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Abstract 

Background: Advancements in statistical methods and sequencing technology 

have led to numerous novel discoveries in human genetics in the past two 

decades. Among phenotypes of interest, most attention has been given to 

studying genetic associations with continuous or binary traits. Efficient 

statistical methods have been proposed and are available for both type of traits 

under different study designs. However, for multinomial categorical traits in 

related samples, there is a lack of widely used efficient statistical methods and 

software.  

Results: We propose an efficient score test to analyze a multinomial trait in 

family samples, in the context of genome-wide association/sequencing studies. 

An alternative Wald statistic is also proposed. We also extend the methodology 

to be applicable to ordinal traits. We performed extensive simulation studies to 

evaluate the type-I error of the score test, Wald test compared to the 



 

 

multinomial logistic regression for unrelated samples, under different allele 

frequency and study designs. We also evaluate the power of these methods. 

Results show that both the score and Wald tests have well-controlled type-I 

error rate, but the multinomial logistic regression has inflated type-I error rate 

when applied to family samples. We illustrated the application of the score test 

with an application to the Framingham Heart Study to uncover genetic variants 

associated with diabesity, a multi-category phenotype. 

Conclusion: Both proposed tests have correct type-I error rate and similar 

power rate. However, because the Wald statistics rely on computer intensive 

estimation, it is less efficient than the score test in terms of applications to large-

scale genetic association studies. We provide computer implementation for 

both multinomial and ordinal traits. 

Keywords: EGEE, score test, wald test, Framingham Heart Study, family 

samples, categorical, multinomial, ordinal, GWAS, sequencing 

Background 

Genetic association tests for continuous or binary phenotypes have 

uncovered many susceptible genes or variants related to diseases. Various 

methods and efficient software have been developed and used for continuous 

and binary traits. For family samples, due to the correlation between relatives 

and violation of the independence assumption of ordinary linear regression, 

some alternative approaches were proposed. For example, Therneau and 

colleagues developed an R package (coxme) implementing linear mixed 



 

 

effects model to evaluate the association between a genetic variant and a 

continuous trait or survival outcome accounting for correlation present in 

family samples. Similar extensions to account for familial correlation using 

mixed effects models have been proposed for gene-based association tests 1. 

The progress in family sample designs have been restricted mostly to 

quantitative traits or binary traits. However, methods are needed to study 

categorical traits with more than two categories in family samples. For 

example, the phenotype diabesity has been defined as a four-category 

(diabetes & obesity, diabetes but no obesity, obesity but no diabetes and no 

diabetes & no obesity) variable constructed jointly from type 2 diabetes and 

obesity. Currently, approaches for genetic association analysis of such 

multinomial traits are limited. Zhang and colleagues 2 proposed a proportional 

odds logistic model which allows for the inclusion of covariates. However, it 

has a few limitations. First, this approach is restricted to nuclear families and 

cannot handle complex family structures. Second, no software implementation 

has been made publicly available. Diao and Lin 3 proposed a general 

framework for linkage and association tests for ordinal traits. Their method 

utilized adaptive Gaussian quadrature to approximate the maximum log-

likelihood and a likelihood ratio test was proposed to test the hypothesis of no 

association between a genetic variant and an ordinal trait of interest. Again, 

this approach also has not been widely used due to lack of computer-efficient 

software and the fact that the likelihood ratio test is computationally intensive. 



 

 

Another possible option is to use the SAS generalized linear mixed models 

(GLMM) procedure, which can incorporate a kinship matrix. However, in real 

applications, the current implementation of the GLMM cannot handle 

extended families due to computational burden. In this paper, we propose a 

computationally efficient score test based on extended generalized estimating 

equations (EGEE) for large-scale genetics studies of multi-category 

phenotypes accounting for familial correlation.  We evaluate our approach 

using simulations and apply it to a genome-wide scan to identify genetic 

variants associated with diabesity, a four-category phenotype, with the healthy 

referent category being no diabetes an no obesity and the unhealthiest 

category,  “diabese” (diabetes and obesity), having a prevalence of at least 

25% in several countries 4. 

Methods 

Assuming that there are N independent families (i=1, …, N), with 𝑛𝑖 individuals 

in family i and a total of 𝑛 = ∑ 𝑛𝑖𝑁𝑖=1  subjects, the basic model for a K-category 

(multinomial) trait, with the Kth level chosen as the reference level, is written as,  g(𝑌𝑖𝑗 = 𝑘|𝑿𝒊𝒋, 𝐺𝑖𝑗) = 𝛼𝑘 + 𝛽𝑘𝐺𝑖𝑗 + 𝑿𝒊𝒋𝑇𝜸𝒌                     k=1, … , (K-1) 

The n × 1 response variable Y has K unordered levels, i.e. k = 1,… , K, resulting 

in (K-1) equations; 𝑮  is the genotype vector of size n × 1 ; 𝐗  is the n × q 

covariates matrix; 𝛂 = (𝛼1, … , 𝛼𝑘, … , 𝛼𝐾−1)𝑇 is the intercept vector for the (K-1) 

equations;  𝛃 = (𝛽1, … , 𝛽𝑘 , … , 𝛽𝐾−1)𝑇 is the effect size vector of the genotype in 

the (K-1) equations; and 𝛄 = (𝜸𝟏, … , 𝜸𝒌, … , 𝜸𝑲−𝟏)  are the parameters of the 



 

 

covariates 𝐗, for the (K-1) equations with a dimension of q × 1 for each 𝜸𝒌 .  

