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ABSTRACT  
The analysis of longitudinal data requires a model which correctly accounts for both the inherent 
correlation amongst the responses as a result of the repeated measurements, as well as the feedback 
between the responses and predictors at different time points. Lalonde, Wilson and Yin (2013) developed 
an approach based on generalized methods of moments (GMM) for identifying and using valid moment 
conditions to account for time dependent covariate in longitudinal data with binary outcomes. However, 
the model developed using this approach does not provide information regarding the specific 
relationships that exist across time points. We present a SASTM macro which extends the 
work of Lalonde, Wilson and Yin by utilizing valid moment conditions to estimate and evaluate the 
relationships between the response and predictors at different time periods. The performance of 
this method is compared to previously established results. 

INTRODUCTION 

Longitudinal studies often involve the collection of repeated measurements on the same subjects over 
time. In many cases, the effect of the covariates on the outcome can change over the course of the study. 
For example, in a study of patient readmission to a hospital across a number of visits, researchers may 
collect information on covariates such as the number of diseases affecting the patient. In these studies, 
we would expect the response (hospital readmission) to vary across time and would model this change as 
a function of the covariates. However, we may also expect the number of diseases to vary across the 
time points and thus may consider treating it as time dependent. This time dependence can also result in 
a lagged effect on the outcome in which the level of the covariate at previous time points has a carryover 
effect on the outcome at future time points. The repeated measurements may also result in a feedback 
process from the outcome onto the covariate across time points.  

A number of approaches have been discussed to address the correlation that arises as a result of the 
associations present in longitudinal data. Generalized estimating equation (GEE) are often used when the 
clustering in longitudinal data leads to violations in the assumption of independence (Zeger, Liang 1986; 
Liang, Zeger 1992). These models provide inference for a population average of the outcome using a 
working correlation matrix to account for the dependencies in the outcomes. However, Pepe et al (1994) 
and Hu (1993) found that GEE may not achieve consistency in the presence of time dependent 
covariates. One method for adapting GEE to time dependent covariates is through the use of a lagged 
effect with an independent working correlation matrix. However, these models require the strong 
assumption that the responses for each individual across time are independent, which may not always be 
appropriate. 

In the case of time dependent covariates, generalized method of moments (GMM) can be preferred to 
GEE (Lai and Small 2007). Lalonde, Wilson and Yin provided a GMM approach to incorporate only valid 
moment conditions in estimating GMM regression parameters (2014). We provide an extension of this 
approach to explicitly model the relationships between the outcome and the covariates across time and 
present a SAS macro implementation for fitting these models which is flexible and applicable to the 
analysis of binary outcome data with varying numbers of time points. Two illustrations are considered and 
comparisons are made to the GMM estimates provided by the Lalonde, Wilson and Yin approach. 

GENERALIZED METHOD OF MOMENTS 

Suppose our data has repeated observations taken across 𝑇 time points on 𝑁 subjects with 

measurements on 𝐽 different covariates. We denote these observations as (𝑦𝑖𝑡 , 𝒙𝒊𝒕) for the 𝑖 = 1, … , 𝑁 

subjects, at time 𝑡 = 1, … , 𝑇. The covariates are contained within the vector 𝒙𝒊𝒕, which is comprised of the 

𝐽 covariates indexed by 𝑗 = 1, … , 𝐽. The outcomes 𝑦𝑖𝑠 and 𝑦𝑘𝑡 are assumed to be independent when 𝑖 ≠ 𝑘, 
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but not necessarily when 𝑖 = 𝑘 and 𝑠 ≠ 𝑡. Thus, observations from different subjects are independent, but 
measurements at different times taken on the same subject may not be independent.  

Lai and Small (2007) presented a GMM approach to fit a marginal model for longitudinal data with 
continuous outcomes to account for time dependent covariates. They made use of the moment condition 

E [
∂μis(𝛃)

∂βj

{yit − μit(𝛃)}] = 0 

where μit(𝛃) is the expected value of 𝑦𝑖𝑡 based on 𝒙𝒊𝒕 and where 𝜷 is the vector of parameter values for 
the marginal regression on 𝑦𝑖𝑡. Further, we assume that the generalized linear model is appropriate in 
relating the outcome to the covariates. This assumption on the marginal distribution ensures that this 
moment condition will hold when the response and the covariates are from the same time point, or 
equivalently when 𝑠 = 𝑡. However, this equation is not guaranteed to hold when 𝑠 ≠ 𝑡. 

