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INTRODUCTION: 

The research work was undertaken to develop a methodology using the logistic regression models to analyze 

data from two or more categorical outcomes on twins. The main objectives included a) extracting data on at 

least two different cancers from the Mid-Atlantic Twin Registry (MATR) sample of twins, b) Develop and 

apply a bivariate methodology for analyzing data on two dichotomous outcomes on the twins, such as breast 

and ovarian cancer and c) Develop software or macros to make the proposed method user friendly. The work 

has been completed in the areas of developing the statistical methods and programming. Some of this work was 

presented in the midterm report last year. A manuscript that has been submitted for publication is attached 

(Appendix A). A no cost extension was requested for an additional year to explore twin registries other than the 

MATR for obtaining cancer data. Although the purpose of acquiring the data was primarily to illustrate the 

bivariate logistic regression method (proof of concept), since bivariate analyses of cancer data have not been 

published in the past it was pursued also to strengthen the proposed method's usefulness. As proposed in the 

request for an extension, the Swedish Twin Registry was successftiUy contacted and the data were obtained. 

One of the main reasons for looking elsewhere for twin cancer data is that, unlike the Swedish Twin Registry 

data, the MATR cancer data are self reported data and have not been verified through diagnosis records. An 

attempt was made to match the Virginia cancer registry data with the MATR data to identify twins with cancer. 

This matching was performed using the last name, social security number (SSN) and the date of birth 

(Goldberg, 1993). However, this effort led to fewer than 200 twins with cancer in all. (This is partially due to 

the fact that the MATR data was incomplete. For example the SSN was missing for a large percent of the 

twins.) In this report the data obtained from the Swedish Twin Registry are summarized and the bivariate 

analyses performed are presented. Also, a table of articles published in the area of cancer twins is included, 

which will be used for future research. 
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BODY: 

1.  Background 

The statistical methodology for determining how genes influence the occurrence of disease is a topic of 

interest among both quantitative geneticists and genetic epidemiologists. Data from twin studies can be used to 

examine how complex genetic mechanisms and non-genetic factors influence disease occurrence. The classical 

twin study has long been used to estimate genetic influence on a single trait. This research design compares 

within-pair twin similarity for a trait in monozygotic (MZ) and dizygotic (DZ) pairs; from these similarity 

measures estimates of the influence of heredity and common environment are developed. The methods for the 

analysis of classical twin studies of continuously distributed traits (height, weight, etc) are well described and 

use the intra-class correlation as the principal indicator of twin similarity [Falconer and MacKay, 1996]. 

However, for discrete data there is no universally accepted measure of twin similarity [Hannah et al., 1983; 

1985; Kendler, 1989; Neale and Cardon, 1992; Donner, 1996; Kraemer, 1997]. 

The odds ratio derived from logistic regression has been proposed as a measure of twin similarity in 

classical twin studies [Ramakrishnan et al., 1992; 1996]. The odds ratio when used with purely categorical data 

does not require the assumption of an underlying bivariate normal distribution. After an initial assessment of the 

genetic basis of a single trait it is often of interest to examine the co-aggregation of more than one trait or 

disease within twin pairs. For example, one might want to explore the co-occurrence of two types of cancer 

(breast and ovarian) or two types of substance abuse (alcohol and illicit drugs) in pairs of twins. Twins are 

especially usefiil for these types of analyses since it is possible to examine if two traits are influenced by shared 

additive genetic effects. However, to address the co-aggregation of two traits the univariate methods of twin 

analysis have to be extended to the bivariate case. 

A new method for the simultaneous genetic analysis of two or more discrete fraits is proposed. This method 



uses a GEE method to fit the multivariate logistic regression model [Liang and Zeger, 1986; Liang et al., 1992; 

Zeger and Liang, 1986; 1992]. 

2.  Review and Methods 

In the midterm report sent in 2002 more detailed review and method sections were presented. Please see the 

attached manuscript for a description of the methods (Appendix A). Work is underway to prepare a research 

synthesis (meta-analysis) for multiple cancers in the elderly twins (over 65). Here, a collection of articles on 

twin cancer research, which were examined during the last year for this purpose are tabulated (Table I) with 

some additional details. 

Table I. Published articles in Cancer Twin Researcli. 

Caner Site (N) First Author Number of Twin Pairs Population 

Prostate (1,009) Page(1997) 15,924 White males, U.S. 
Prostate, Lung, 
Breast 

Ahlbom(1997) N/A Swedish Males, Swedish females 

Prostate (458) Gronberg(1994) 4,840 
1649 MZ, 2,983 

Swedish Twins 

Prostate Bansal (2000) 167(84MZ,83DZ) White Male twin registry, ages 22-77 
Colorectal (498) Terry (2001) 8559 
All sites (10,803) Lichtenstein (2000) 44,788 Swedish, Danish, Finnish 
Breast Cerhan (2000) 538 (130 MZ, 337 DZ) Iowa - Post-menopausal female 
Breast Ekbom(1997) N/A Swedish 
Breast Sanderson (1996) N/A Seattle WA population 
Breast (245) Verkasalo (1999) 13,176 

4,308 MZ, 8,868 DZ 
Finnish Twin Registry 

All Cancers 1,613) 
Prostate (202) 
Breast (245) 
Smoking-Related 
(1,263) 

Verkasalo (1999) 25,882 
8,087 MZ 

Finnish Twin Registry 
Same Sex Twins Only 

Endometrial (133) Terry (1999) 11,659 Swedish Twin Registry 
Breast (500) 
Testicular (194) 

Swerdlow(1997) British and Welsh young adults 

Testicular (119) Swerdlow(1999) 60 British and Welsh same sex twins 
Breast Peto (2000) 
Lung Harris (1995) 



3.  Application of the logistic regression method for the bivariate twin data. 

Swedish Twin Registry Data: 

The Swedish Twin Registry consists of over 140,000 twins belonging to three birth cohorts: the older 

cohort, the middle cohort, and the younger cohort. The first cohort of approximately 11,000 pairs, consists of 

same sex twins who were bom between 1886 to 1925 and were alive in 1961. The second cohort of 

approximately 14,000 pairs consists of same sex twins who were bom between 1926 through 1958 and were 

alive in 1972. The third cohort of approximately 22,000 pairs consists of all twins bom between 1968 and 1990. 