Although there are a variety of choices for the link function g, here we 

demonstrate with the canonical link function, the general logit, i.e. 

g(𝑌𝑖𝑗 = 𝑘|𝑋𝑖𝑗 , 𝐺𝑖𝑗) = 𝑙𝑜𝑔 𝑃(𝑌𝑖𝑗 = 𝑘|𝑋𝑖𝑗 , 𝐺𝑖𝑗)𝑃(𝑌𝑖𝑗 = 𝐾|𝑋𝑖𝑗 , 𝐺𝑖𝑗).  
Extended Generalized Estimating Equations (EGEE) 

We adopt the idea of EGEE previously proposed 5,6 to approximate the 

likelihood by means of quasi-likelihood, to handle correlated observations. The 

variance of the response variable 𝑌𝑖𝑗, is defined using (K-1) indicator variables 

as follows:   𝒛𝑖𝑗 = [I(𝑌𝑖𝑗 = 1),… , I (𝑌𝑖𝑗 = (𝐾 − 1))]’. The expected value of 𝒛𝑖𝑗 is E[𝒛𝑖𝑗] = [P(𝑌𝑖𝑗 = 1),… , P (𝑌𝑖𝑗 = (𝐾 − 1))]′ and the variance of 𝒛𝑖𝑗  is therefore 

defined as: var(𝒛𝑖𝑗)
= ( 
 √𝑣𝑎𝑟(𝐼(𝑌𝑖𝑗 = 1)) 0 00 ⋱ 00 0 √𝑣𝑎𝑟(𝐼(𝑌𝑖𝐽 = (𝐾 − 1)))) 

 𝑹( 
 √𝑣𝑎𝑟(𝐼(𝑌𝑖𝑗 = 1)) 0 00 ⋱ 00 0 √𝑣𝑎𝑟(𝐼(𝑌𝑖𝐽 = (𝐾 − 1)))) 

 
 

with the (m,n)th (m≠n) entry of the variance matrix set to be −P(𝑌𝑖𝑗 = 𝑚)P(𝑌𝑖𝑗 =𝑛). 
where 𝑹 = (1 𝑟 𝑟𝑟 ⋱ 𝑟𝑟 𝑟 1) has a dimension of (K-1) by (K-1) and 𝑟 is an unknown 

correlation parameter to be estimated with value between -1 and 1.  

Likewise, 𝑽𝒊, the variance of 𝒛𝑖.in the i-th independent family is defined as  𝑠𝑑(𝒛𝑖.)𝑹𝑖𝑠𝑑(𝒛𝑖.) where the 𝑛𝑖 × 1 vector 𝒛𝒊. is stacked from 𝒛𝒊𝒋 (j=1, … , 𝑛𝑖),  



 

 

𝑠𝑑(𝒛𝒊.) = (𝑠𝑑(𝒛𝒊𝟏) 0 00 ⋱ 00 0 𝑠𝑑(𝒛𝒊𝒏𝒊)), 

𝑠𝑑(𝒛𝒊𝒋) = ( 
 √𝑣𝑎𝑟(𝐼(𝑌𝑖𝑗 = 1)) 0 00 ⋱ 00 0 √𝑣𝑎𝑟(𝐼(𝑌𝑖𝑗 = 𝐾 − 1))) 

 ∀ 𝑗 = 1,… , 𝑛𝑖 
and 𝑹𝑖 = 𝚽𝑖⨂𝑹 ( 𝚽𝑖 is the relationship matrix of the i-th family defined as twice 

the kinship matrix) similar to how the familial correlation was handled in 

previous publications 7,8. 

The following score equations of EGEE 5,6,9 are used to estimate the regression 

parameters 𝜽 = (𝛼1, 𝛽1, 𝜸𝟏, … , 𝛼𝐾−1, 𝛽𝐾−1, 𝜸𝑲−𝟏) and the correlation parameter 𝑟. 𝑼 =∑ 𝑼𝒊(𝜽, 𝑟) =𝑁𝑖=1 ∑ (𝑫𝒊′ 𝟎𝟎 𝑭𝒊′) (𝑽𝒊−𝟏 𝟎𝟎 𝑰) (𝒚𝒊 − 𝝁𝒊𝒔𝒊 − 𝝈𝒊) =𝑁𝑖=1 𝟎 

where the 𝑛𝑖(𝐾 − 1) × (2 + 𝑞)(𝐾 − 1) matrix 𝑫𝒊 is stacked vertically from 𝑫𝒊𝒋  (j = 1,… , 𝑛𝑖) and defined as 𝑫𝒊𝒋 = 𝜕𝐸[𝒛𝒊𝒋]𝜕𝜽′ = (𝜕𝑃(𝑌𝑖𝑗=1)𝜕𝜽 , … , 𝜕𝑃(𝑌𝑖j=𝐾−1)𝜕𝜽 )′; 𝑭𝒊 is the 

vectorized 
𝜕𝑽𝒊−𝟏𝜕𝑟  with a dimension of 𝑛𝑖2(𝐾 − 1)2 by 1 and 𝝈𝒊 is the vectorized 𝑉𝑖. 

