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ABSTRACT  

Longitudinal data often includes time-dependent covariates, which must be accounted for with an 
appropriate model. Although a number of models have been proposed to analyze time-dependent 
covariates, most approaches constrain the effect of each covariate on the outcome to be constant across 
time. Irimata, Broatch, and Wilson (2018) introduced a partitioned generalized method of moments 
(GMM) model that used only valid moment conditions to estimate the differing relationships within 
longitudinal data. This model provides insight into potential lagged effects of a given covariate on the 
response in a later time period. Each regression coefficient is estimated using moment conditions 
corresponding to the respective time period. Irimata and Wilson (2017) presented a SAS® macro for fitting 
this partitioned GMM model for binary outcomes using SAS/IML® software. We extended the 
%partitionedGMM macro to allow for either continuous or binary outcomes. In this paper, we also 
expanded this macro to fit time-independent covariates. The performance and use of this macro are 
demonstrated through the analysis of two examples—one with a continuous outcome and one with a 
binary outcome. 

INTRODUCTION  

Longitudinal data are commonly encountered in many disciplines, such as in health research. These data 
involve repeated observations collected on the same set of subjects or units over time. For instance, in 
the National Longitudinal Study of Adolescent to Adult Health (Add Health), data are collected on a set of 
adolescents across the United States across four waves (Harris & Udry, 2016; NIPORT, 2011). In this 
study, outcomes such as obesity status are expected to vary across the collection waves. Due to the 
repeated measurements, the effect of time-dependent covariates, such as physical activity level or 
depression level, on the outcome may also be expected to vary as time progresses. For instance, a 
child’s low physical activity level at the first collection wave will have an effect on his or her obesity status 
at the first wave, and may also have an effect on his or her obesity at future time-periods.  

The carry-over effects of time-dependent covariates have often been addressed using lagged models. 
These approaches incorporate previous and current observations of the predictor variables in the model 
to account for autocorrelation (Keele & Kelly, 2005). In the case of longitudinal data, the generalized 
estimating equations (GEE) model developed by Zeger and Liang (1986) has been applied as a lagged 
model with an independent working correlation structure (Schildcrout & Heagerty, 2005). One drawback 
to this approach is that the independent working correlation structure may utilize moment conditions 
which are not valid into the estimation. 

More recently, generalized method of moments (GMM) models have been introduced to account for the 
issues posed by time-dependent covariates. Lai and Small (2007) proposed a GMM model which relied 
on a covariate classification scheme to utilize valid moment conditions in obtaining parameter estimates. 
This approach ensured that all available information was employed, while invalid information was 
excluded in the analysis. Specifically, they developed the Type I, Type II and Type III covariates, which 
each incorporate a varying number of moment conditions. Lalonde, Wilson and Yin (2014) presented a 
GMM model which utilized a hypothesis test to separately evaluate each moment condition for validity. 
They utilized bivariate correlations to evaluate each moment condition, and were thus able to integrate all 
available valid information in developing regression models. However, both these approaches grouped all 
valid moment conditions for a given predictor, and thus estimated only a single regression parameter to 
characterize an overall effect of each time-dependent covariate. In practice, this overall estimate may not 
provide sufficient insight into the complex relationships inherent to longitudinal studies. 

Irimata, Broatch and Wilson (2018) improved upon the GMM and lagged modeling frameworks and 
proposed the Partitioned GMM model to incorporate lagged coefficients, while also utilizing only valid 
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moment conditions to ensure efficiency. They utilized either the Type II covariate presented by Lai and 
Small (2007), or the individual tests for validity presented by Lalonde, Wilson and Yin (2014) to select the 
moment conditions used in fitting the regression model. However, rather than using an overall estimate of 
the effect of each time-dependent covariate, they partitioned the moment conditions based on the 
relationship they represented. Moment conditions corresponding to observations of the covariate and 
response in the same time-period were used to estimate a cross-sectional regression parameter. Moment 
conditions obtained from observations on the covariate at one time-period prior to the outcome were used 
to estimate a one time-period lagged regression parameter, and similarly for larger time-period lags. 

In this paper, we present the %partitionedGMM macro in SAS to fit the Partitioned GMM model. We 
provide discussions on the capabilities and functionalities of this macro and consider applications to both 
the Add Health dataset, and to a clinical study of depression scores. 