For the cancer studies the older and the middle cohorts were interviewed through questionnaires and the 

response rates were 81% and 83%, respectively. The vital status and any diagnoses of cancer were subsequently 

obtained from the Swedish mortality registry and the Swedish cancer registry. The twins were matched with 

these registry data through a unique national registration number assigned to the Swedish citizens (similar to the 

Social Security Number in the U.S.). A total of 4490 cancers from the first cohort (prevalent during 1961 to 

1995) and 1157 cancers from the second cohort (prevalent during 1973 to 1995) were identified. 

The table II below summarizes the cancer data on these twins. For the purpose of performing the 

bivariate analyses the data are presented in terms of pairs of cancers. The frequencies for the last cancer pair, 

namely, colon and rectal cancers, include both male-male and female-female pairs (but not the male-female 

pairs), while the other cancer pairs include only the female-female twins. If there is an additive genetic 

component present for the co-aggregation (which will be called linked trait) between any two cancers, higher 

concentrations (percentages) are expected in the diagonals of the MZ tables compared to the DZ tables. There is 

a slight indication of this in the breast-ovarian and breast-cervical combinations but none of the diseases show 

overwhelming co-aggregation. The bivariate logistic regression analysis was applied to these data. The results 

from this analysis are presented next. 



Table II. Observed frequencies in twin pairs for the traits trouble sleeping and trouble concentrating 

Cancer A =Yes 
Traits in Twin 1 Cancer B =Yes 

Cancer A-Cancer B 

Breast-Cervical 
Yes, Yes 0 
No, Yes 0 
Yes, No 0 
No, No 5 

Breast-Ovarian 
Yes, Yes 0 
No, Yes 0 
Yes, No 0 
No, No 0 

Colon-Rectal 
Yes, Yes 0 
No, Yes 0 
Yes, No 0 
No, No 3 

Colorectal-Endometrial 
Yes, Yes 1 
No, Yes 0 
Yes, No 0 
No, No 2 

Breast-Cervical 
Yes, Yes 0 
No, Yes 3 
Yes, No 1 
No, No 8 

Breast-Ovarian 
Yes, Yes 0 
No, Yes 0 
Yes, No 0 
No, No 3 

Colon-Rectal 
Yes, Yes 0 
No, Yes 3 
Yes, No 1 
No, No 8 

Colorectal-Endometrial 
Yes, Yes 1 
No, Yes 0 
Yes, No 0 
No, No 4 

Traits in Twin 2 
Cancer A =No Cancer A =Yes Cancer A =No 
Cancer B =Yes Cancer B = No Cancer B =No 

MZ Twins 

0 1 8 
39 2 205 

5 35 192 
196 194 4569 

0 1 0 
2 1 5 
3 35 202 

43 200 4919 

0 0 1 
2 2 38 
0 8 67 

35 65 5230 

0 1 6 
4 2 75 
4 6 86 

50 91 9801 

DZ Twins 

0 0 11 
35 10 288 
8 40 363 

328 317 7601 

0 0 1 
2 2 38 
0 8 67 

35 65 5230 

1 1 5 
3 2 106 
7 10 167 

96 169 16368 

0 0 2 
2 0 86 
3 9 130 

81 114 8581 



Results 

The table III shows the raw odds ratios for the data on cancer pairs Usted in table II. When the MZ odds 

ratios are significantly different from the DZ odds ratios, there is evidence of additive genetic effect. If the 

difference between twice the log odds ratio of DZ is significantly larger than the log odds ratio of MZ there is 

evidence of a shared common environment effect in addition to the additive genetic effect. (See Appendix A for 

details.) A GEE model that includes the linked trait was fitted to each cancer pair. Results firom this analysis are 

shown in table IV. 

Table III. Univariate Odds Ratios for the Individual Cancers and the Linked Trait 

Cancer A-Cancer B 
Odds Ratios (95% C. I.) 

Cancer A                   Cancer B                   Linked trait 
Breast-Cervical MZ 4.38 (2.99, 6.41) 4.37 (3.03, 6.32) 0.60 (.38,0.95) 

DZ 2.62(1.87,3.68) 2.96(2.08,4.21) 0.67 (0.48,0.95) 

Breast-Ovarian MZ 4.38 (2.99, 6.41) 4.95(1.17,21.01) 0.55(0.20,1.52) 

DZ 2.62 (1.87, 3.68) 2.83(0.68,11.73) 1.49(0.90,2.44) 

Colon-Rectal MZ 8.71 (4.12, 18.42) 10.61(4.15,27.16) 6.15(3.48,10.91) 

DZ 5.75 (3.08, 10.77) 5.43 (1.96,14.98) 4.55 (2.81, 7.37) 

Colorectal-Endometrial MZ 8.92(4.13,19.25) 6.89(1.61,29.53) 3.26(1.39,7.63) 

DZ 5.49 (2.82,10.70) 3.42(1.062,11.02) 1.90(0.96,3.76) 

The univariate odds ratios seem to indicate additive genetic effects among all cancers. However, in most of the 

cases the 95% confidence intervals overlap suggesting lack of statistical significance. In terms of linked trait, 

there seems to be some indication of genetic effect for the Colon-Rectal and the Colorectal-Endometrial pairs. 

10 



Table IV. Results from the simultaneous fit of the cancer pairs and linked trait using GEE 

GEE 
Cancer A-Cancer B 

Effect 
Cancer A 

X^             p-value 
Cancer B 

X^             p-value 
Linked Trait 

X^            p-value 
Breast-Cervical 

Additive Genetics 

Common Environment 

3.87 0.049 2.22 0.14 0.17 0.68 

1.28 0.26 2.95 0.09 5.15 0.02 
Breast-Ovarian 

Additive Genetics 

Common Environment 

3.87 0.049 0.29 0.59 2.95 0.08 

1.28 0.26 0.09 0.77 2.41 0.12 
Colon-Rectal 

Additive Genetics 

Common Environment 

0.69 0.45 0.90 0.34 0.63 0.43 

3.21 0.07 0.80 0.37 4.50 0.03 
Colorectal-Endometrial 

Additive Genetics 

Common Environment 

0.87 0.35 0.54 0.46 0.95 0.33 

2.40 0.12 0.14 0.71 3.38 0.07 

The only cancer that shows statistically significant additive genetic effect is the breast cancer. For the cervical and 

colon cancers the common environment seems to be marginally significant. For the breast-cervical and colon-rectal 

combinations the common environment seems to significantly affect the linked trait effects. In other words, there is 

evidence suggesting that the co-aggregation of breast cancer and cervical cancer is influenced by the twins' shared 

common environment. Same is true for the colon cancer and the rectal cancer. There is marginal evidence 

supporting a genetic influence on the co-aggregation of breast cancer and the ovarian cancer. 