Similarly, 𝒔𝒊 is vectorized from the following: 

(𝒆𝒊𝟏⋮𝒆𝒊𝒏𝒊) (𝒆𝒊𝟏′ … 𝒆𝒊𝒏𝒊′) 
where 𝒆𝒊𝒋 = (𝑒𝑖𝑗1 … 𝑒𝑖𝑗𝐾−1)′  (j=1, …, 𝑛𝑖 ) and 𝑒𝑖𝑗𝑘  (k=1, …, (K-1)) is defined as =
I(𝑌𝑖𝑗 = 𝑘) − P(𝑌𝑖𝑗 = 𝑘). Therefore, E[𝒔𝒊] = 𝝈𝒊.  Fisher’s scoring algorithm is used to 

update both 𝜽 and 𝑟 from m-th iteration to (m+1)-th iteration, written as (𝜽(𝑚+1)𝑟(𝑚+1)) = (𝜽(𝑚)𝑟(𝑚)) + 𝑼∗(𝜽(𝑚), 𝑟(𝑚))−1∑ 𝑼𝒊(𝜽(𝑚), 𝑟(𝑚))𝑁𝑖=1   

where 𝑼∗(𝜽(𝑚), 𝑟(𝑚)) = −𝐸[𝐷 ∑ 𝑈𝑖(𝜽(𝑚), 𝑟(𝑚))𝑁𝑖=1 ] =



 

 

∑ ( 
𝑫𝒊′𝑽𝒊−𝟏𝑫𝒊 𝟎𝑭𝒊′ 𝜕𝝈𝒊𝜕𝜽′ 𝑭𝒊′ 𝜕𝝈𝒊𝜕𝑟) 𝑁𝑖=1 |𝜽=𝜽(𝑚),   𝑟=𝑟(𝑚), until the pre-specified convergence 

criterion is met. Estimates of multinomial logistic regression and r=0 or 0.5 

usually work well in terms of starting values. 

Note the score equations will be reduced to the following GEE form 10 when 

applied to N unrelated samples. The coefficients estimation will follow the same 

iteratively reweighted least square method of generalized linear model11 for 

multinomial outcome until pre-specified convergence criterion is met. 𝑼 =∑ 𝑼𝒊(𝜽) =∑ 𝑫𝒊′𝑽𝒊−𝟏(𝒚𝒊 − 𝝁𝒊) = 𝟎𝑁𝑖=1𝑁𝑖=1  

 

Score Test 

To determine if a genetic variant is associated with a multi-category 

phenotype, the following null hypothesis is tested 𝐻0: 𝜷 = 𝟎. We first define 

the score vectors 𝑼(𝟏) = ( 𝑼𝛄𝟏⋮⋮𝑼𝛄𝑲−𝟏), 𝑼(𝟐) = 𝑼𝛃 = ( 𝑈β1⋮𝑈β𝐾−1), 𝑈(3) = 𝑈𝑟. The score 

statistic is proposed as follows: 

S = (𝑼(𝟐)(�̂�𝟎, �̂�𝟎))𝑇 {𝑉(𝟐)(�̂�𝟎, �̂�𝟎)}−1𝑼(𝟐)(�̂�𝟎, �̂�𝟎). 
The score statistic follows a 𝜒𝐾−12  asymptotically 12, where 𝑉(𝟐) = 𝐼22 −𝐼2(−2)𝐼(−2)(−2)−1 𝐼(−2)2 (The subscript 2 denotes the (K-1) row/columns 

corresponding to β1, … , β(𝐾−1);  “-“ denotes excluding these rows/columns) 

and 𝐼 = ∑ 𝑫𝒊′𝑽𝒊−𝟏𝑵𝒊=𝟏 𝑫𝒊 . In the score test statistic we derived for bivariate 

association testing in family samples7, we have demonstrated that the score 



 

 

function using EGEE can be approximated by a linear combination of 𝑼(𝟏) and 𝑼(𝟐) using Taylor expansion. Therefore the score test variance derivation is 

based on the variance of the score function 𝑼 without the correlation parameter 𝑟 , i.e. 𝑣𝑎𝑟[∑ 𝑫𝒊′𝑽𝒊−𝟏𝑵𝒊=𝟏 (𝒚𝒊 − 𝝁𝒊)] = ∑ 𝑫𝒊′𝑽𝒊−𝟏𝑵𝒊=𝟏 𝑫𝒊  which also equals 𝑼∗  with 

rows and columns corresponding to 𝑟 excluded, just like in likelihood theory. 

This equation relationship warrants the derivation of 𝑉(𝟐) using quasi-likelihood 

and EGEE. 

 

Wald Test 

The Wald test is an alternative test with lower computational efficiency when 

applied to a large-scale genetic study. The Wald test statistic is proposed as 

follows: 𝑤 = (�̂�1 … �̂�(𝐾−1))𝑉(�̂�1 … �̂�(𝐾−1)) −1(�̂�1 … �̂�(𝐾−1))′ 
This test statistic follows a 𝜒𝐾−12  asymptotically. The parameters �̂�, �̂�  are 

obtained from the score equations with no constraints (i.e. 𝐻0 ∪ 𝐻𝑎) until the 

pre-specified convergence criterion is met. 

