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An Assessment of Quadratic Inference
Functions Method

Karesel Cikarsama Fonksiyonlar1 Yonteminin
Degerlendirilmesi

ABSTRACT Objective: The generalized estimating equations (GEE) which is a method for esti-
mating and belongs to the population average models is used in correlated data analysis. For the GEE
method researcher must make guess for the working correlation structure. A related method to
GEE is the quadratic inference functions (QIF). We aimed to compare two methods via an illustra-
tive example and to estimate the relationship between sex, marital status, age, educational level,
smoking status and obesity in participants who aged 20-65 years old. Material and Methods: This
study compares two methods to estimate the odds of obesity (BMI =30 kg/m?) as a function of age,
sex, marital status, educational level and smoking status by using data from” Tehran Lipid and Glu-
cose Study (TLGS)” database which include 1106 households and 3203 participants aged 20-65
years. Results: The odds ratio estimates for two methods changed only slightly but the relative ef-
ficiency of parameter estimates from GEE and QIF was 1.23. QIF can produce sample size saving
for a given power. Two methods showed that increased age, being a nonsmoker, lower educational
level, and being married, as well as female sex were positively associated with obesity. Conclusion:
According to the results of this study, QIF is better than GEE in the case of misspecification of the
working correlation structure and provides more efficient parameter estimates than GEE method.

Key Words: GEE; QIF; odds ratio; BMIL; obesity

OZET Amag: Bir tahmin yéntemi olan ve anakiitle ortalama modellerine dayanan genellestirilmis
tahmin denklemleri (Generalized Estimating Equations-GEE) iliskili veri analizinde kullanilir. GEE
yontemi i¢in aragtirmaci, ¢alisan korelasyon yapisi i¢in tahmin yapmalhidir. GEE ile ilgili olan bir
yontem karesel ¢ikarsama fonksiyonlaridir (Quadratic Inference Functions-QIF). Bu iki yéntemi
agiklayici bir 6rnek ile karsilastirmaya ve yaslar: 20-65 yil arasinda olan katihimcilarda cinsiyet, me-
deni durum, yas, egitim diizeyi, sigara igme durumu ve obezite arasindaki iligkiyi tahmin etmeyi
amagladik. Gereg ve Yontemler: Bu ¢aligma, yaslar1 20-65 yil arasinda olan 1106 hane ve 3203
katilimer igeren “Tahran Lipid ve Glukoz Caligmas:” veritabanindan gelen verileri kullanarak, yas,
cinsiyet, medeni durum, egitim diizeyi ve sigara igme durumunun bir fonksiyonu olarak obezite-
nin (BMI >30 kg/m?) oddsunun tahmin edilmesinde iki yéntemi karsilastirmaktadir. Bulgular: Tki
yontem i¢in odds orani tahminleri sadece ¢ok az bir miktarda degismistir; fakat GEE ve QIF'nin
parametre tahminlerinin géreli etkinligi 1.23’diir. QIF, verilen bir giigte 6rneklem bitytikligi ta-
sarrufu saglayabilmektedir. Tki yontem, artan yasin, sigara igicisi olmamanin, diisiik egitim diizeyi-
nin, evli olmanin ve yam sira kadin cinsiyete sahip olmanin obezite ile pozitif yonde iliskili
oldugunu gostermislerdir. Sonug: Bu ¢aligmanin bulgularina gére; ¢alisan korelasyon yapisinin
yanlis belirlenmis olmas: durumunda QIF, GEE’'den daha iyidir ve GEE y6nteminden daha etkin pa-
rametre tahminleri vermektedir.