Discussion. 

The research work undertaken in this project led to a bivariate logistic regression analysis for twin data 

when examining two discrete traits. This multivariate GEE approach, is based on the estimation of odds ratios 

and provides a method for simultaneous testing of genetic and common environmental hypotheses for single 

11 



and linked traits. The rationale for use of odds-ratios (and consequently the logistic regression) derives from 

probabilistic arguments. 

The linked trait measure proposed in this article differs from the standard approach used in the literature, 

which models the conditional probability: 

P(Trait status of Twin \=x\ Trait status of Twin 2 =y), 

where x, y assume the value 0 for unaffected and the value 1 for affected. In this specification similar 

multinomial outcomes are categorized into different categories of affectation. The linked trait definition, on the 

other hand, looks for disease patterns in a twin and compares them with the disease patterns in the other twin, 

which makes it easier to interpret. 

12 



KEY RESEARCH ACCOMPLISHMENTS: 

1. Fully developed methodology for analyzing bivariate outcomes on twins 

2. A SAS program written for the applications of the methodology 

3. Twin cancer data on breast, ovarian, cervical, Endometrial, colon and rectal cancers were acquired from the 

Swedish Twin Registry. These data were analyzed using the bivariate logistic regression method proposed. 

4. Work on this project has led to two key areas for fiiture research. Although the proposed method has been 

shown in applications to produce identical results to the classical twin methods such as the Structural 

Equation Models using tetrachoric correlations, it needs to be formally compared to other methods in the 

literature using simulations. Second, as mentioned in the conclusions, to perform meaningful bivariate 

analyses one needs large samples. At this time the only source for such a sample is the Swedish, Finnish, 

Danish twin registries. While it was possible to acquire data from the Swedish twin registry in the past year, 

it is tedious to access data from all the three registries. There are no cancer twin registries in the U.S. We 

are interested in acquiring frauds to establish an elderly twin registry. As mentioned in the review section, 

we have begun some work in this area. 

13 



REPORTABLE OUTCOMES 

1. A presentation on this topic at the Joint Statistical Meetings, Atlanta, 2001. 

2. A poster presented at the ERA of hope conference organized by the DOD in Orlando, 2002. 

3. Ph. D. degree (expected completion in December, 2003) for Brandy Rutledge. (This student was partially 

funded by the project.) 

4. An article submitted to the Genetic Epidemiology, (2002). 

14 



CONCLUSIONS 

Simulation studies have shown (Ramakrishna, 1996), when the prevalence of the disease studied is low 

or when the sample size is inadequate most univariate twin methods lack power to detect genetic and common 

environment effects. Further studies are required to determine the sample sizes and prevalence required to 

achieve reasonable power. One of our students (Brandy Rutledge) is currently pursuing simulation studies to 

examine power and to compare the method with other classical approaches such as the SEM approach. Our 

experience suggests, for the twin methods to be applicable, one would require data from large registries that 

have large samples and also require the prevalence of the diseases to be reasonable. The cell frequencies in most 

bivariate cancer data are quite small. Therefore, one not only requires large registries, it may also be necessary 

to combine data from several registries. 

The cancer data presented here is from the Swedish Twin registry. Similar twin cancer data have been 

collected also by the Firmish and Danish twin registries. Including them in the analysis would enormously 

improve power. The univariate analyses of the cancer twin data that included all the three registries have 

already been considered and are published (Lichtenstein, et al., 2000). A request has been made to acquire the 

bivariate data from the Finnish and Danish regisfries. We hope to analyze these data and publish the results in 

the future. 

In conclusion, an approach to the analysis of discrete bivariate twin data that considers all possible 

outcomes in the 16 cell multinomial table simultaneously was proposed. The model proposed was formulated in 

terms of a GEE logistic regression repeated measures framework and applies existing theory and algorithms for 

estimation and testing. As part of this approach we have defined a linked frait which is of particular interest for 

testing hypotheses about the familial co-aggregation of disease or illness in twins. 

15 
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Abstract 

This paper presents a new method for the simultaneous genetic analysis of two or more discrete traits by 

applying a Generalized Estimating Equations (GEE) approach to fitting logistic regression model for twin data. 

Co-aggregation between the two traits is estimated using an odds ratio and justifications for this measure are 

provided.  This linked trait is defined for two discrete traits based upon explicit patterns of trait concordance 

and discordance within twin pairs; this linked trait is assessed for the influence of additive genetic and/or 

common environmental effects. Data are summarized in the form of 2 x 2 tables (for monozygotic and dizygotic 

twins) by combining appropriate cells from the 16-cell multinomial distribution to define the individual and 

linked trait. Hypothesis tests comparing monozygotic and dizygotic twins are performed using repeated 

measures logistic regression via the GEE approach. The model specification is highly flexible, accounts for the 

correlated structure of the parameter estimates and does not require multivariate normality assumptions for the 

underlying distribution. The approach is illustrated using two example data sets firom the Vietnam Era Twin 

(VET) Registry. 
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1. Introduction 

The statistical methodology for determining how genes influence the occurrence of disease is a topic of 

interest among both quantitative geneticists and genetic epidemiologists. Data from twin studies can be used to 

examine how complex genetic mechanisms and non-genetic factors influence disease occurrence. The classical 

twin study has long been used to estimate genetic influence on a single trait. This research design compares 

within-pair twin similarity for a trait in monozygotic (MZ) and dizygotic (DZ) pairs; from these similarity 

measures estimates of the influence of heredity and common environment are developed. The methods for the 

analysis of classical twin studies of continuously distributed traits (height, weight, etc) are well described and 

use the intra-class correlation as the principal indicator of twin similarity [Falconer and MacKay, 1996]. 

However, for discrete data there is no universally accepted measure of twin similarity [Hannah et al., 1983; 

1985; Kendler, 1989; Neale and Cardon, 1992; Donner, 1996; Kraemer, 1997]. 