The full variance matrix of all parameters 𝑉(�̂�, �̂� ) is derived as  𝑉(�̂�, �̂� ) =𝑼∗(�̂�, �̂�)−1∑ 𝑼𝒊(�̂�, �̂�)𝑁𝑖=1 𝑼𝒊(�̂�, �̂�)′(𝑼∗(�̂�, �̂�)′)−1 . 𝑉(�̂�1 … �̂�(𝐾−1))  is extracted 

from 𝑉(�̂�, �̂� ) , a sandwich-type variance estimator 9, with rows and columns 

corresponding to (�̂�1 … �̂�(𝐾−1)). 
 

Ordinal Traits 



 

 

Under the same framework, using the statistics theory of ordinal regression, the 

above score and Wald tests can be easily extended to test the association of a 

genetic variant with an ordinal trait for a family-based design. More specifically, 

because P(𝑌𝑖𝑗 = 𝑘) can be derived from P(𝑌𝑖𝑗 = 𝑘) = P(𝑌𝑖𝑗 ≤ 𝑘) − P(𝑌𝑖𝑗 ≤ 𝑘 −1) , then the same EGEE equations are used for parameter estimation. A 

computer implementation for both multinomial and ordinal phenotype is 

provided in the supplementary materials.  

Simulations 

We conduct type-I error and power simulation studies to evaluate the validity 

of our score test in assessing the association between single-nucleotide 

variants (SNVs) with different minor allele frequencies (MAF) and a 

categorical trait with four categories (“multinomial” trait), and compare the 

score test to the Wald test and the multinomial logistic regression which does 

not account for related samples. We then conduct simulations to assess the 

power of all three approaches. 

Type-I error: We compare the type-I error rate of the score test to the Wald 

test as well as multinomial logistic regression (without accounting for related 

samples) in both family-based and unrelated designs. We simulate a 4-

category trait under the null hypothesis that there is no genetic association 

with the trait, i.e. 𝐻0: 𝛽1 = ⋯ = 𝛽3 = 0. Eight SNV scenarios with MAF ranging 

from 0.01 to 0.3 are explored. For each SNV scenario and sample design, 

50,000 replicates are simulated and the type-I error rate is defined as the 

proportion of simulations significant at the threshold of 0.01 (0.001). 

Family-based samples: In each replicate, a total of 1000 independent 3-



 

 

generation families with 2 grandparents who have one son and one daughter 

(Figure 1) are simulated. The number of grand children (3rd-generation) is 

randomly determined from a discrete uniform distribution ranging from 1 to 4. 

Within each of the 1000 families, we simulate additively coded genotypes (0, 

1, or 2 minor allele) of the grandparents under Hardy-Weinberg equilibrium, 

and the 2nd and 3rd generations’ genotypes are then simulated using random 

allele dropping. Two covariates (age and sex) are simulated. The sex of the 

3rd-generation is randomly assigned, and the covariate of age is simulated in 

the following way 7: we start from simulating the age of female offspring (2nd 

generation) from a continuous uniform distribution ranging from 25 to 50. Her 

spouse’s age is set to be within 5-year of her age. The male offspring’s ages 

(2nd generation) are set to be within 5 years of the sister with at least a 1-year 

gap to exclude twins. Then we simulate the age of the grandparents (1st 

generation). The grandmother is assumed to be 20 to 45 years older than 

both offspring (2nd generation), and the grandfather’s age is set to be within 5-

year of the grandmother’s age and he must be at least 20 years older than his 

older offspring. Finally we simulate the age of the 3rd generation, in such a 

way that everyone in the 3rd generation is assumed to be 20 to 45 years 

younger than the mother (2nd generation) and at least 20 years younger than 

the father (2nd generation). Two continuous traits are simulated from age and 

sex, based on the following two equations, i.e. age and sex explains around 

3% and 0.002% of the total variance of the latent variable 𝑢1 versus 0.8% and 

0.01% of the latent variable 𝑢2: 𝑢1 = 5.6 + 0.025𝑎𝑔𝑒 + 0.5𝑠𝑒𝑥 + 𝜀1; 𝑢2 = 30 + 0.04𝑎𝑔𝑒 + 0.2𝑠𝑒𝑥 + 𝜀2; 



 

 

where (𝜀1𝜀2) ∼ 𝑁(0, 𝚺𝒂⨂𝚽+ 𝚺𝒆⨂𝐈), the additive covariance matrix is 𝚺𝒂 =
(4 66 36) and the environmental covariance matrix is 𝚺𝒆 = (4 66 36). 𝚽 is the 

relationship matrix which is kinship matrix multiplied by 2.  

We transform 𝑢1, 𝑢2 to two binary traits using a threshold model with a 

disease prevalence of 10% and 35%, assuming a disease with a moderate 

prevalence such as type 2 diabetes (T2D) and a high prevalence such as 

obesity. The multinomial trait is then defined by these two binary traits as 

follows: diabetes & obesity, diabetes but no obesity, obesity but no diabetes 

and no diabetes & no obesity, in adults. 