Anahtar Kelimeler: GEE; QIF; odds orani; BMI; obezite
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n analyzing data the choice of an appropriate statistical technique is
often straightforward. But, there are some circumstances in which this
decision makes problems for many researchers. This problem can be
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particularly difficult for researchers whose work
focuses on analyzing data that arise from correlated
observations. For example, researchers encounter
occasions in which outcomes may be observed in
subjects over several time intervals (where indi-
viduals repeatedly measured over time) or they
may be observed in clusters where multiple meas-
urements are collected from the same experimen-
tal unit (e.g., Husband-wife pairs, siblings). These
occasions cannot be considered as ‘independent’.
So, this lack of independence means that many tra-
ditional methods such as ordinary least squares
(OLS) cannot be used to analyze data since one key
assumption of OLS regression is that all observa-
tions are independent of each other.! Moreover,
outcomes which are not distributed normally such
as count data (e.g., Number of symptoms) require a
more specialized analytical tool as well.?

Practical methods with reasonable statistical
efficiency to analyze such data are marginal models,
mixed effects models and transitional models.>?

Among them, the purpose of marginal models
is to estimate the population-average effect of co-
variates on the response of interest. The term mar-
ginal means that the model for mean response
depends only on the covariates of interest, not on
any random effects or previous responses.®

The generalized estimating equations (GEE)
method is the most popular approach in marginal
models which can handle a variety of correlated
models. Additionally, GEE can handle types of out-
comes (e.g., Count, binary, continuous) just as like
time-varying and time-invariant predictors.? Over
the past 20 years, GEE has been an exceedingly use-
ful approach for analyzing longitudinal data?. The
parameter estimates obtained from GEE method
are consistent even if the true working correlation
structure is misspecified. But, if this structure is
correctly specified they are efficient in the sense
that the asymptotic variance of parameter estima-
tors attain a Cramer-Rao-type lower band.”

Wang and Carey have shown that appropriate
specification of correlation structure in longitudi-
nal data analysis improves efficiency of parameter
estimates and leads to more reliable statistical in-
ferences.®

Prentice and Zhao (1991) proposed an ad hoc
method (GEE1) which introduces additional esti-
mating equations for the working correlation Pa-
rameter.’ Fitzmaurice et al.” showed that in order
to improve the efficiency of the regression coeffi-
cients in quasi-likelihood inference, it is necessary
to specify the working correlation matrix which is
as close as possible to the true one. Odueyungbo et
al. compared GEE and quadratic inference func-
tions (QIF) using data from the National Longitu-
dinal Survey of Children and Youth (NLSCY) with
assuming AR-1 and exchangeable working corre-
lation structures and showed that the estimators
from QIF are more efficient than GEE.

The GEE approach has other shortcomings
such as lack of goodness of fit test, sensitivity to out-
liers or contaminated data and lack of model selec-
tion criteria like AIC and BIC. So, for overcoming
the difficulties in using GEE, many improvements
has been proposed. But among them as an alterna-
tive approach to GEE, Qu et al. proposed QIF
method. This method is mostly used to improve the
efficiency of parameter estimates when the working
correlation structure is misspecified.*!°

The primary aim of this study was to compare
the results from GEE and QIF by analyzing the data
from families who participated in the Tehran Lipid
and Glucose Study (TLGS)," and secondly to esti-
mate the relationship between sex, marital status,
age, educational level, smoking status and obesity
in participants who aged 20-65 years old.

I MATERIAL AND METHODS

GEE METHOD

GEE can be regarded as a multivariate extension of
the quasi-likelihood estimating equations. This ap-
proach describes a marginal mean model in which
the mean response among clusters (subjects, or be-
tween responses at different time periods) changes
with covariates. Additionally, when response cor-
relations are treated as a nuisance parameter, GEE
method demonstrates the relationship between co-
variates and the probability of response.”'*!3 This
correlation apparently is modeled by assumption of
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a correlation structure (or a working correlation
matrix) such as:

1) Independence working correlation: this
model is the multivariate extension of ordinary lo-
gistic regression which assumes that repeated re-
sponses are independent.

2) Exchangeable: in this structure just one cor-
relation parameter p is estimated which gives cor-
relation of each pair of repeated measures
(responses).