Lai and Small (2007) discussed the use of a set of classifications for time dependent covariates. They 
identified Type I, Type II and Type III covariates, which can be used to include or exclude certain moment 
conditions, based on the type of covariate. A Type I covariate is one in which the above moment condition 
holds for all 𝑠 and 𝑡. A Type II covariate is one in which this moment condition holds for 𝑠 ≥ 𝑡, but does 

not hold for all 𝑠 < 𝑡. A Type III covariate is one in which the above moment condition does not hold for 
any 𝑠 > 𝑡. They showed that incorporating this additional information regarding the moment conditions 
provided marked improvements over GEE. 

Lalonde, Wilson and Yin (2014) extended this approach and identified the Type IV covariate, which is 
unique from the other three covariate types. Beyond this additional covariate type, they proposed a 
method for selecting and incorporating valid moment conditions when fitting generalized method of 
moments. This approach did not require the identification of covariate types, but instead investigated the 
relationships between the outcome and each covariate across time. 

Since the moment conditions when 𝑠 = 𝑡 are all assumed to be valid, consider the 𝑇(𝑇 − 1) moment 

conditions for the cases 𝑠 ≠ 𝑡 which must be evaluated for validity. Lalonde, Wilson and Yin (2014) 
showed that for 𝑠 ≠ 𝑡, the moment condition 

E [
∂μis(𝛃)

∂βj

{yit − μit(𝛃)}] = 0 

is equivalent to  

𝐶𝑜𝑟𝑟 [
∂μis(𝛃)

∂βj

{yit − μit(𝛃)}] = 0 

Thus, each moment condition can be tested by evaluating the correlation between the residual at time 𝑡, 
denoted by 𝑒𝑡 and the covariate at time 𝑠, which we denote by 𝜌𝑥𝑠, 𝑒𝑡

. Based on previous work (Fisher 

1928; Lalonde, Wilson and Yin 2014), we have that under 𝐻0: 𝜌𝑥𝑠, 𝑒𝑡
= 0 the sample correlation coefficient 

𝜌̂𝑥𝑠, 𝑒𝑡
 is asymptotically distributed as normal; therefore each correlation and thus the respective moment 

condition can be evaluated using a standard normal test statistic given by 

𝑧𝑡𝑠
∗ =

𝜌̂𝑥𝑠, 𝑒𝑡

√𝜇̂22/𝑁
 

Where 𝜌̂𝑥𝑠, 𝑒𝑡
=

∑ 𝑒𝑖𝑡𝑋𝑖𝑠𝑗
𝑁
𝑖=1

√∑ 𝑒𝑖𝑡
2𝑁

𝑖=1 ∑ 𝑋𝑖𝑠𝑗
2𝑁

𝑖=1

  and the variance is given by 𝜇̂22 =
1

𝑁
∑ 𝑒𝑖𝑡

2 𝑥𝑖𝑗𝑠
2𝑁

𝑖=1 . This test can be conducted 

as usual, with a user-defined significance level, 𝛼. 

Once the valid moment conditions are identified, the GMM regression parameters can be obtained by 
solving an objective function based on a matrix composed of valid moment conditions and a weight matrix 
(Lalonde, Wilson and Yin 2014). The GMM estimators for the regression parameters is the vector 𝜷 that 
minimizes the objective function 

𝜷̂𝑮𝑴𝑴 = 𝑎𝑟𝑔𝑚𝑖𝑛𝜷𝟎
𝑮𝒏(𝜷𝟎)𝑻𝑾𝒏(𝜷𝟎)𝑮𝒏(𝜷𝟎) 
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where 𝐺𝑛(𝜷𝟎) is a reshaped vector of valid moment conditions, summed across all 𝑁 subjects, and 

𝑊𝑛(𝜷𝟎) is the matrix of weights. The vector of valid moment conditions for the ith subject in the study is 

given by 𝒈𝒊, which is composed of the elements 
∂μis(𝛃𝟎)

∂βj
{yit − μit(𝛃𝟎)}. 