%PARTITIONEDGMM SAS MACRO 

The Partitioned GMM model can be fitted in SAS using the %partitionedGMM macro, which utilizes the 
general call: 

  %partitionedGMM(ds=.,  

 file=,  

 timeVar=,  

 outVar=,  

predVarTD=,  

 idVar=,  

 alpha=0.05,  

 predVarTI=.,  

 distr=bin,  

 optim=NLPCG,  

 MC=LWY); 

The first argument ds is optional and specifies the location of the dataset to be analyzed. The file 
argument can be used to reference either the SAS file (.sas7bdat) in conjunction with the ds statement, or 
in lieu of this argument references the SAS dataset in the current SAS session. The timeVar argument 
specifies which variable in the dataset denotes the time-periods. The outVar argument specifies the name 
of the binary or continuous outcome variable in the dataset. The argument predVarTD specifies the time-
dependent covariate or covariates to be used in the model, where multiple time-dependent covariates 
should be separated by a space. The idVar argument specifies the subject identification variable. The 
alpha argument denotes the significance level at which the hypothesis test for validity will be evaluated, if 
using the Lalonde, Wilson and Yin method. By default, this argument is set to 0.05. The optional 
argument predVarTI specifies the time-independent covariate or covariates to be included in the analysis, 
where, similar to predVarTD, multiple covariates should be separated by a space. The distr argument 
specifies the distribution of the outcome variable and takes the value of bin by default, denoting a binary 
outcome, while changing this argument to normal will specify a continuous outcome. The optim argument 
is used to select which nonlinear optimization algorithm will be used, with the default being NLPCG for the 
conjugate gradient method. The SAS manual provides a discussion on alternative nonlinear optimization 
algorithms in IML, each of which are incorporated in the %partitionedGMM macro using the same naming 
system. Finally, the mc argument is used to select whether the Lalonde, Wilson and Yin approach to 
identifying valid moment conditions (LWY), or the Lai and Small (LS) approach with a Type II covariate 
should be used. The Lalonde, Wilson and Yin approach is utilized by default. 

The %partitionedGMM macro provides parameter estimates, standard deviations, Z-values and p-values 
for the model. Estimates for the intercept, and any time-independent covariates are provided at the top of 
each output table. The parameter estimates are then grouped based on the relationships being 
estimated. Cross-sectional parameter estimates, corresponding to the case when the covariate and the 
response are observed in the same time-period are labeled as VariableName_0, denoting a zero time-
period difference between the covariate and the outcome. One time-period lagged parameters are given 
by VariableName_1, providing insight into the effect of the covariate onto the outcome across a one time-
period lag. Parameters pertaining to larger time-period lags are named analogously. 
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For illustration, sample output for this macro is given in Figure 1, with one time-independent covariate for 
race, and two time-dependent covariates feelingscale and activityscale. This model was fit using: 

   %partitionedGMM(ds='C:\Users',  
 file=Addhealth, 

 timeVar=Wave,  

 outVar=BMI, 

 predVarTD=feelingscale activityscale, 

 idVar=ID, 

 alpha=0.05, 

 predVarTI=race, 

 distr=bin, 

 optim=NLPCG, 

 MC=LS); 

In this case, the intercept and the time-independent covariate race are provided first in the output table. 
The cross-sectional parameter estimates for the two time-dependent covariates are denoted by 
feelingscale_0 and activityscale_0. The table also provides results for each of the time-dependent 
covariates up to a three time-period lag, which is the maximum possible with a dataset composed of four 
time-periods. 

 

Figure 1. Sample Output for the %partitionedGMM Macro 

DATA EXAMPLE 

We analyzed two data examples to illustrate the use of the %partitionedGMM macro. The first example 
focused on a binary outcome representing obesity status in children, using data from Add Health (Harris 
& Udry, 2016). The second example utilized data from a clinical study of depressed inpatients (Reisby et 
al., 1977). We fitted the Partitioned GMM model to each data first using the Lai and Small (LS) Type II 
covariate, and secondly using the Lalonde, Wilson and Yin (LWY) method for individual moment testing. 
For comparison, we also provide the results of a lagged GEE model with an independent working 
correlation structure obtained using the GENMOD procedure in SAS. 

