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ABSTRACT

In many healthcare settings, patients are like customers — they have a choice. An example is whether or
not to receive a procedure. In population-based screening where the goal is to reduce deaths, the
success of a screening program hinges on the patient’s choice to accept the procedure. Like in many
other industries, this not only relies on the program’s ability to attract new eligible patients, it also relies on
its ability to retain existing customers.

The success of a new customer retention strategy within the breast screening environment is examined.
A population averaged (PA) model (aka marginal models) using Generalized Estimating Equations (GEE)
in the GENMOD procedure is used to account for the lack of independence of the observations. This
business case provides a great introductory session for people who are not familiar with mixed effects
models or hierarchical modelling with a binary outcome. It provides guidance when to use a cluster-
specific mixed effects model and when to apply a PA model. It then leads you through the decision
process to understand why the PA model is the most appropriate method in this scenario, and
implements a GEE within SAS®.

INTRODUCTION

This paper is aimed at analysts familiar with logistic regression models but who are seeking to learn more
about mixed effects or hierarchical modelling with a binary outcome. It focuses on two methods; one is
the ‘population average’ (PA) using Generalized Estimating Equations (GEE) by Liang and Zeger, and
method two is the subject or cluster-specific (CS) method using random effects model with a binary
outcome. Minimal methodology is specified as the focus is on the applied application of the methods.

Using a GEE, the success of a new customer retention strategy within the breast screening environment
is examined (the business case). Correlation is inherent within the data, which both the GEE and CS
methods can account for. Since many people can be unsure when it is appropriate to use each method,
the motivation of this paper is to use this business case to provide guidance and understanding as to
when each method is appropriate. The paper first presents background information and the design of the
study implemented. It then gives a brief description of each method and leads you through the decision
process so you can understand why the PA model is the most appropriate model in this scenario. It
concludes with implementation of the GEE model using the GENMOD procedure in SAS/STAT® software
Version 14.1.

Although this example is health related, the concept can be applied to all industries. It is critical to
understand the objective of your study and the structure of your data to make the informed decision on
which is the most appropriate method to apply. Once you understand and recognize the inherent
nuances of your data, there is very little SAS® code required.

BUSINESS CASE
BACKGROUND

Regular breast cancer screening is an important part of women’s health. British Columbia (BC) is among
the best in the world when it comes to population breast cancer survival outcomes [2]. This success is
largely due to the publicly funded health care system accessible by all residents, a centralized cancer
treatment system and a population-based breast cancer screening program. According to randomized
trials investigating the efficacy of breast cancer screening, the relative reduction in mortality due to breast
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cancer ranges from 15 to 25% [3, 4, 5, 6], which emphasizes the value of patient participation in
screening programs.

Within the BC Screening Mammography Program (SMP), the data collected is analyzed on an ongoing
basis to monitor the program’s efficacy and identify areas for improvement. For a screening program to
be effective in reducing mortality and provide optimal benefit women not only need to participate in
screening initially (first screens), they also need to return for ongoing screening at the appropriate interval
(retention) [7].

In BC there are 5 major regional health authorities (HAs). Within each of the 5 HAs there are 3-4 health
service delivery areas (HSDAS). Retention rates for the 16 HSDAs are monitored by the program.

THE PROBLEM — RETENTION RATES DECLINING

The BC Screening Mammography Program follows nationally set standards for retention rates. It has a
target of 275% for women after their first screen and 290% for women who have had more than one
screen. The BC SMP has experienced a decline in recent years and retention rates have fallen below
targets (see Figure 1).

Figure 1: Retention Rates after 1st and Subsequent Mammography Screen for Women in Target
Age Group 50-69, Years 2011-2016
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MITIGATION EFFORTS - INVESTIGATIVE STUDY

One of the main elements of customer retention is building loyalty. A major component of this loyalty is
emotional attachment [8]. Patients often feel the need to create — and often do create — a personal
relationship with their GP [9]. The emotional attachment created by the patient-GP relationship lends itself
to the GP playing a key role in shaping their patients’ engagement in health-related behaviors. In fact,
randomized control studies have been conducted where it has been shown that women’s participation in
breast screening increases if they received a letter from their GP rather than from the screening program
[10, 11].

