The subject goes to a dentist regularly or occasionally whether or not has a 

problem, (0) The subject did go to a dental check-up once a year or more often in the 

previous 5 years.  

 

Gender (1) Female, (0) Male. 

Cavit (1) The subject reported having cavities (tooth decay) in the previous 6 months, (0) if  

not.  

Loose (l) The subject had a loose tooth, (0)had not 

Able (1) The subject able to pay unexpected US$  500  dental bill, but with difficulty, (0) not 

able to pay  
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Application  

 
Model 1: 𝑙𝑜𝑔 𝐸(𝑌𝑖𝑡𝑘) =  𝛽0 + 𝛽1𝑋𝐼𝑅𝐴 + 𝛽2𝑋𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽3𝑋𝑐𝑎𝑣𝑖𝑡 + 𝛽4𝑋𝑙𝑜𝑜𝑠𝑒 + 𝛽5𝑋𝑎𝑏𝑙𝑒 

Model 2 : 𝑙𝑜𝑔 𝐸(𝑌𝑖𝑡𝑘) =  𝛽𝑘0 + 𝛽𝑘1𝑋𝐼𝑅𝐴 + 𝛽𝑘2𝑋𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽𝑘3𝑋𝑐𝑎𝑣𝑖𝑡 + 𝛽𝑘4𝑋𝑙𝑜𝑜𝑠𝑒 + 𝛽𝑘5𝑋𝑎𝑏𝑙𝑒
𝐾
𝑘=1  

Model 3: 𝑙𝑜𝑔𝑖𝑡 𝐸(𝑍𝑖𝑡) =  𝛽𝑗0 + 𝛽𝑗1𝑋𝐼𝑅𝐴 + 𝛽𝑗2𝑋𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽𝑗3𝑋𝑐𝑎𝑣𝑖𝑡 + 𝛽𝑗4𝑋𝑙𝑜𝑜𝑠𝑒 + 𝛽𝑗5𝑋𝑎𝑏𝑙𝑒
𝐽
𝑗=1  
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Application  
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Application  
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Application  
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Application  

 

 

• The effect of  each covariates on the responses varies over the three models.  

• The most significant covariates over the three models are Cavity, Loose 

tooth, and the ability to pay an unexpected US$500 dental bill, but with 

difficulty. 
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Conclusion  

Model 1: The estimated covariates effects are one for all outcomes.  

           less parameters while accounting for the multivariate structure. 

Model 2: The covariates effects are estimated for each outcomes. 

          analyze the effects of  the covariates on the outcomes separately  

Model 3: Estimating the effects of  the covariates for each joint case of  
all the outcomes.  

          deeper analysis for the joint distribution of  the multivariate 
longitudinal data.  
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Conclusion  

Method 3 Cons: 

• Limited to a small number of  outcomes 

• Estimation a lot of  parameters especially when there are a 

lot of  covariates.  
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Thank you 
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