ADD HEALTH 

The Add Health data were collected beginning in 1994-1995, and followed a cohort of students. This 
group of students were subsequently interviewed at three later waves, producing a total of four 
measurements. This data contained information on 2,712 students at all four time-periods. The outcome 
of interest for this analysis was a binary indicator representing obesity status, based on the child’s BMI at 
each wave. The data included four time-dependent covariates representing depression level 
(feelingscale), hours spent watching television (TVHRS), physical activity level (activityscale), as well as 
an indicator variable representing whether the child was a social alcohol drinker (alcohol). In addition, 
there was information on one time-independent covariate denoting whether the child was white or non-
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white (race). The data were first analyzed using the %partitionedGMM macro with the Lai and Small Type 
II covariate. This model was fit using: 

   %partitionedGMM(ds='C:\Users',  
 file=Addhealth, 

 timeVar=Wave,  

 outVar=BMI, 

 predVarTD=feelingscale tvhrs activityscale alcohol, 

 idVar=ID, 

 alpha=0.05, 

 predVarTI=race, 

 distr=bin, 

 optim=NLPCG, 

 MC=LS); 

The output from this macro call is provided in Figure 2. 

 

Figure 2. Partitioned GMM (LS) Output for the Add Health Analysis 

The data were also analyzed using the %partitionedGMM macro with the Lalonde, Wilson and Yin 
approach with the macro call: 

   %partitionedGMM(ds='C:\Users',  
 file=Addhealth, 

 timeVar=Wave,  

 outVar=BMI, 

 predVarTD=feelingscale tvhrs activityscale alcohol, 

 idVar=ID, 

 alpha=0.05, 

 predVarTI=race, 

 distr=bin, 

 optim=NLPCG, 

 MC=LWY); 
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The results of this macro call are given in Figure 3. 

 

Figure 3. Partitioned GMM (LWY) Output for the Add Health Analysis 

For comparison, we fitted the lagged GEE model with an independent working correlation structure to the 
Add Health data and contrasted these results to the Partitioned GMM models. We saw that the results of 
the two Partitioned GMM approaches varied slightly. This discrepancy is due to the different moment 
conditions utilized in estimating each model. Notably, the Partitioned-LWY model did not produce 
parameter estimates for some parameters, such as depression level at a two time-period lag. Because 
each moment condition is separately tested for validity, in some cases certain relationships are not 
estimable. We also saw that the lagged GEE model varied as compared to either Partitioned GMM 
model. These differences were as expected, as the GEE approach does not incorporate any type of 
restriction regarding the validity of moment conditions utilized in obtaining the regression model. A 
comparison of these three approaches are provided in Table 1. 

  Partitioned-LS Partitioned-LWY Lagged-GEE 
  Est. p-Value Est. p-Value Est. p-Value 
 Intercept -3.076 <.001 -3.025 <.001 -2.526 <.001 
 Race 0.074 0.433 0.222 0.020 0.067 0.456 

Cross-
sectional 

Depression 0.384 <.001 0.501 <.001 0.137 0.166 

TV Hrs 0.015 <.001 0.015 <.001 0.013 <.001 

Activity -0.059 0.057 -0.165 <.001 -0.144 <.001 

Alcohol -0.060 0.414 0.010 0.895 -0.124 0.064 

Lagged 
one period 

Depression 0.315 <.001 0.582 <.001 0.290 <.001 

TV Hrs 0.002 0.216 0.004 0.089 0.004 0.046 

Activity -0.028 0.197 -0.095 <.001 -0.021 0.350 

Alcohol 0.078 0.189 0.046 0.476 0.025 0.670 

Lagged 
two periods 

Depression 0.661 <.001 - - 0.692 <.001 

TV Hrs 0.013 <.001 - - 0.010 <.001 

Activity 0.069 0.002 0.180 <.001 0.075 0.001 

Alcohol 0.068 0.283 0.295 <.001 0.008 0.893 

Lagged 
three 

periods 

Depression 0.417 <.001 - - 0.432 <.001 

TV Hrs 0.012 <.001 - - 0.012 <.001 

Activity 0.019 0.493 0.158 <.001 -0.009 0.766 

Alcohol 0.017 0.822 - - 0.057 0.466 

Table 1. Comparison of the Partitioned GMM models and Lagged GEE for the Add Health Study 
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DEPRESSION STUDY 