3) Unstructured: correlations within any 2 re-
sponses are unknown and need to be estimated.
There are few limitations in this structure. But, if
there has been much parameters it cannot become
reliable.

4) Auto-regressive of order 1 (AR (1)): this case
is more frequent among the others. In this case, just
one correlation parameter has estimated and the
correlation parameter has been distinct by the lag
of time between responses which is assumed to be
the same between any two observations and meas-
ures further apart in time are less correlated than
closer ones.!

Now suppose that for observation registered at
time =1, ..., n; and for subjects i=1,..., N the

Yie= Vit
a g x 1 vector of covariates with the assumption of

, i)’ be an outcome variable and x;, be

dependence within clusters (subjects) and inde-
pendence between clusters. A marginal approach
such as GEE suppose that the marginal mean p1;; is
a function of covariates through a link function
such as g (u;) = x/f, also the variance of y; is a
function of the mean var(y;) = OV(u;). Since O is
known as the dispersion parameter so GEE solves
the equation below:

MV i) =0 1)
where:
o, = du./df Is an n; X g matrix
vV, = qizﬂﬁcﬂf—'li:

where: R(a) being the working correlation matrix
and 4, being the diagonal matrix of the marginal
variances var(y;).”
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The GEE approach has some advantages. As
long as, the linear predictor and link function are
correctly specified. GEE estimates consistent pa-
rameters even if the working correlation matrix is
misspecified. Models for GEE are widely available
in many statistical softwares. Also, when the true
correlation structure is closely approximated, this
model will provide efficient parameter estimates.
Disadvantages of this model are like difficulty in
assessing the goodness-of-fit tests due to lack of the
likelihood ratio test (LRT) (12), multiple root prob-
lems associated with estimating functions like the
quasi-likelihood function. Moreover, this model is
sensitive due to outliers and if the correlation struc-
ture is misspecified the parameter estimates are not
efficient.”’?

QIF METHOD

QIF is widely based on observing that the inverse
of the working correlation structures can be as-
sessed by a linear combination of several basis ma-
trices:

R~ YN oas My (2)

Where:

M, is the identity matrix, M, ... ,M; are known
basis matrices with values O or 1, and ay, ..., @, are
unknown coefficients.

The equation (2) holds for some common
working correlation structures. For example if the
working correlation is exchangeable, then
R~ ayl + a,M, where M, be 0 on the diagonal
and 1 elsewhere. Ifit is an AR (1) correlation struc-
ture then R~ % ajl + aiM; + a;M; that M; has
1 on the sub-diagonal and 0 elsewhere and M7 has
1 on the two corners of the diagonal and the basis
matrices for unstructured correlation structure are
given by Qu et al."* In occasions that it is difficult
to specify a proper working correlation structure,
the method of hybrid working correlation which
combines basis matrices from several working cor-
relations can be used.”® By substituting the equa-
tion (2) in (1) we can reach to the linear
combination of the elements of the extended score
gy as follow:
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1 1
g,-\.-(mﬁzgf o=zl
L ‘Z__ ;E;A;?:'v!k.ﬁl:iﬁ_\g—,n::-).

As the vector gy contains more estimating
equations than parameters so we cannot solve di-
rectly the equation of g,=0 for estimating of f
whereas in this case 3 is over identified therefore
the generalized method of moments can be used by
minimizing QIF:

Qn(B) = Ngny(BYCx* (B)gn (B) ®3)

where:

Cy(B)=N"1Z, g, (B gl (B)

variance matrix.

is the sample co-

In the equation (3) we can see that it in-
cludes just the regression parameters § and the
basis matrices from the working correlation struc-
ture with no need of estimating the nuisance cor-
relation parameter. So, QIF estimator can be
obtained by £ = argming @, (f). As described
latter, QIF approach does not depend on specify-
ing a suitable estimation of the correlation param-
eters. Also, it avoids the multiple-root problem.*