The odds ratio derived from logistic regression has been proposed as a measure of twin similarity in 

classical twin studies [Ramakrishnan et al., 1992; 1996]. The odds ratio when used with purely categorical data 

does not require the assumption of an underlying bivariate normal distribution. After an initial assessment of the 

genetic basis of a single trait it is often of interest to examine the co-aggregation of more than one trait or 

disease within twin pairs. For example, one might want to explore the co-occurrence of two types of cancer 

(breast and ovarian) or two types of substance abuse (alcohol and illicit drugs) in pairs of twins. Twins are 

especially usefiil for these types of analyses since it is possible to examine if two traits are influenced by shared 

additive genetic effects. However, to address the co-aggregation of two fraits the univariate methods of twin 

analysis have to be extended to the bivariate case. 

In this paper, a new method for the simultaneous genetic analysis of two or more discrete traits is 

proposed using a GEE logistic regression model [Liang et al., 1992; Liang and Zeger, 1986; Zeger and Liang, 

1986; 1992] that is adapted for twin data. The remainder of this paper consists of four sections. First, the 
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theoretical rationale for the use of the odds ratio as the measure of twin similarity is presented. Second, a series 

of 'univariate' logistic regression models that permits hypothesis testing for genetic and common environmental 

effects with a single discrete trait are reviewed. Third, the univariate logistic model is extended to the 'bivariate' 

case to examine if two discrete traits share a common genetic or familial vulnerability. Fourth, the approach is 

illustrated using data from the Vietnam Era Twin (VET) Registry [Henderson et al., 1990]. 

2. Twin Data Methods. 

2.1. Rationale for a Genetic Analysis of Twin Data Using Odds Ratios 

When a binary discrete trait is considered, twins can be classified into three possible groups: concordant 

for the trait, discordant for the trait and concordant for the absence of the trait. If individuals in a population are 

paired at random then the expected probabilities of the three groups, say p. ,p^ and/?-, would conform to a 

probably law (that is somewhat similar to the Hardy-Weinberg Law for random matings). That is, ifp denotes 

2 2 the probability that an individual carries the trait, then under random-pairing,/?. = p  ,Pj= Ipqandp^ = q  . 

This yields ^P-,P-y = pt or equivalently i/f = ^P-iP-y IP^ = '^, where y/ is the odds ratio under the condition of 

exchangeability (namely, the probabilities of the discordant cells are equal). 

2 2 The expected patterns [p  , 2pq and^  ] for concordant affected, discordant, and concordant 

unaffected twins are formulated without regard for the zygosity of the twins. However, it is also possible to 

derive separate estimates of these patterns and accompanying odds ratios in MZ and DZ pairs. If these two odds 

ratios are significantly different it would indicate evidence of genetic effect. In addition, in the classical twin 

analyses, the fact that on average DZ twins share half as much of their genetic material as MZ twins is used to 

separate the additive genetic effect from shared common environment effect.     Since the effects are 

multiplicative in terms of the odds ratios, when the MZ log odds ratio is twice the DZ log odds ratio the 
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evidence is deemed purely due to genetics. If the DZ log odds ratio is larger than twice the MZ log odds ratio, 

the additional effect is attributed to the shared common environment (in the presence of the genetic effect, 

which is called the additive genetic effect). Hypothesis tests could be developed for both the genetic effect and 

the shared common environment effect. These arguments are analogous to those applied to the models for the 

analyses of continuous data in twins [Falconer, 1965; Falconer and MacKay, 1996; Defries et al., 1987]. 

2.2. Univariate Genetic Analysis of Twin Odds Ratios Using Logistic Regression 

Let 7 and X denote the binary traits for the members of a twin pair (arbitrarily referred to as twin 1 and 

twin 2), respectively. Let Z denote the zygosity of the twin pair, where the MZ pairs are coded as 1 and the DZ 

pairs are coded as 0.5. Let XI denote the product of Jf and Z. Then the model for the logit of the conditional 

probability of F given the outcome for X and Z is written 

Ln 
P(Y=l\X,Z) 

l-P(Y= l\X,Z) 
= p^ + p^x+ p^z^ p^xz. (1) 

The choice of (1, 0.5) coding for Z is to facilitate certain specific hypotheses regarding MZ and DZ log-odds 

ratios. Consider the model for MZ twins, which is obtained by substituting Z = 1 in (1). The model is 

Ln 
P(Y= l\X,Z= 1) 

\- P{Y= l\X,Z= 1) = (A + A)+(A + A)^. (2) 

where yS^^ = A + A represents the log-odds ratio that estimates the association between the MZ twins. 

Similarly consider the model for the DZ twin by substituting Z = 0.5 in (1), which yields 

Ln 
P(Y= 1|Z,Z=0.5) 

I- P(Y= 1|X,Z=0.5) 
= (P, + 0.5p,)Hfin + 0.5p,)X, (3) 

where P^^: = A + ^-^A represents the log-odds ratio that estimates the association between the DZ twins. 

From the regression equations defined in 2 and 3 above the following hypotheses are of interest: 
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i)        The trait observed is due to an additive genetic effect. This could be tested using the null and alternative 

hypotheses as follows. 

H,:P, = 0 
H^:J3, > 0 

That is, the null hypothesis states that the MZ log-odds ratio is equal to the DZ log-odds ratio of the DZ twins. 

If there is no evidence to support an additive genetic effect the hypothesis of familial clustering could be tested 

next. This is done by refitting a model with only the co-twin variable (X) in the model and testing whether the 

corresponding coefficient is zero. (That is, fi^ = 0.) 

ii)       The trait observed is due to both and additive genetic effects and common environment effects. This 

could be tested by specifying the following null and alternative hypotheses: 

H,:P, < 0 
i/,:A > 0 

Under model (1) the null hypothesis states that the MZ log-odds ratio is equal to two times the DZ log-odds 

ratio. If a trait were purely due to additive genetic effects, then the ratio of the MZ to DZ log-odds ratios would 

approximate the 2 to 1 ratio of the MZ to DZ ratio of genes, respectively. 

Others [Gao et al., 1997; Betensky et al., 2001] have pointed out that the designation of twin 1 and twin 

2 (or index twin vs. co-twin) is problematic for the odds ratio estimation procedure. They note that the 

discordant cell probabilities are formally exchangeable and that in small samples an arbitrary designation of 

twin 1 and twin 2 could lead to inconsistent results. One solution to this problem is to use a repeated measure 

logistic regression model [Connolly and Liang, 1988; Betensky et al., 2001] fitted using the GEE approach. An 

equivalent and somewhat simpler solution is to distribute exactly half of the total number of trait discordant 

pairs into the two discordant cells and than apply a standard logistic regression model. Simulation studies 

comparing the logistic regression method with other methods are also available in the literature (Ramakrishnan, 
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et al, 1996, Gao et al., 1997). (Most statistical packages that perform logistic regression analysis allow the data 

to be entered in tabular format.) 