 

Figure 1. All possible family structures  

Unrelated samples: In each replicate, we simulate a total of 5000 independent 

subjects with age ranging from 18 to 90. A total of 5000 independent 

additively-coded genotypes are simulated. The sex is randomly assigned 

(1=male; 2=female). We then simulate two continuous traits influenced by age 

and sex only, based on the following two equations, so that age and sex 

explain around 3.2% and 0.8% of the total variance of 𝑢1 versus 0.94% and 

0.01% of 𝑢2 respectively: 𝑢1 = 5.6 + 0.025𝑎𝑔𝑒 + 0.5𝑠𝑒𝑥 + 𝜀1; 



 

 

𝑢2 = 30 + 0.04𝑎𝑔𝑒 + 0.2𝑠𝑒𝑥 + 𝜀2; 
where (𝜀1𝜀2) ∼ 𝑁(0, 𝚺𝑻⨂𝐈) with 𝚺𝑻 = ( 8 1212 72).  We transform 𝑢1, 𝑢2 as 

described in the family design section.  

We evaluate the type-I error of the proposed score test and Wald test, and 

then compare them to the multinomial logistic regression assuming 

independence among observations (using likelihood ratio test (LRT)).  

Power Evaluation: We compare the power of our score to the Wald test and 

multinomial logistic regression under the same allele scenarios and with the 

same family/unrelated structure as described above. In addition to the effects 

of age and sex, we also include an additively coded genetic variant g which 

explains approximately 0.5% of the variance of each continuous trait, i.e. 𝑢1 = 5.6 + 0.025𝑎𝑔𝑒 + 0.5𝑠𝑒𝑥 + √ 4×0.012𝑀𝐴𝐹(1−𝑀𝐴𝐹)𝑔 + 𝜀1; 
𝑢2 = 30 + 0.04𝑎𝑔𝑒 + 0.2𝑠𝑒𝑥 + √ 36×0.012𝑀𝐴𝐹(1−𝑀𝐴𝐹)𝑔 + 𝜀2; 

So that both traits are simulated under the alternative hypothesis that there is 

an association between the trait and the genetic variant. For each MAF scenario, 

a total of 5000 replicates are simulated. The power rate is then evaluated with 

respect to 3 different significance thresholds including the commonly used 

GWAS threshold for each method.  

Framingham Heart Study 

The motivation for developing this efficient score test is to make the 

application to a large-scale genetic study computationally feasible, especially 

after the cost of whole genome sequencing have been greatly reduced in 



 

 

recent years.  

We apply our novel score test to the well-known family-based Framingham 

Heart Study (FHS) 7,13. A total of 7564 participants from 1315 families are 

analyzed, after excluding observations with missing values in body mass 

index (BMI), age, sex or T2D status. The primary outcome is diabesity with 

four categories as defined above. Diabesity is considered a modern epidemic 

and the largest in human history14. However, there are very few papers 

available regarding genetic association study on this trait. We analyze the 

association between diabesity and genotypes from the Framingham SNP 

Health Association Resource (SHARe) project sponsored by the National 

Heart, Lung and Blood Institute (NHLBI). Genotypes from Affymetrix 550K 

genotyping arrays (Affymetrix, Santa Clara, CA, USA), supplemented by the 

Affymetrix MIPS array, are available on 8481 participants after exclusion for 

low call rate (<97%), heterozygosity rate outside of 5 SDs from the mean or 

excess Mendelian errors (>1000). Additional SNVs are imputed with the 

software MACH (Markov Chain-based haplotyper) using the HapMap 2 

reference haplotypes 15 .  

Results 

Type-I error: The results of family-based and unrelated samples are 

summarized in Table 1-2 respectively. Both the score and Wald tests have 

well-controlled type-I error rate across all MAF scenarios. This conclusion 

applies to both family-based and unrelated designs. The multinomial logistic 

regression which ignores familial correlation returns inflated type-I error rate 



 

 

for in the presence of related individuals, although its type-I error rate for 

unrelated study design is well-controlled. 

Table 1. Simulation results of type-I error for family-based samples 

MAF Score test Wald test Logistic regression 
(LRT) 

=0.01 =0.001 =0.01 =0.001 =0.01 =0.001 
0.01 0.011 0.0020 0.012 0.0024 0.023 0.0023 
0.02 0.010 0.0012 0.010 0.0011 0.021 0.0027 
0.03 0.011 0.0014 0.009 0.0012 0.022 0.0025 
0.04 0.008 0.0007 0.007 0.0010 0.022 0.0025 
0.05 0.008 0.0011 0.011 0.0008 0.021 0.0026 
0.1 0.008 0.0009 0.009 0.0008 0.021 0.0024 
0.2 0.006 0.0005 0.010 0.0010 0.019 0.0033 
0.3 0.008 0.0008 0.011 0.0013 0.021 0.0033 

 

Table 2. Simulation results of type-I error for unrelated samples 

MAF Score test Wald test Logistic regression 
(LRT) 

=0.01 =0.001 =0.01 =0.001 =0.01 =0.001 
0.01 0.011 0.0010 0.008 0.0006 0.011 0.0010 
0.02 0.010 0.0016 0.010 0.0016 0.012 0.0014 
0.03 0.012 0.0012 0.011 0.0010 0.011 0.0014 

0.04 0.011 0.0010 0.010 0.0010 0.011 0.0010 
0.05 0.010 0.0010 0.006 0.0004 0.010 0.0005 
0.1 0.010 0.0010 0.010 0.0008 0.010 0.0010 
0.2 0.010 0.0010 0.009 0.0004 0.010 0.0010 
0.3 0.009 0.0011 0.009 0.0006 0.010 0.0010 

 

Power Evaluation: The results of family-based and unrelated samples are 

summarized in Table 3-4 respectively. Because we have concluded that 

multinomial logistic regression leads to inflated type-I error rate, the power rate 

of multinomial logistic regression is not evaluated for family-based samples 

(Table 3). The score and Wald tests have approximately the same power rate 

for each scenario (MAF, study design). The logistic regression using LRT has 

approximately the same power as the other two in unrelated samples.  