Although the GMM model discussed by Lalonde, Wilson and Yin (LWY) incorporates information from the 
time dependent covariates, it does not provide insight into the individual relationships that exist across 
time. We propose the use of an extension to the LWY approach to estimate each of these relationships. 
For the case of three time points, the partial GMM can be fit according to the model 

g(μit) = β0 + βj
ttXi,t + βj

|s−t|=1
Xi,t−1 + βj

|s−t|=2
Xi,t−2 

where 𝛽0 is the intercept, 𝛽𝑗
𝑡𝑡 represents the effect of the jth predictor on the outcome in the same time 

point. The coefficients  βj
|s−t|=1

 and βj
|s−t|=2

 denote the effect of the jth covariate on the outcome across a 

one or two point lag, respectively. Although this model is written with respect to three time points, this 
approach can be easily extended to data sets with more or less time points. 

SAS MACRO 

The partial GMM can be fit in SAS using the general macro call which mimics the arguments used in the 
%GMM macro introduced by Cai and Wilson (2015; 2016): 

%partialGMM(ds=, file=, timeVar=, outVar=, predVar=, idVar=, alpha=); 

 

The first argument DS is used to specify the location of the dataset, while the second argument file is 
used to reference the SAS file (.sas7bdat) to be analyzed. The next four arguments are used to identify 
specific variables in the data set which will be used in fitting the partial GMM. The timeVar argument 
identifies the variable name for the time points. The variables outVar and predVar identify the binary 
outcome variable and set of covariates, respectively. Multiple covariates can be analyzed and specified in 
the predVar statement, where each covariate should be delimited by a space. The idVar argument takes 
the subject identification variable. The last argument, alpha, refers to the significance level at which the 
correlations between the residuals and covariates will be tested for evaluating validity of the moment 
conditions. 

As an example of the syntax for this macro, consider the call to the %partialGMM macro for the Medicare 
example discussed in the following section. The corresponding call is given by: 

 %partialGMM(ds='C:\Users\Documents\IML', 

 file=Medicare, 

 timeVar=time,  

 outVar=biRadmit, 

 predVar=NDX NPR LOS DX101, 

 idVar=PNUM_R, 

 alpha=0.05); 

 

This macro relies on a number of base SAS procedures such as PROC LOGISTIC and PROC GENMOD 
to obtaining residuals for the logistic regression model, as well as appropriate starting values for 
optimization based on the GEE estimates. Identification of valid moment conditions as well as estimation 
of the model parameters and respective analyses are conducted primarily in PROC IML. Newton-
Raphson optimization is used to identify the parameter values which minimize the objective function. The 
%partialGMM macro returns parameter estimates for each of the covariates (and the respective lags), 
along with estimates of the standard deviation, Z-value and P-value for the hypothesis 𝐻0: 𝛽𝑗 = 0. The 

lags are referenced by concatenating an underscore and a lag count for each of the covariates, where the 
lag count begins at 0 for the covariate relationships within the same time point (also called current time 
point) and end at 𝑇 − 1. For example, for a generic variable ‘𝑋’ with measurements taken at 3 time points, 

the macro will return estimates for 𝑋_0, representing the effect of X at the current time point, 𝑋_1, denoting 
the effect of X at a one time point lag and 𝑋_2, representing the effect of X at a two time point lag. The 
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macro will also produce notes if any covariate relationships cannot be estimated. This macro is available 
online at http://www.public.asu.edu/~jeffreyw/. 

DATA EXAMPLE 

MEDICARE 

To illustrate the use of the %partialGMM macro, we first analyzed Medicare data extracted from the 
Arizona State Inpatient database (Lalonde, Wilson and Yin 2014). The outcome of interest was hospital 
readmission for the same condition. Thus, the response in this data set is binary representing whether or 
not the following visit for a given subject occurred within 30 days for the same condition. This data set 
contains information on 1,625 patients aged 65 and over, who were admitted to the hospital exactly four 
times, thus yielding three measurements per subject. In addition to the outcome, the data also included 
four covariates, representing number of diseases (NDX), number of procedures (NPR), length of stay 
(LOS) and presence of coronary atherosclerosis (DX101). 