2.3. Bivariate Genetic Analysis of Twin Odds Ratios Using Logistic Regression 

2.3.1 Rationale for tlie bivariate genetic analysis 

The rationale for the bivariate analysis flows directly from the Hardy-Weinberg Law as it is extended to two 

traits. Suppose A and B indicate that twin 1 is affected with both traits and A and B denotes that twin 1 is 

unaffected by both traits. Let ;7 , and ^TJ, denote the separate probabilities that traits A and B are present in an 

individual; ;r .j, represents the probability that both traits are present. Under the null-hypothesis of independence 

the relationship ^ >D=^ A ^T> will hold. Similarly, ;r .—=;r , (1 -^r,), ^-r„~ (I - ^ , );rDand n——= (1 - ;r ,) 
AD      A    D AB       A 13        AB A     H AB A 

(l-;r^) will hold. 

Now consider the data layout for two traits in twins as defined in table I. Appropriate combinations of the 

observed frequencies of the 16 cells in table I will produce the corresponding 2x2 tables that can be used to 

analyze traits A and B. The cell combinations with the corresponding cell probabilities under the null hypothesis of 

independence for traits A and B are shown in Table II. 

Insert Table I here 

Insert Table II here 

To study the co-aggregation of the two traits, a quantity called the linked trait is defined. Evidence of a 

linked trait is observed when the to twins responses agree for both trait A, and trait B. This is termed concordant- 

affected for linked trait. Similarly, if the twin responses disagree for both traits, there is evidence against linked 

trait. This is termed concordant-unaffected for linked trait absent. Other events are termed discordant for linked 

trait. 
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Comparisons of cross-twin cross-trait affectation statuses for the two traits A and B can be represented in 

the form of a 2 x 2 contingency table similar to the tables for the traits A and B (Table lie). The elements (wn, 

W22, W33, W44) represent the frequencies of events that are concordant-affected for the linked trait. Similarly, the 

elements (mu, rmz, W32, /M41) represent the frequencies of events that are concordant-unaffected for the linked 

trait. The remaining cells correspond to discordance for the linked trait. A measure of the linked trait (LT), say 

y/j^j^,is defined by the following statistic: 

_ P{concordant affected for LT)P{concordant unaffected forLT) 
^'■^^~ P{discordant forLT) 

Consider now the probabilities in the expression for y/^j given in the above equation (4). Denoting the 

probability P [concordant-affected LT] as A ^, 

/)-   = P [(Twin 1 has A and B and Twin 2 has A and B) or 

(Twin 1 has A but not B and Twin 2 has B but not A) or 

(Twin 1 has B but not A and Twin 2 has A but not B) or 

(Twin 1 does not have AoxB and Twin 2 does not have A or B)]. 

Under the null hypothesis that no linked trait is present, the twins will resemble randomly paired individuals and the 

occurrence of traits will be independent. The independence between twins yields, p..= ^ Ajt^ AB^^ An^~An^ 

n—   ;r  — + n— K—. Applying the independence of traits (as argued earlier) will yield 
AB   AB       AB   AB     ^^ ^   ^ 

Pll=(^^+(l-^^))(^^+(l-4)). 

Similarly, 

P [concordant-unaffected LT] = /?„ „ = 4;r .;r „ (1 - n . )(1 - ^g)» 

2 2 P [discordant for LT when the twins agree on trait A ] = A ^ = In Xi-n .)(;r„ + (1 -;r„) ) 
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and 

2 2 P [discordant for LT when the twins agree on trait B]=/?=2;rn(l-;rn)(;r,+(l-;r,) ) 

Notice that the equation p. ./?„„ = A r^Pr,-, holds. Consequently, if there is no linked trait then the odds ratio, 

^11^22 Y „„ = = 1. A large value of *F „„ would indicate the lack of independence of the traits within the twin 
ST    p^^p^^ ST 

pairs suggesting the presence of a linked trait. Similar to the formulation for single traits, additional analysis seeks 

to compare the MZ and DZ odds ratios to test for the influence of additive genetics and common environment. 

2.3.2. Modeling the linked trait: estimation of parameters 

The estimate of the linked trait odds ratio can be obtained by maximizing the multinomial likelihood and 

substituting the various estimates of the probabilities applying the invariance of maximum likelihood estimators 

(mle's). However the mle's of the odds ratios representing the two traits and the linked trait are correlated. 

Because of this correlation it is necessary to obtain these estimates simultaneously along with the appropriate 

variance-covariance matrix. 

Simultaneous parameter estimation is accomplished using a repeated measures analysis with the GEE 

method. To implement the GEE method two new indicator variables are defined: 

LA       =1      if the two twins agree for trait A 

= 0      otherwise 

LB       =1      if the two twins agree for trait B 

= 0     otherwise 

The various combinations of LA and LB are described in Table IIL 

Insert Table III here 
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With these two new indicator variables the odds ratio for the linked trait in equation (4) is nothing more 

than the odds ratio between LA and LB. The odds ratio will be larger than 1 when there is evidence in support of 

a linked trait; further, if the linked trait is due to additive genetics then the MZ odds ratio will be larger than the 

DZ odds ratio. 

Using logistic regression and defining the tables listed above for MZ and DZ twins separately, one can 

obtain simultaneous estimates of the various parameters of interest by fitting the three logistic regression 

models. 

Ln 
P(Y^ = l\X^,Z=l) 

l-P(Y^ = l\X^,Z=l) 
-P^^p^x^.p^z.p^x^.. 

Ln 
P{Y^ = \\X^,Z=\) 

1-P(7„ = 1|X„,Z=1) B B' 
p^.p^x^.p^z.p^x^. (5) 

Ln 
P{L^=\\L^,Z = \) 

\-P{L^=\\L^,Z = \) 
= P^^P^L^^P^Z^P^L^. 