Currently, in the BC system, all women in the target age group receive invitation and reminder letters from
the SMP. The SMP therefore performed an investigative study in one HSDA to examine the efficacy of
GP invite letters on retention of women who had not returned to the screening program. It was initially
planned to be a randomized control trial but due to cost and practical issues one could not be
implemented. Instead the SMP invited all 344 GPs practicing as of 1st January 2016 within one HSDA to
participate.

Participation included the GP sending an invitation letter to the female patients in their practice who were
overdue for mammography screening (the intervention condition). Women were aged 50-69 and overdue
by 24-96 months as of 31st December 2015. If a GP chose not to participate, the standard SMP invite
letter was sent to female patients in their practice fitting the same criteria (the control condition). The
SMP wanted to know if return rates were higher in women who received a letter from the GP compared to
those who received the normal reminder letter from the SMP. A statistician was brought in after the
completion of the study to analyze the data.

ANALYSIS DESIGN

In order to try to estimate the success of the use of the GP invite letter, the least biased control group was
chosen. There are inherent biases in using GPs who chose not to participate as the control. The fact they
did not participate may indicate they are generally less engaged in breast screening so they could have a
lower underlying retention rate compared to the GPs who agreed to participate. In this scenario, if GPs
who participated were found to have a higher retention rate it would be difficult to know how much was
due to the letter sent by the GP. To avoid this problem we look at the retention rate of the same GPs but
from an earlier year and use the earlier year as a baseline.

Women included in the current study were all women who were overdue for a screen up to 8 years. In
order to avoid overlap of women in the control condition, 2008 was used as the baseline year. Return
rates of participating and non-participating GPs in 2016 were compared to their return rates in 2008. Four
GPs were not practicing in 2008 and were excluded. GPs were classified as participated if they agreed to
send invite letters in 2016 pilot study and non-participating if they chose not to.

HYPOTHESIS

If GPs who agreed to participate in 2016 send invite letters to women under their practice and the women under GPs
who did not participate continue to receive the standard SMP invite letter then the retention rates of women under
participating GPs will improve in 2016 compared to 2008 because patients in 2016 will be influenced by the GP’s
endorsement of breast screening, whereas the women in 2008 will have only received the SMP standard letter. In
addition, the retention rates of women under the practice of GPs who did not participate will not improve in 2016
because neither group is influenced by the receipt of a GP invite letter, as per the pattern shown in Figure 2.



Figure 2: Hypothesis of Change in Retention Rate from 2008 to 2016
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CHARACTERISTICS OF THE DATA STRUCTURE

It is highly likely that women under the care of the same GP will be more similar to one another than
they will to women who are seeing a different GP. For example, one GP, due to their own beliefs,
may have different opinions on the effectiveness of breast screening women and this belief may have
underlying influence on women that attend their practice but would not affect women under other GP
practices. This leads to variability not only between the GPs but also between women who are nested
within the GP. For analysis this means the assumptions of independent and identically distributed
observed outcomes do not hold.

There are 2 levels of information available — GPs and women within GP. Since women are nested
within GP, each GP can be thought of as a ‘cluster’.

There is only one observation per woman.

Each observation is unique to a specific cluster. As there is only one observation per woman, a
woman can only be under one GP.

The data is unbalanced. A different number of women are within a GP.

The number of observations within a cluster varies quite considerably. The median number of
women under one GP is 30 and ranges from 4 to 176.

There are a large number of clusters. A total of 340 GPs; 205 patrticipated, 135 did not.

The data are nested, not longitudinal and so it is unlikely information from women observed would
inform data on women not observed. It therefore seems reasonable to assume data are missing
completely at random (MCAR) rather than missing at random (MAR).