Table 3. Power results for family-based samples 

 

MAF α =0.01 α =0.001 α = 5 × 10−8 
0.01 score 97.2 score 92.4 score 42.5 



 

 

wald 96.7 wald 90.2 Wald 29.8 
0.02 score 96.5 score 89.1 score 33.0 

wald 96.6 wald 86.4 Wald 24.4 
0.03 score 95.5 score 87.5 score 25.6 

wald 95.1 wald 84.6 Wald 20.5 

0.04 score 94.9 score 85.4 score 23.4 
wald 94.6 wald 82.4 Wald 17.7 

0.05 score 94.3 score 83.6 Score 20.9 
wald 93.5 wald 81.2 wald 15.8 

0.1 score 93.0 score 78.6 score 13.8 
wald 94.3 wald 79.6 wald 11.6 

0.2 score 89.4 score 71.7 score 7.6 
wald 91.1 wald 74.3 wald 8.0 

0.3 score 87.4 score 68.2 score 6.4 
wald 89.0 wald 71.0 wald 6.5 

 

Table 4. Power results for unrelated samples 

 

MAF α =0.01 α =0.001 α = 5 × 10−8 
0.01 score 95.0 score 85.8 score 26.5 

wald 94.1 wald 82.8 wald 15.6 
Logistic 
(LRT) 

92.9 Logistic 
(LRT) 

79.6 Logistic  
(LRT) 

11.4 

0.02 score 93.3 score 82.3 score 20.0 
wald 92.8 wald 80.6 wald 14.6 
Logistic 
(LRT) 

91.6 Logistic 
(LRT) 

77.4 Logistic 
(LRT) 

10.6 

0.03 score 92.7 score 81.1 score 15.9 
wald 92.4 wald 79.5 wald 12.7 
Logistic 
(LRT) 

91.2 Logistic 
(LRT) 

76.8 Logistic 
(LRT) 

9.5 

0.04 score 92.4 score 79.2 score 14.1 
wald 92.0 wald 78.2 wald 11.3 
Logistic 
(LRT) 

90.8 Logistic 
(LRT)  

75.4 Logistic  
(LRT) 

8.6 

0.05 score 92.0 score 77.9 score 13.1 
wald 91.9 wald 77.3 wald 10.9 
Logistic 
(LRT) 

90.9 Logistic 
(LRT)  

74.7 Logistic  
(LRT) 

8.2 

0.1 score 91.3 score 75.7 score 10.4 
wald 91.0 wald 74.9 wald 9.5 
Logistic 
(LRT) 

90.3 Logistic  
(LRT) 

73.2 Logistic  
(LRT) 

7.8 

0.2 score 89.9 score 73.2 score 8.1 
wald 89.7 wald 73.0 wald 7.5 
Logistic 
(LRT) 

89.3 Logistic  
(LRT) 

71.9 Logistic  
(LRT) 

6.8 

0.3 score 89.2 score 72.2 score 7.0 
wald 89.3 wald 71.8 wald 6.5 
Logistic 
(LRT) 

89.0 Logistic  
(LRT) 

71.5 Logistic  
(LRT) 

6.3 

 

 

 



 

 

Data analysis: Low-frequency (MAF<0.01) and poorly imputed variants 

(imputation ratio <0.3) have been excluded to avoid spurious results. The 

variants that reached or almost reached the genome-wide significance 

threshold of 5 × 10−8 are summarized in Table 5. Very notably all variants in 

Table 5, except rs13431652, are located within the G6PC2 and ABCB11 

genes. G6PC2 is very well known to be strongly associated with elevated 

fasting glucose level 16,17. In addition, rs573225 on G6PC2 is strongly 

associated with the insulinogenic index (IGI) of insulin secretion among 734 

obese European children 18. As for ABCB11, mice bioinformatic studies show 

the hepatic overexpression of ABCB11 promotes hypercholesterolemia and 

obesity in mice 19; In addition, McCaffery et al. 20 discovered that rs484066 on 

ABCB11 was associated with 1.16 kg higher weight per minor allele at year 1 

and SNPs within ABCB11 were related to bile salt transfer.  

Other possibly associated clusters/genes include CYP3A43  

, with variants almost hit the GWAS threshold (e.g. rs528144, rs10225908, 

rs6960775 with p-value ranging from 1.43E-07 to 1.01E-06). Some variants 

on CYP3A4 have been identified in previous studies to be associated with 

relevant traits. For instance, one study in 2011 21 indicated diabetes is 

associated with a significant decrease in hepatic CYP3A4 enzymatic activity 

and protein level. Two variants on CYP3A43 were identified to be associated 

with Ticagrelor levels in individuals with acute coronary syndromes treated 

with ticagrelor22 and serum metabolite measurement23 respectively. More 

about this region might be discovered with the help of targeted sequencing. 