The depression data were first examined by Reisby, et al (1977), who focused on the relationships 
between Imipramine (IMI) and Desipramine (DMI) levels in depressed patients. The data contained 
information on 52 unique inpatients, with measurements taken at each of four weeks. The outcome of 
interest was continuous and denoted changes in Hamilton Depression Scores. Both IMI and DMI were log 
transformed, and were treated as time-dependent. We also included a time-independent variable 
denoting each patient’s gender. The data were analyzed using the %partitionedGMM macro with the Lai 
and Small Type II covariate using: 

   %partitionedGMM(ds='C:\Users', 
 file=Reisby, 

 timeVar=time,  

 outVar=hamdelt, 

 predVarTD=lnimi lndm, 

 idVar=id, 

 alpha=0.05, 

 distr=normal, 

 predVarTI=sex, 

 optim=NLPCG, 

 MC=LS); 

The results of this macro call are provided in Figure 4. 

 

Figure 4. Partitioned GMM (LS) Output for the Depression Analysis 

The data were also analyzed using the %partitionedGMM macro with the Lalonde, Wilson and Yin 
approach to evaluate the validity of moment conditions using: 

   %partitionedGMM(ds='C:\Users', 
 file=Reisby, 

 timeVar=time,  

 outVar=hamdelt, 

 predVarTD=lnimi lndm, 

 idVar=id, 

 alpha=0.05, 

 distr=normal, 

 predVarTI=sex, 

 optim=NLPCG, 

 MC=LWY); 

For this analysis, all moment conditions were identified as valid. The results for this macro call are given 
in Figure 5. 
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Figure 5. Partitioned GMM (LWY) Output for the Depression Analysis 

For comparison, we fitted the lagged GEE model with an independent working correlation matrix. Since 
all moment conditions were identified as valid, the Partitioned-LS and Partitioned-LWY models both 
utilized the same sets of moment conditions. Thus, the results of these two Partitioned GMM approaches 
were identical. The lagged GEE model produced results that were different from those of the Partitioned 
GMM model. This discrepancy again illustrates the effect of utilizing invalid moment conditions in fitting 
the regression model. The results of these three models are provided in Table 2. 

  Partitioned-LS Partitioned-LWY Lagged-GEE 
  Est. p-Value Est. p-Value Est. p-Value 
 Intercept 7.454 0.174 7.454 0.174 4.897 0.231 
 Gender -3.040 0.277 -3.040 0.277 -0.502 0.780 

Cross-
sectional 

IMI -0.660 0.105 -0.660 0.105 -0.935 0.359 

DMI -1.749 0.174 -1.749 0.174 -1.337 0.070 

Lagged 
one period 

IMI -0.844 <.001 -0.844 <.001 -0.727 0.248 

DMI 0.626 <.001 0.626 <.001 0.389 0.490 

Lagged 
two 

periods 

IMI 0.353 0.918 0.353 0.918 0.569 0.271 

DMI -1.052 0.705 -1.052 0.705 -1.103 0.020 

Lagged 
three 

periods 

IMI 0.246 0.967 0.246 0.967 0.814 0.549 

DMI -0.450 0.930 -0.450 0.930 -1.050 0.350 

Table 2. Comparison of the Partitioned GMM models and Lagged GEE for the Depression Study 

CONCLUSION 

Longitudinal data provide additional insight into subjects observed at multiple time-periods. However, the 
repeated measurements over time also introduce additional challenges such as those posed by time-
dependent covariates. Though methods have been introduced to account for this correlation, many of 
these approaches produce only one parameter to represent an overall effect of the covariate on the 
response over time. Other models, which introduce additional parameters to represent the effect of the 
covariate on the outcome over time rely on potentially invalid moment conditions and thus can produce 
inefficient or biased estimates. 

We provide the %partitionedGMM macro in SAS to fit the Partitioned GMM model introduced by Irimata, 
Broatch and Wilson (2018). This macro extends previous implementations by providing support for the 
use of either the Lalonde, Wilson and Yin approach to testing moment conditions, or the Type II covariate 
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proposed by Lai and Small. Further, this macro allows for the fitting of either binary or continuous 
outcomes, while also taking into account time-independent covariates. 
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