In each cluster the variable of interest takes only one value. All women under one GP received the
same type of letter invite, whether that is the standard SMP letter or the letter from the GP.



VARIABLES

The outcome (returned) is binary, defined as return to screening within 6 months of the invite letter or
not. Itis measured at level 1, i.e. the outcome is for each woman. The intervention of interest
(participate) is at level 2, i.e. it is a cluster-varying covariate as it informs whether the GP participated in
the study or not. We also have level 1-invariant (or women-invariant) covariates as follows:

e Amount of time elapsed since a woman'’s last screen, categorized into 2 groups; time lapsed 24 to 36
months and 37-96 months (lapse_gp)

o Number of previous mammography screens a woman has had, categorized as 1, 2, 3, 4, 5, 6, 7 and
8+ (total_screens)

e Woman'’s age at her last screen grouped in 3 age groups; 49-53, 54-57, 58-70 (age_gp)

e Period at which point the woman had not returned for screening (2008 or 2016) (period)

CONSIDERATIONS FOR MODEL SELECTION

If a standard logistic regression is used and the cluster structure is ignored, the model is likely to
underestimate the standard errors of cluster-varying covariates and hence inflate the Type | error.
Not taking the cluster structure into account can also overestimate the standard errors of level 1-
invariant covariates because the between-cluster variability has not been accounted for, causing Type Il
error inflation. In general, if there is failure to take the clustering into account, the stronger the intra-
cluster variation is, the more profound the effect will be on the statistical analysis.

To account for this inherent clustering or correlation, there are several statistical modeling methods that
can be used for a binary outcome. Typically these can be grouped into two classes; marginal or
population averaged (PA) approach, and conditional or cluster specific (CS) approach. A GEE approach
is often used for the PA approach. The GEE and CS models address the problem of correlated
observations but incorporate it into the model differently. For binary outcomes, the regression coefficients
or odds ratios obtained from the two approaches are numerically different, as are their interpretations,
due to the non-linearity of the logistic regression function.

With respect to interpretation, the principle distinction between the two methods is the GEE method
models the average response effect across all clusters i.e. it models the marginal expectations of the
outcome. In a CS model, the response effect is specific for a given cluster. The decision of which one
to use should therefore depend on the objectives of the study.

GEE

To obtain a marginal probability, GEE uses a quasi-likelihood approach [12] which separately models the
mean response across all clusters and the within-cluster association, assuming the primary interest is in
the mean response and the within-cluster correlation is just a nuisance that must be taken into account
for valid inference. A cluster effect is not explicitly included in the model. Instead the within-cluster
correlation is specified through a working correlation whose parameters are estimated by methods of
moments. Rather than having a single constant variance and zero covariance for all the residuals (as in
logistic regression), observations within the same cluster are allowed to have different variances and
nonzero covariances. It also assumes the observations in different clusters are independent. The pattern
of variances and covariances is specified by a working correlation structure. There are different
specifications of the working correlation that can be used. These are described later in the paper.

Since the focus of GEE is on the ‘mean model’, the GEE should only be used if we want to estimate the
average effect over the entire sample rather than estimate the effect for a particular cluster. It cannot
make inferences about the reasons for the variation at the cluster level nor estimate cluster-specific
effects. If you are interested in the cluster effect another method needs to be used. Relating this to our
business case, the question a GEE could answer is:
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How does the probability of a woman returning to screening mammography change if she
received a GP invite letter compared to receiving the SMP standard letter?

The behavior of GEEs is asymptotic to the number of clusters so the more clusters you have, the better. If
you do not have a large humber of clusters, confidence intervals are too narrow and false positive rates
are increased [13]. There is no formal cutoff for what quantifies as ‘too few’ clusters but some research
puts the threshold of concern around 40 clusters [14]. With that said, MacKinnon and Webb found that if
the clusters have different numbers of observations then as many as 100 clusters can still be problematic.
For GEE, the computational complexity increases with the size of the largest cluster rather than the
number of clusters. This can be an advantage if there are many clusters of smaller size. The smaller the
number of clusters there are, the more important it is that the working correlation is accurately specified.