Above all, QIF has some limitations. Firstly,
QIF depends on the availability of the basis ma-
trices for a given correlation structure. Secondly,
QIF is established only for four types of working
correlation structures: Independence, Exchange-
ability, AR-1 and Unstructured. Although, these
four structures cover most important cases it
would be of interest to develop QIF that accom-
modates flexible correlation structures. Similar to
GEE, when missing data are present, QIF works
only under missing completely at random
(MCAR)>

It is noticeable that when the working corre-
lation matrix is defined correctly, the efficiency of
QIF and GEE are identical. In addition, the estima-
tion of GEE parameters are the same as the maxi-
mum likelihood in the case of the multivariate
normal model. But under the misspecification of
working correlation matrix, QIF gives more effi-
cient parameters than GEE.®

I DATA SET EXAMINED

The TLGS is a survey designed to gain comprehen-
sive knowledge and information about health and
care in Iran. This family-based study which is an
ongoing prospective population-based longitudinal
cohort study is being conducted to determine the
risk factors for non-communicable diseases among
a representative urban population of Tehran.!! The
design of TLGS includes two major components, a
cross-sectional prevalence study of cardiovascular
disease with associated risk factors and a prospec-
tive 20 year follow up in several phases: phase I in
1999-2001, phase II in 2002-2005, and phase III in
2006-2008 at approximately 3.6-year intervals. This
study was conducted on 1106 households who par-
ticipated in the TLGS. This study is approved by
the Obesity Research Center.

MEASUREMENTS

Height and weight were measured rather than self-
reported. The dependent variable Body Mass Index
(BMI) was calculated as weight in kilograms di-
vided by the square of the height in meters (kg/m?),
and subjects were classified into obese (BMI >30
kg/m?) and non-obese (BMI <30 kg/m?).

Information about the respondents’ age was
based on their self-reported birth year and subjects’
smoking status were stratified into a smoker vs.
non-smoker and their educational level were strat-
ified into four groups: 1) Primary, 2) Secondary, 3)
high school, 4) University.

Divorced, widowed and those who have not
married were coded as 0 (non-spouse) vs. others
who lived with their spouse was coded 1 (spouse).

STATISTICAL ANALYSIS

At first, the GEE model which takes into account to
the correlated nature of responses, with a logit link
and exchangeable working correlation structure
was used to estimate the odds of obesity as a func-
tion of the age, gender, educational level, smoking
and marital status.

Then QIF method was also used to estimate
ORg and 95 percent confidence intervals.

Turkiye Klinikleri ] Biostat 2014;6(1)
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Through the below formula it is shown that
we can compare the efficiency of parameter esti-
mates from GEE and QIF:

mean squared error of GEE estimator
Relative Efficiency (RE) =

mean squared error of QIF estimator

If RE>1 so QIF is more efficient than GEE, if RE<1
so GEE is more efficient than QIF and

if RE=1 they give the same results.>'*1¢

All analyses were carried out by using SPSS
and SAS softwares.

I RESULTS

The mean BMI of males was 27.66 kg/m?* (95 per-
cent CI: 27.44-27.89). The females had a mean BMI
29.37 kg/m? (95 percent CI: 29.09-29.64).

Results were obtained from fitting Models in
GEE and QIF methods (Tables 1, 2). The odds rati-
o estimates for two methods changed only slightly
but the RE of parameter estimates from GEE and
QIF was 1.23.

EXPLANATION OF RESULTS (TABLE 2)
U Female participants had significantly hig-

TABLE 1: Results of parameter estimates using two methods for a random sample of 3203 participants in Tehran,
1999-2008.
GEE® QIF°

Covariates Estimate SE° p-value Estimate SE p-value
Intercept -2.091 0.390 <0.001 2.99 0.295 <0.001
Non-Married -0.397 0.111 <0.001 -0.443 0.113 <0.001
Educational level