Substituting Z = 1 for the MZ twins equation (8) yields the log odds ratio y5'      = /?J + yff^ ^^^ ^^^ ^^ 

twins. Similarly, substituting Z = 0.5 for the DZ twins equation (5) yields the log-odds ratio y5lj„ = pl^ + Q.Sp}. 

for the DZ twins. Here, i=A,B or L, for traits A, B and the linked trait, respectively. 

To avoid the index-twin, co-twin labeling the models in (5) additional three models with the twin 

variables interchanged should be considered. Several software packages (SAS, STATA and MIXOR [Hedeker, 

1993]) are available for fitting repeated measures models that would be appropriate for implementing the 

estimation procedures for bivariate twin analysis. We propose using PROC GENMOD with the REPEATED 

option in SAS, which uses the GEE method. To do this, the above three models have to be reformulated into a 
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single logistic regression model. The data structure and SAS syntax for performing this analysis is described in 

the appendix. 

3. Data from the Vietnam Era Twin (VET) Registry 

The data used to illustrate the methodology are from the Vietnam Era Twin (VET) Registry [Henderson 

et al., 1990]. The Registry was assembled from Department of Defense (DoD) computer records and consists of 

male-male twin pairs who both served in the military during the Vietnam era (between 1965-1975) and were 

bom between 1939-1957. The median year of birth for twins on the Registry is 1949 and over 90% of the twins 

are white. In total -7,500 twin pairs were initially identified from DoD files. 

The first data set used to illustrate the bivariate analysis is derived from a mail and telephone survey of 

the twins conducted in 1987 and contains data on -4500 complete twin pairs (55% are MZ and 45% are DZ). 

Data collected included several symptoms of posttraumatic stress disorder (PTSD) [Goldberg et al., 1990]. Two 

symptoms, 'trouble sleeping' and 'trouble concentrating', are used to illustrate our approach. While these 

measures were originally collected as five level ordinal variables rating the frequency of PTSD symptoms we 

have dichotomized the responses (present = 0, 1 or 2 and absent = 3 or 4). The second data set includes two 

measures of smoking and alcohol drinking derived from a 1990 mail and telephone survey to identify risk 

factors for cardiovascular disease [Fabsitz et al., 1997]: lifetime cigarette smoking is defined as having smoked 

at least 100 cigarettes and lifetime alcohol drinking is defined as having had at least 20 drinks. Data on smoking 

and drinking variables were available on 3025 pairs. 

3.1. Analysis of PTSD symptom data 

Table IV shows the frequencies for frouble sleeping and frouble concentrating in both twin pairs. The 

clustering along the main diagonals is an indication of the familial co-aggregation for these two traits. The 
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largest frequencies occur in the concordant cells. This indicates the presence of twin effects for each 

characteristic as well as evidence for a linked trait. 

Insert Table IV here 

Table V displays the estimated MZ and DZ odds ratios and standard errors from the GEE repeated 

measures model. The MZ odds ratios are consistently larger than the DZ odds ratios indicating a genetic trend. 

Insert Table V here 

Hypothesis tests based on likelihood ratio Chi-squared tests with 1 df are presented in table VI for 

additive genetics and common environment. The test statistics suggest that trouble sleeping and trouble 

concentrating are in part under genetic control; there is little evidence for a common environmental influence on 

these traits. The tests for genetic influence on the linked trait are insignificant suggesting that there may not be 

any co-aggregations influencing the two traits simultaneously. 

Insert Table VI here 

3.3. Cigarette smoking and alcohol drinking 

The distribution of the cigarette smoking and alcohol drinking across the twin pairs is presented in table 

VII. The largest frequencies occur in the cells concordant for the three effects. However, the distribution of cell 

frequencies in the two tables seems similar indicating lack of evidence for co-aggregation of the two traits. 

Also the off-diagonal cells are sparse and in the DZ table there is a zero cell. This often leads to problems in 

fitting GEE models with an unspecified working correlation matrix. An 'exchangeable' matrix was chosen in 

this case. 

Insert Table VII here 

Table VIII shows the estimated twin odds ratios from the GEE repeated measures model. MZ twin odds 

ratios are substantially greater than the comparable DZ twin odds ratio for both traits suggesting the influence of 

genetic factors. 
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Insert Table VIII here 

Formal testing for genetic and common environmental effects for cigarette smoking, alcohol drinking 

and the linked trait are presented in Table IX. There is strong evidence of genetic effect for both cigarette 

smoking and alcohol drinking. There is also a strong evidence of shared common environment effect for 

drinking however this effect is not statistically significant for cigarette smoking. The linked trait effect is not 

statistically significant leading to the conclusion that there is no evidence of co-aggregation between the two 

traits. 

Insert Table IX here 

4. Discussion 

This paper presents a bivariate logistic regression analysis for twin data when examining two discrete 

traits. This multivariate GEE approach, is based on the estimation of odds ratios and provides a method for 

simultaneous testing of genetic and common environmental hypotheses for single and linked traits. The 

rationale for use of odds-ratios (and consequently the logistic regression) derives from probabilistic arguments. 

In a similar vein Betensky et al., [2001], have recently proposed a GEE approach for the analysis of 

discrete bivariate twin data. However, their model specification differs from the one presented by us in this 

article. They model the conditional probability: 

P(Trait status of Twin l=x\ Trait status of Twin 2 =y), 

where x, y assume the value 0 for unaffected and the value 1 for affected. In this specification similar 

multinomial outcomes are categorized into different categories of affectation. For instance, consider the 

concordant-affected status for both traits (i.e., this corresponds to P (Trait status of Twin 1 = 1 and Trait status 

of Twin 2 = 1)). The outcomes are 

{ABAB, ABAB, ABAB, A B AB}. 
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Now consider concordant-unaffected status for both traits (i.e., P (Trait status of Twin 1=0 and Trait status of 

Twin 2 = 0)). The outcomes are 

{A BAB, ABA B, A BAB, A BAB}. 

Since the labeling of the twins is arbitrary, the outcomes AB AB and A BAB essentially convey the 

same information. However, these two outcomess appear in two different probabilities in the Betensky et al. 

[2001] approach. Similarly, the outcomes AB A B and A B AB are equivalent but the former appears in the 

concordant-unaffected cell and the latter appears in the discordant cell. This specification makes it difficult to 

interpret the corresponding effect as a linked trait effect. The linked trait defined here is one way to 

simultaneously compare the occurrence of the traits in the two twins. Other definitions might be considered. For 

instance, one may compare the occurrence of trait A in twin 1 with the occurrence of trait B in twin 2 (Bhadra, 

1999). Once the 2 x 2 tables are constructed using this definition the methodology would be identical. When the 

prevalences of the two traits are similar most of these methods would lead to similar results. 