Currently, one drawback of the GEE is standard statistical software does not easily implement more than
2 clustering levels. For example, it could be feasible in addition to the correlation between women within
the same GP, that GPs within the same clinic or within the same city would be correlated. If the marginal
approach is the relevant analysis to perform and there are multiple clustering levels then modelling at the
highest cluster level could be considered, especially if there is little evidence of a strong correlation within
the dataset. The general idea would be to use bigger and more aggregate clusters when possible, up to
the point at which there is concern about having too few clusters [15].

Both GEE and CS can handle unbalanced data. GEE works well if you have data missing and it is
missing completely at random (MCAR). Under this assumption the GEE approach provides consistent
estimators of the regression coefficients and of their robust variances even if the assumed working
correlation is misspecified. However, if the missing data is related to some of the observed data i.e.
missing at random (MAR) then it requires estimation of weights and a more complicated correlation
structure. This can be performed in PROC GEE but is beyond the scope of this paper.

One advantage of the GEE model approach is that it involves fewer assumptions than the CS model and
does not require knowledge of the ways in which individuals are correlated within a GP nor how GPs vary
in order to provide consistent regression parameter estimates.

CLUSTER-SPECIFIC MIXED EFFECTS

The CS method estimates the variance among cluster means and among observations within a cluster. It
partitions the variance into cluster-level and observation-level parts. It assumes the within-cluster
correlation has a specific distribution and attempts to model it. For example, since the focus of using a
CS model is the response pertaining to clusters, in our study, we could model the GP as a fixed effect, so
each GP has its own intercept within the model. However, if we have many GPs, this leads to a high
number of additional parameters (basically, the total number of GPs — 1) in the model with relatively few
degrees of freedom left with which to try to accurately estimate the parameters of interest. A superior
approach is to treat the intercepts relating to each GP as a random variable with a specified probability
distribution. This is what the CS approach does, it treats the cluster effect as a random variable and thus,
each cluster has a different intercept estimated from this random effect and the change in absolute risk
for different levels of covariates from one cluster to another will depend on the baseline rate for the
cluster. This leads to what is known as the random intercept model. It can also be extended to include a
random slope effect. The concept of random intercepts and random slopes is shown in Figure 3 and
Figure 4.



Figure 3: Random Intercepts Figure 4: Random Intercepts and Slopes

Since the change in absolute risk for different levels of covariates from one cluster to another will depend
on the baseline rate for the cluster there is no concept of ‘average’ across a covariate level in this
scenario. The CS approach is therefore of greatest use when the main interest is to make inference
about cluster differences or if the focus is to understand the role of a specific cluster on the outcome. It
can estimate the cluster effect adjusting for covariates of interest, it can evaluate and compare the
performance of the clusters with respect to the outcome and it can compare the difference in cluster
effects between two clusters. In our case, the CS model could answer the following questions:

How does the probability of a woman returning to screening mammography change, if she
received an invite letter from a specific GP compared to receipt of the standard SMP letter
instead?

How does the change in return rates differ if a woman received an invite letter from one GP
compared to another GP?

It is of interest to note, in our study, a CS model would describe the difference in retention when a
particular GP sends invite letters compared to when they do not send invite letters. Since a single GP
only either sends the GP letters or does not, the CS model estimates an unobserved effect. This can be
concerning for some people and for this reason, it can often be recommended to use PA models for
analyzing cluster-specific covariate.

For a CS model, the number of groups, number of level-one units, and the amount of dependency
between the observations affect the accuracy of the estimates. Because the distribution of the cluster-
specific intercepts is modeled, as with GEE it is better to have more clusters than more observations
within a cluster. It has been shown that as few as 10 clusters, with 5 observations within each of the 10
clusters is on the verge of unacceptable, leading to biased (smaller) estimates of the level 2 (cluster-
specific) standard errors. However, more than 50 clusters is ideal [16]. More cases may be needed for
convergence if the model is more complex or data is unbalanced [17].