 

Table 5. Top SNPs and the closest genes  

https://www.ebi.ac.uk/gwas/efotraits/EFO_0005653


 

 

Chr SNP p-value bp Loci (closest gene) MAF 

2 rs17540154 4.01E-11 2:168927983 ABCB11: intron variant 0.22 

2 rs6709087 1.58E-10 2:168942500 ABCB11: intron variant 0.22 

2 rs560887 2.06E-09 2:168906638 G6PC2: intron variant 0.30 

2 rs573225 4.22E-09 2:168901031 

G6PC2: 

upstream_transcript_variant 

0.31 

2 rs13431652 1.06E-08 2:168896905   0.29 

2 rs1402837 2.61E-08 2:168900844 

G6PC2: 

upstream_transcript_variant 

0.22 

2 rs475612 5.12E-08 2:168920236 

ABCB11: 

genic_downstream_transcri

pt_variant, 

intron_variant 

0.34 

 

 

 

 

 

Figure 2. Manhattan plot of diabesity using the FHS data and the SHARe 



 

 

genotypes 

 

Discussion 

The proposed score test is superior to the Wald test and the multinomial 

logistic regression in the following aspects.  First, it is more computationally 

efficient, especially for large-scale genetic studies such as GWAS, or 

sequencing studies because the iterative Fisher’s scoring algorithm is only 

applied once under the null hypothesis while the iterative algorithm is 

implemented for each variant when computing the Wald test statistic. 

Therefore, it won’t be very feasible for a large-scale genetic study using the 

Wald test; Second, the simulation studies show the type-I error of both score 

and Wald tests is well controlled. In contrast, the multinomial logistic 

regression results in very inflated type-I error rate for family-based design and 

therefore it is not recommended in applications of family-based design. Lastly, 

the score test approximately has the same power as the Wald test, under the 

same scenario.  

The EGEE are simply reduced to the score equations of generalized linear 

models for a multinomial variable when applied to unrelated samples. Since 

the same iteratively reweighted least square method is employed under this 

particular circumstance, the parameter estimates are identical to using a 

generalized linear model function for multinomial variables. This equivalence 

enhances the applicability of this approach to a general population, regardless 

of the underlying design. 

This approach can be readily extended to ordinal traits (i.e. categorical traits 

for which the values are ordered.) in family samples. Due to the nature of 



 

 

ordinal regression model, fewer regression parameters are estimated. When 

K=2, i.e. an ordinal trait with only two categories, the estimates will be the 

same between using either multinomial or ordinal function, i.e. estimates of a 

binary logistic regression applied to family samples. 

This approach has enabled the identification of a few loci associated with 

diabesity. As discussed, some loci have been known to be associated with 

traits relevant to diabetes or obesity, such as G6PC2, ABCB11.For other 

associated regions but not achieving GWAS significance threshold, e.g. 

CYP3A43, regions on chromosome 1, 2, 15, targeted sequencing might help 

reveal more information, such as if any significant rare but not extremely low-

frequency variants in the same region can be identified and understood. 

 

Conclusions 

Score test should be primarily considered for large-scale genetic association 

testing due to its computational advantage. As illustrated using Framingham 

heart study data, this score test has enabled identification of several loci 

associated with diabesity. One of the drawbacks of the score test is the lack of 

effect estimates. When only a handful of associated variants are identified 

from a genetic association study, effect size, p-value of each variant can be 

estimated using the Wald test. In addition to the multinomial application, we 

have also developed computer implementation for ordinal traits (in the 

supplementary materials). 

 

Abbreviations 

GLMM: generalized linear mixed model 



 

 

EGEE: extended generalized estimating equations 

SNV: single-nucleotide variant 

MAF: minor allele frequency 

T2D: type-2 diabetes 

FHS: Framingham heart study 

BMI: body mass index 

SHARe: SNP Health Association Resource 

NHLBI: national heart, lung and blood institute 

MACH: Markov Chain-based haplotyper 

 

Declarations 

 Ethics approval and consent to participate 

The Framingham Heart Study was approved by the Boston University Medical Campus 

Institutional Review Board and participants provided written informed consent. 

 Consent for publication 

Not applicable 

 Availability of data and materials 

The FHS dataset that supports the findings of this manuscript is not publicly available due to 

participants’ privacy but are available from the corresponding author on reasonable request. 

 Competing interests 

Authors declare no competing interest. 

 Funding 

This work is supported by NIH grant U01 DK078616 awarded to Dr. James B. Meigs 

 Authors' contributions 



 

 

SW analyzed the data. SW, JBM, JD interpreted the data. SW and JD drafted the manuscript. 

All authors have agreed to the submitted version. 

 Acknowledgements 

We thank Boston University research computing services and Katia Bulekova for enormous 

help with using HPC. 

 

Reference 

1. Terry Therneau, Mayo Clinic. The lmekin function. .  

2. Heping Zhang, Xueqin Wang, Yuanqing Ye. Detection of genes for ordinal traits in 

nuclear families and a unified approach for association studies. Genetics. 

2006;172(1):693-699. https://www.ncbi.nlm.nih.gov/pubmed/16219774. doi: 

10.1534/genetics.105.049122. 

3. Diao G, Lin DY. Variance-components methods for linkage and association 

analysis of ordinal traits in general pedigrees. Genetic epidemiology. 2010;34(3):232-

n/a. https://www.ncbi.nlm.nih.gov/pubmed/19918762. doi: 10.1002/gepi.20453. 