An intra-class correlation method suggested as an alternative to the univariate logistic regression method 

[Gao et al., 1996] could also be extended to the bivariate case. Currently such an extension is not available. 

Moreover, the method does not easily allow for testing the common environment effect in the univariate case. It 

would be even more difficult to formulate the appropriate tests for the bivariate case. 

Several extensions to the method proposed here are possible. Using multinomial theory it would be 

straightforward to extend the methodology beyond the bivariate situation. The rationale would be motivated by 

deriving probabilities and twin odds ratios using a probability law (similar to the Hardy-Weinberg Law for 

random mating). For instance, the trivariate case would require two bivariate linked traits and one trivariate 

linked trait. Even though the interpretation of the higher order effects would be complicated, the methodology 

easily lends itself to such extensions. Theoretically, the method could be extended to ordinal outcomes provided 

the proportional odds assumption [McCuUagh, 1980] holds. However, adapting standard computer software 
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packages (like SAS and STATA) for the genetic analysis of twin data with ordinal outcomes using the GEE 

approach is not currently available. Alternative procedures for the analysis of ordinal outcomes in twins, such as 

mixed models using the MIXOR software package [Hedeker et al, 1993], the Alternating Logistic Regression 

method should be investigated. Inclusion of covariates is a simple extension in the bivariate GEE twin analysis. 

Covariates for the pair level, such as age and race, are especially appealing and could be added to the model as 

adjustment factors. Further, by adding interaction terms for age and race it would be possible to assess if there 

are differential genetic influences on each trait and the linked trait. 

Further work is also needed to assess the power of the GEE approach for the detection of the linked trait, 

particularly with respect to common environmental influences. Previously, we have shown that for the 

univariate analysis [Ramakrishnan et al, 1996], the logistic regression method has only modest power to detect 

a common environmental effect when it is present. As the number of traits increases this problem could get 

worse. 

In conclusion, we have proposed an approach to the analysis of discrete bivariate twin data that 

considers all possible outcomes in the 16 cell multinomial table simultaneously. The model we propose is 

formulated in terms of a GEE logistic regression repeated measures framework and applies existing theory and 

algorithms for estimation and testing. As part of this approach we have defined a linked trait which is of 

particular interest for testing hypotheses about the familial co-aggregation of disease or illness in twins. 
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APPENDIX 

GEE Computer Program Specifications for the Bivariate Twin Logistic Regression Model 

The SAS PROC GENMOD procedure was used to estimate and test parameters in the bivariate 

logistic regression model. The data structure was as follows. 

Pair ID 

(ID) 

Twin 1 

(Y) 

Twin 2 

(X) 

Zygosity        Indicators 

(Z) ^1       ^2 

X 

B 

X A 

X B 

^B 

2 
^^ 

2 h 
2 

"^A 

2 
""A 

2 x^ 

A 

X B 

^B 

B 

'■A 

X A 

X B 

^B 

B B 

1 0 

0 1 

0 0 

1 0 

0 1 

0 0 

1 0 

0 1 

0 0 

1 0 

0 1 
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^B ^A 
0   0 

+1 

+1 

+1 

+1 

+1 

+1 

1+2 

1+2 

1+2 

B 

B 

"5 

B 

^A 

B 

"5 

B 

^A 

""A 

h 

""A 

'■A 

X . 

X B 

^B 

X 

X B 

A 

X A 

X B 

^B 

.5 

.5 

.5 

.5 

.5 

.5 

.5 

.5 

.5 

1 0 

0 1 

0 0 

1 0 

0 1 

0 0 

1 0 

0 1 

0 0 

1 0 

0 1 

0 0 

1 0 

0 1 

0 0 
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«i+2 

n\+2 

n\+2 

X 

B 

^B 

X 
B 

^A 

5 1 0 

5 0 1 

5 0 0 

ni + «2 

n\ +112 

B 

B 

^-£- 

X 
B 

^B 

X 
A 

X 
B 

5 1 0 

5 0 1 

5 0 0 

5 1 0 

5 0 1 

5 0 0 
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The variables 7 and Z are coded as binary (1 for presence and 0 for absence). The subscripts A, B 

and L represent the two traits and the linked trait, respectively. The coding of zygosity as 1 and 

0.5 is to facilitate testing for the common environment in the presence of additive genetic effects. 

The indicator variables a and £>-specify the outcomes A, B, or L in the logistic regression 

model. For example, the pattern D = 1 andD-= 0 corresponds to trait A, D = 0 andD-^ 1 

corresponds to trait B, and £> = 0 andD= 0 corresponds to the linked trait. The logistic 

regression equation for fitting the newly formatted data is given by: 

P(Y=l\X,Z,D^,D^) 
Ln 

\-P{Y=\\X,Z,D^,D^) 

(9) 

By substituting various values forD^andZ). there is a formal equivalence between the 

equations (9) and (5). For example, p^= P^^ Py P^= P^^ P^^ ^2^ h^ h' ^t^ 

Pr + P-ir. and so on for B and L. The tests for additive genetic effects and common environment 

effects for A, B and L can be performed by score tests on linear combinations of the parameters. 

These tests would be jr'tests. With no prior knowledge of the correlation among the outcomes, 

an 'unstructured' working correlation matrix could be used in the GEE model. An unstructured 

correlation matrix assumes that the correlations between various pairs of outcomes have different 

values. In some situation the 'exchangeable' matrix could also be used. The exchangeable matrix 

assigns the same correlation for all off-diagonal entries in the working correlation matrix. Model 

selection based on either the unstructured or the exchangeable correlation matrix leads to 
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consistent estimators. However, one closer to the true structure might lead to higher efficiency for 

the estimates of the regression parameters. 