Even for a standard logistic regression, if only 10 observations were collected, one would have limited
confidence in the inference. The same is true for GEE and CS modeling; if information on only 10 clusters
is collected it is unlikely accurate estimates of the variability are obtained.

CS modeling assumes that the missing data are dependent on the covariates and observed responses
(MAR) which can be preferable and the advantage of using CS modeling with longitudinal data but is
more difficult to justify in the case of only clustered data (e.g. in our study where women are nested within
GPs) [20].

In a CS model, interpretation of regression coefficients and their estimates can be susceptible to biases
from sensitive and difficult-to-verify assumptions about the random effects distribution, particularly the
dependence of the latent variable distribution on covariates [19]. They can also be computationally
intensive, especially as the number of random effects to be estimated increases beyond one or two.
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MODEL SELECTION

For this study, the SMP wanted to evaluate if customer retention would improve using the GP invite letter
compared to the standard SMP invite letter. It was not of interest to compare retention within specific
GPs or between GPs, but rather examine the overall effect. This is the most important aspect that leads
to the decision a PA model is more appropriate than a CS model.

WORKING CORRELATION STRUCTURE SELECTION

The next step is deciding how to specify the working correlation structure which describes the pattern of
association amongst the observations that are within each cluster. Although in GEE, the working
correlation is thought of as being a ‘nuisance’ parameter, and estimates from the model are meant to be
robust even if the incorrect correlation structure is specified, it is good scientific practice to carefully select
the correlation structure of your data. If you have small sample sizes or strong correlations, you can have
substantive loss of efficiency in the estimation of the regression parameters if the working correlation is
misspecified [21].

SAS® provides a choice of a few correlation structures that can be used:

¢ Independent (IND): This structure assumes zero correlation between measurements within the same
cluster and is recommended when there are few clusters [22]. Our data has many clusters (340 GPs).

e Autoregressive (AR): The AR working correlation forces the correlation between consecutive
measurements on a subject (cluster) to decrease with increased separation in time or space. This is
often relevant when modelling longitudinal data where measurements in time are approximately
equally spaced but this is not applicable for our data. The different women under the same GP are
not linked by measurement of time or distance.

e Unstructured (UN): The unstructured correlation assumes that correlation between pair of residuals
is unique. This is straight forward only if you have balanced data [23]. For studies involving few
measurements, the flexibility of the unstructured correlation can make it the optimal choice. However,
when there are many measurements within a cluster, so much computational power is required it is
often inestimable. For our study, as mentioned previously, data is not balanced and we can have
many women under one GP.

e Exchangeable (EXCH): This structure assumes all pairs of observations in the same cluster have the
same correlation i.e. there is no logical ordering. It is often the standard choice if the correlation
structure is unknown and can be useful for clustered observations such as students in the same
classroom or members of the same household. This is the scenario in our business case.

There is no statistical test to assess the correctness of the working correlation structure but
understanding the study design and data can guide which is the most applicable correlation structure to
use. If there is uncertainty, the quasi-likelihood information criteria (QIC) statistic can be used to compare
correlation structures. The one resulting in the smallest QIC value is preferred. The QIC statistic is
analogous to the likelihood-based Akaike information criteria (AIC).

The estimation of parameter standard errors can be model-based or empirical. The model-based
standard error is based on the estimated correlation (i.e. the specified working correlation matrix). The
empirical method, also known as the robust standard error method, uses the actual variation in the
cluster-level statistics. Unless data are sparse, the empirical standard error is more trustworthy than the
model-based one [24] and is preferred when using GEE. If the correlation matrix is totally accurate,
model-based and empirical standard errors would be the same. Hence, agreement between the model-
based and empirical standard errors will suggest that the assumed correlation structure is reasonable.
Even if the working correlation structure is not the true correlation, the empirical standard error provides a
consistent estimator [24].