4. Zimmet PZ. Diabetes and its drivers: The largest epidemic in human history? . 

2017;3. 

5. Hall DB. On the application of extended quasi-likelihood to the clustered data case. 

Can J Statistics. 2001;29(1):77-97. https://doi.org/10.2307/3316052. doi: 

10.2307/3316052. 

https://www.ncbi.nlm.nih.gov/pubmed/16219774
https://www.ncbi.nlm.nih.gov/pubmed/19918762
https://doi.org/10.2307/3316052


 

 

6. Daniel B. Hall, Thomas A. Severini. Extended generalized estimating equations for 

clustered data. Journal of the American Statistical Association. 1998;93(444):1365-

1375. https://www.jstor.org/stable/2670052. doi: 10.1080/01621459.1998.10473798. 

7. Wang, S., Meigs, J. & Dupuis, J. Joint association analysis of a binary and a 

quantitative trait in family samples. . 2017;25:130-136. 

8. Wang X, Lee S, Zhu X, Redline S, Lin X. GEE‐Based SNP set association test for 

continuous and discrete traits in Family‐Based association studies. Genetic 

Epidemiology. 2013;37(8):778-786. 

https://onlinelibrary.wiley.com/doi/abs/10.1002/gepi.21763. doi: 10.1002/gepi.21763. 

9. Liu J, Pei Y, Papasian CJ, Deng H. Bivariate association analyses for the mixture of 

continuous and binary traits with the use of extended generalized estimating 

equations. Genet Epidemiol. 2009;33(3):217-227. https://doi.org/10.1002/gepi.20372. 

doi: 10.1002/gepi.20372. 

10. Scott L. Zeger, Kung-Yee Liang, Paul S. Albert. Models for longitudinal data: A 

generalized estimating equation approach. Biometrics. 1988;44(4):1049-1060. 

https://www.jstor.org/stable/2531734. doi: 10.2307/2531734. 

11. Nelder JA, Wedderburn RWM. Generalized linear models. Journal of the Royal 

Statistical Society: Series A (General). 1972;135(3):370-384. 

https://doi.org/10.2307/2344614. doi: 10.2307/2344614. 

https://www.jstor.org/stable/2670052
https://onlinelibrary.wiley.com/doi/abs/10.1002/gepi.21763
https://doi.org/10.1002/gepi.20372
https://www.jstor.org/stable/2531734
https://doi.org/10.2307/2344614


 

 

12. Davison AC. Statistical models. Cambridge University Press; 2003. Accessed Jan 

12, 2019. 

13. Levy R. The framingham study: The epidemiology of atherosclerotic disease. 

JAMA. 1981;245(5). 

14. Farag YMK, Gaballa MR. Diabesity: An overview of a rising epidemic. . 

2011;26(1):28-35. 

15. Li Y, Willer CJ, Ding J, Scheet P, Abecasis GR. MaCH: Using sequence and 

genotype data to estimate haplotypes and unobserved genotypes. Genet Epidemiol. 

2010;34(8):816-834. https://doi.org/10.1002/gepi.20533. doi: 10.1002/gepi.20533. 

16. Wessel J. Low-frequency and rare exome chip variants associate with fasting 

glucose and type 2 diabetes susceptibility. Nature Communications. 2015. 

17. Bouatia-Naji N. Genetic and functional assessment of the role of the rs13431652-

A and rs573225-A alleles in the G6PC2 promoter that are strongly associated with 

elevated fasting glucose levels. Diabetes. 2010;59(10):2662-2671. 

18. Santos CD. A single-nucleotide polymorphism in a methylatable Foxa2 binding 

site of the G6PC2 promoter is associated with insulin secretion in vivo and increased 

promoter activity in vitro. . 2009;58(2):489-492. 

19. Henkel AS. Hepatic overexpression of abcb11 promotes hypercholesterolemia and 

obesity in mice. Gastroenterology. 2011;141(4):1404–1411. 

https://doi.org/10.1002/gepi.20533


 

 

20. McCaffery JM.  Human cardiovascular disease IBC ChipWide association with 

weight loss and 

weight regain in the look AHEAD trial . Human Heredity. 2013;75:160-174. 

21. Dostalek M, Court MH, Yan B, Akhlaghi F. Significantly reduced cytochrome 

P450 3A4 expression and activity in liver from humans with diabetes mellitus. Br J 

Pharmacol. 2011;163(5):937-947. https://pubmed.ncbi.nlm.nih.gov/21323901 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3130941/. doi: 10.1111/j.1476-

5381.2011.01270.x. 

22. Varenhorst C, Eriksson N, Johansson A, et al. Effect of genetic variations on 

ticagrelor plasma levels and clinical outcomes. Eur Heart J. 2015;36(29):1901-1912. 

doi: 10.1093/eurheartj/ehv116 [doi]. 

23. Krumsiek J, Suhre K, Evans AM, et al. Mining the unknown: A systems approach 

to metabolite identification combining genetic and metabolic information. PLoS 

Genet. 2012;8(10):e1003005. doi: 10.1371/journal.pgen.1003005 [doi]. 

  

 Figure legends 

Figure 1. All possible family structures  

Figure 2. Manhattan plot of diabesity using the FHS data and the SHARe 
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