SAS syntax for performing the bivariate genetic analysis; 

PROC GENMOD DESCENDING; 

CLASS IDNUM; 

/*** CLASS statement identifies the subjects as the cluster in which the measurements are 

repeated ***/; 

MODEL INDEXTWIN= COTWIN Z Dl D2 ZCO DICO D2C0 DIZ D2Z DIZCO D2ZC0 / 

DIST=B LINK=LOGIT; 

/*** The MODEL statement specifies the indextwin as the logit of the response variable Y ***/; 

/*** ZCO, DICO, D2C0, DIZ, D2Z, DIZCO and D2ZC0 are interaction terms, where 

COTWIN (CO) represents the X term in equation (9) ***/; 

/*** DIST = B specifies a binomial distribution and LINK = LOGIT specifies the logit link that 

fits a logistic regression model ***/; 

REPEATED SUBJECT=IDNUM / TYPE-UNSTRUCTURED; 

/*** The repeated statement invokes the GEE approach. SUBJECT = IDNUM identifies what is 

repeated and TYPE = UNSTRUCTURED specifies the structure for the working correlation 

matrix. When convergence problems arise, other structures should be considered. ***/; 

/*** The following ESTIMATE statements compute the test statistics for the effects named 

within single quotes. ***/; 

ESTIMATE 'ADDITIVE FOR A' INTERCEPT 0 COTWIN 0 ZYG 0 Dl 0 D2 0 ZCO 1 

DICO 0 D2C0 0 DIZ 0 D2Z 0 DIZCO 1 D2ZC0 0; 
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ESTIMATE 'COMMON FOR A' INTERCEPT 0 COTWIN 1 ZYG 0 Dl 0 D2 0 ZCO 0 

DICO 1 D2C0 0 DIZ 0 D2Z 0 DIZCO 0 D2ZC0 0; 

ESTIMATE 'ADDITIVE FOR B' INTERCEPT 0 COTWIN 0 ZYG 0 Dl 0 D2 0 ZCO 1 

DICO 0 D2C0 0 DIZ 0 D2Z 0 DIZCO 0 D2ZC0 1; 

ESTIMATE 'COMMON FOR B' INTERCEPT 0 COTWIN 1 ZYG 0 Dl 0 D2 0 ZCO 

ODICO 0 D2C0 1 DIZ 0 D2Z 0 DIZCO 0 D2ZC0 0; 

ESTIMATE 'ADDITIVE FOR LINKED' INTERCEPT 0 COTWIN 0 ZYG 0 Dl 0 D2 0 

ZCO 1 DICO 0 D2C0 0 DIZ 0 D2Z 0 DIZCO 0 D2ZC0 0; 

ESTIMATE 'COMMON FOR LINKED' INTERCEPT 0 COTWIN 1 ZYG 0 Dl 0 D2 0 

ZCO 0 DICO 0 D2C0 0 DIZ 0 D2Z 0 DIZCO 0 D2ZC0 0; 

Responses within the clusters are assumed to be correlated but the between cluster responses are 

assumed to be statistically independent. 
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Table I. Cross-twin cross-trait combinations for dichotomous traits A and B 

Twin 2 
Twinl AB AB AB A B 

AB mn m\2 mn mu 

AB mil W22 W23 m2A 

AB W31 mi W33 /M34 

AB W41 m42 /M43 W44 
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Table II. The 2x2 summary tables of frequencies and corresponding probabilities under 

independence for traits A and B and the linked trait (S) 

a) Traits 

Twinl 
Twin 2 

A                                   A 

A 

A 

W,i + W,3 + /W3, + ^33 /W,2 + /Wi4 + /W32 + W34 

"^22 + "^24 + '"42 + "^44 

b) Trait 5 

Twinl 
Twin 2 

B                                 B 
B 

B 

m^^ + m,2 + Wji + ^"22 

^B 

Wi3 + Wi4 + W23 + W24 

W3, + 77J32 + W41 + W42 W33 + W34 + W43 + m44 

46 



c) Linked trait (L) 

IB = 1                                       i^B = 0 

LA=1 

LA=0 

(;r2+(l-;r2))(;r2+(l-;r2)) 

mi2 + m2, + W34 + W43 

/n,3 + /n3i + /n24 + m^^ /M,4 + ^23 + W32 + /«4i 

4;r^;r^(l-;r^)(l-;r^) 
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Table III. Variable definition for modeling the linked trait 

Twinl Twin 2 

LA LB 

Trait A Trait B Trait A Trait B 

Yi Y2 X, X2 

A B A B 1 1 

A B A B 0 0 

A B A B 0 0 

A B A B 1 1 

A B A B 0 1 

A B A B 1 0 

A B A B 0 1 

A B A B 1 0 

A B A B 1 1 

A B A B 0 0 

A B A B 1 1 

A B A B 0 0 

A B A B 0 1 

A B A B 1 0 

A B A B 1 0 

A B A B 0 1 
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Table V. Twin odds ratios for trouble sleeping, trouble concentrating and the linked trait 

Trait GEE Odds Ratios se 

Trouble Sleeping 
MZ 2.776 0.234 

DZ 1.643 0.143 

Trouble Concentrating 
MZ 2.671 0.266 

DZ 1.667 0.180 

Linked trait 
MZ 1.655 0.147 

DZ 1.398 0.130 
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r   * 1^   ■* 

Table VI. Hypothesis tests for additive genetic and common environmental effects for trouble 

sleeping, trouble concentrating and the linked trait 

GEE 
Effects Chi-Square P value 
Trouble Sleeping 

Additive Genetics 18.08 0.0001 

Common Environment 0.02 0.8863 

Trouble Concentrating 

Additive Genetics 10.27 0.0013 

Common Environment 0.03 0.8681 

Linked trait 

Additive Genetics 1.84 0.1890 

Common Environment 0.66 0.4175 
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t> <t > 1* 

Table VIII. Twin odds ratios for lifetime cigarette smoking, and alcohol drinking and the linked trait 

Trait GEE Odds Ratios se 

Cigarette Smoking 
MZ 16.78 2.142 

DZ 5.40 0.73 

Alcohol Drinking 
MZ 24.83 5.56 

DZ 11.46 3.39 

Linked trait 
MZ 1.34 .27 

DZ 1.35 0.25 
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r •* > •* 

Table IX. Hypothesis tests for additive genetic and common environmental effects for lifetime cigarette 

smoking, alcohol drinking and the linked trait 

GEE 
Effects Chi-Square P value 
Cigarette Smoking 

Additive Genetics 37.46 0.0001 

Common Environment 3.47 0.0626 

Alcohol Drinking 

Additive Genetics 4.02 0.0049 

Common Environment 7.58 0.0059 

Linked trait 

Additive Genetics 0.01 0.9902 

Common Environment 0.51 0.4740 
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