Secondary 0.132 0.326 0.69 0.126 0.328 0.70

High school 0.28 0.112 0.01 0.222 0.111 0.047

University 0.826 0.147 <0.001 0.840 0.149 <0.001
Smoker -0.001 0.106 0.99 0.041 0.108 0.86
Male -0.792 0.095 <0.001 -0.864 0.096 <0.001
Age 0.024 0.003 <0.001 0.025 0.003 <0.001

2 Generalized estimating equations
® Quadratic inference functions
¢ Standard errors

TABLE 2: Adjusted?® odds ratios for obesity and confidence intervals using QIF® and GEE® method for the TLGS® study.
GEE QFF
Covariates Odds ratio 95% ClI¢ Odds ratio 95% Cl
Non-martied 0.671* 0.5403 - 0.265 0.641* 0.513-1.946
Educational level
Secondary 1.141 1.661 - 0.835 1.134 0596 - 1.677
High school 1.327* 1.064 - 2.166 1.249* 1.003 - 1.555
University 2.284* 1.712-1.654 2317 1.727 - 3.109
Smoker 0.998 0.819-3.047 1.042 0.843-1.288
Male 0.452* 0.375-0.545 0.421* 0.349 - 0.508
Age 1.024° 1.018-1.030 1.025* 1.019 - 1.031

2 Adjusted for all other variables in the table.
® Quadratic inference functions

¢ Generalized estimating equations

4 Tehran Lipid and Glucose Study

e Confidence Interval.

Turkiye Klinikleri ] Biostat 2014;6(1)
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her odds of obesity than their male counterparts
(OR =2.37, 95% CI: 1.9624-2.8693).

U Age was directly associated with obesity
(OR=1.026, 95% CI: 1.080-1.0335). Each 1-year in-
crease in age had at least 8% increases in the odds
of obesity in women.

U Obesity odds ratio was 0.95 (but non-sig-
nificantly) for non-smokers (95%CI: 0.7762-
1.1858).

U Married participant had significantly higher
odds of obesity than their non-married counter-
parts (OR = 1.55, 95% CI: 1.2476-1.9469).

QO An inverse association observed between
educational level and obesity. Using primary as ref-
erence group, obesity odds ratios were non-signif-
icantly 0.88 (95% CI: 0.4631-1.6775) and
significantly, 0.80 (95% CI: 0.6429-0.9970) and 0.43
(95% CI: 0.3216-0.5790) for secondary , high
school and high level, respectively.

I DISCUSSION

In this study we demonstrated that QIF approach
has more efficiency than GEE method. In this
paper a comparative study between two methods
is conducted via an illustrative example, using data
from the TLGS database and it included 1106
households. OR estimates and 95% confidence in-
tervals were calculated using QIF method. Overall,
we obtained similar parameter estimates from GEE
and QIF methods. Our results indicated the im-
provement of the QIF method over the GEE
method (RE= 1.23). Our results were consistent
with the findings by simulation results of Qu et al.

and also Odueyungbo et al. who compared GEE
and QIF by using data from the National Longitu-
dinal Survey of Children and Youth.>!°

In our study, there was a positive association
between age and obesity. Our results were consis-

tent with some studies.!”%*

In most studies, participants with lower edu-
cational level were obese than those with higher
educational level. Our results were consistent with

these studies.?*?8

We found that non-married participants were
less likely to be obese than their married counter-

parts. Our results are in line with most studies.??*"
31

One of the limitations of this study is that the
physical activity and economic index were not used
in our investigation. Our study had several
strengths. It was performed in a nationally repre-
sentative sample of the Iranian households. This is
one of the first studies that compare the efficiency
of parameter estimates from QIF and GEE using ex-
changeable working correlation in clusters (TLGS
family study). Height and weight were actually
measured rather than self-reported. It is well
known that self-reports underestimate the preva-

lence of obesity.3>34

In summary, QIF method is better than GEE
in the case of misspecification of the working cor-
relation matrix. Moreover, because of incompe-
tence of GEE, results of RE and better parameter
estimation with QIF, it is expected that QIF be-
come a newer approach which will be used more
frequently than GEE in the future.
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