This data was analyzed using the %partialGMM macro, where each of the four covariates were treated 
as time dependent. The partial GMM model was fit using the call: 

%partialGMM(ds='C:\Users\Documents\IML', 

 file=Medicare, 

 timeVar=time,  

 outVar=biRadmit, 

 predVar=NDX NPR LOS DX101, 

 idVar=PNUM_R, 

 alpha=0.05); 

 

Based on this analysis, we can see that NDX has a significant effect on readmission at the current time 
point and at a one time point lag. NPR has a moderately significant effect on readmission at the current 
time point and a significant effect at a one time point lag. LOS had a significant effect in the current time 
point and a moderately significant effect on readmission at a one time point lag. DX101 was not found to 
be significant at any time point. We note that the macro produced no results for LOS at a two point lag. 
Since there were no valid moment conditions for this covariate at a two point lag, this relationship cannot 
be estimated. The output from this macro call are included in Figure 1. 

 

Figure 1. Partial GMM Estimates for the Medicare Data Analysis 
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In addition to the GMM parameter estimates, the macro also produces a note regarding which parameters 
were estimated. As noted previously, LOS cannot be estimated at the two time lag. An example of this 
output is included in Figure 2. 

 

Figure 2. Moment Condition Notes for the Medicare Data Analysis 

As a comparison, we also fit the generalized estimating equations model, as well as the GMM approach 
discussed by Lalonde, Wilson and Yin (2014). Although this is the same data set analyzed in their work, 
we omit the indicators for time and refit these models without the indicators; thus the estimates vary 
slightly from their original results. We can see that the GEE and LWY-GMM approach produce similar 
results. We compared these models to the parameter estimates developed using the Partial GMM 
approach for the current time point and saw that the parameter estimates are similar for the current time 
point and that the significance of the predictors are also nearly the same. However, both of these 
approaches produce only one parameter estimate per covariate, while the Partial GMM provides further 
insight into the individual relationships that may exist across time, as noted previously. In particular, we 
saw that there were significant lagged effects for some of the covariates, which cannot be evaluated 
using GEE or the LWY-GMM. The results of these analyses are included in Table 1. 

 LWY-GMM GEE Partial GMM (Current time) 

Parameter Estimate p-value Estimate p-value Estimate p-value 

Intercept -0.6143 <.0001 -0.5936 <.0001 -0.487 <.0001 

NDX 0.0567 0.000287 0.065 <.0001 0.0661 <.0001 

NPR -0.0239 0.2038 -0.0184 0.3274 -0.03656 0.0597 

LOS 0.0463 <.0001 0.0304 <.0001 0.04756 <.0001 

DX101 -0.0479 0.606371 -0.1022 0.2661 -0.0688 0.4597 

Table 1. Comparison of LWY-GMM, GEE and Partial GMM models 

PHILIPPINES 

We also analyzed data collected in the Bukidnon Province of the Philippines by the International Food 
Policy Research Institute to further illustrate the use of the %partialGMM macro (Bhargava 1994). This 
study investigated the relationship between morbidity and body mass index (BMI) and includes 
information on 370 children, each with three observations taken across time. The binary outcome in this 
data was morbidity status and we investigated two covariates representing BMI and age, both of which 
were treated as time dependent. This model was fit using the macro call: 

%partialGMM(ds='C:\Users\Documents\IML', 

 file=philippb, 

 timeVar=time,  

 outVar=sick, 

 predVar=bmi age, 

 idVar=childid, 

 alpha=0.05); 

 

We found that BMI was significant in the current time point, at the one time lag as well as at a two time 
point lag. Age was also shown to be significant within the current time point, as well as at a one time lag. 
The output produced by the macro is included in Figure 3. 
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Figure 3. Partial GMM Estimates for the Philippines Data Analysis 

For this analysis, we were able to estimate all covariate effects, which is also noted in the output from the 
macro. This output is included for illustration in Figure 4. 

 

Figure 4. Moment Condition Notes for the Medicare Data Analysis 

CONCLUSION 

There are a number of associations that arise as a result of the repeated measurements in longitudinal 
studies. Many methods have been proposed to help account for these associations, such as generalized 
estimating equations, or generalized method of moments. In many cases, relationships can exist across 
time points between the covariate and the response which cannot be accounted for by a single regression 
parameter. 

We provide the %partialGMM macro in SAS, which explicitly accounts for these relationships across time. 
This macro incorporates only valid moment conditions to estimate logistic regression parameters, and 
also provides appropriate p-values for hypothesis testing. The effect of each covariate on the response is 
evaluated at the current time point, as well as for lags up to 𝑇 − 1. Looking forward, this macro will be 
extended to accommodate continuous response data as well as time independent covariates. 
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