In summary, a GEE model using an exchangeable correlation structure is used for this study and the
agreement between the model-based and empirical standard errors are investigated.

IMPLEMENTING THE MODEL USING PROC GENMOD

The following code was used to implement the model:

ODS GRAPHICS ON;
PROC GENMOD DATA=study DESCEND;

CLASS gp_id total_screens age_group lapse_group period (REF="2008") participate (REF="0")

/ PARAM=GLM,;
MODEL returned = total_screens age_gp lapse_gp period participate period*participate
/ DIST=BIN LINK=LOGIT TYPES;

REPEATED SUBJECT=gp_id / TYPE=EXCH MODELSE;

RUN;

The DATA= specifies the dataset to use as in all the modelling procedures.

The default for ordering the response variable is the order of the format for the variable. For a binomial
response, the DESCEND option specifies that the levels of the response variable be sorted in the reverse
of the default order. In our data it is ordered 0 (=woman did not return) then 1 (=woman returned) and so
using the DESCEND option SAS® models the probability of returned=1.

The first part of the output generated by PROC GENMOD is the model information, shown in Output 1. It
shows there are 11,660 observations with 2,173 women who returned to screening.

Output 1: Model Information

The GENMOD Procedure

Model Information

Data Set WORK.STUDYS
Distribution Binomial
Link Function Logit
Dependent Variable returned

Number of Observations Read | 11660
Number of Observations Used 11660
Number of Events 2173
Number of Trials 11660

The CLASS statement and the MODEL statement specify the model for the mean of the response
variable, returned, as a logistic regression with total_screens, age_gp, lapse_gp, period and
participate as independent variables, just as for a typical logistic regression in PROC LOGISTIC.
Including the interaction of period and participate enables the investigation of whether the return rate of
participating GPs compared to non-participating GPs differed in 2008 compared to 2016.

PARAM=GLM specifies the GLM parameterization global-option be used, although, since this is the
default it is not necessary to specify it. The GLM parameterization has been used as it is required for the
LSMEANS statement which is used later. It is also required if the TEST, LSMESTIMATE, and SLICE
statements are to be used. Using the global-option PARAM=GLM and the individual variable option
REF= for period and participate variables, requests that the specified levels of the two classification
variables correspond to the reference level. Since a reference level was not specified for the other




variables, the last formatted value in alphabetic order is chosen as the reference level (the default). The
class level information for the model can be seen below in Output 2.

Output 2: Class Level Information

Class Level Information

Class Levels  Values

gp_id 340 1234567891011 1213 14151617 1819202122 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 3940 41 42 43 44 45 46 47 48 49
50 5152 53 54 55 56 57 58 59 60 61 62 63 64 6566 67 68 69 70 71727374 75 76 77 78 79 80 81 82 83 84 85 86 87 ...

total_screens 8 12345678

age_group 3 49-53 54-57 58-70

lapse_group 2 25-36 mo 37-96 mo

period 2| 2008 2016

participate 201

In the MODEL statement the DIST=BIN and LINK=LOGIT options are used to specify a logistic
regression. If only the DIST=BIN was specified then the default canonical link function for the distribution
specified is used. Since GEE is not a likelihood-based method, inference is not based on likelihoods and
the default analysis is to compute score statistics. Since the REPEATED statement has been used and
TYPES3 specified in the MODEL statement, generalized score tests for Type Ill contrasts are produced
(Output 3). Wald tests for Type Ill GEE analysis can also be obtained by additionally specifying WALD in
the MODEL statement. The Wald test can be used when the number of clusters is large but when the
number of clusters is small it is recommended to use the score test as it performs better for hypothesis
testing for correlated data [25, 26].

From Output 3 we can see that all effects included in the model are statistically significant, apart from
period. However, since we require the interaction of period and participate to investigate whether the
return rate of participating GPs compared to hon-participating GPs differed in 2008 compared to 2016,
period is kept in the model.

Output 3: Score Statistics for Type 3 GEE Analysis

Score Statistics For Type 3 GEE Analysis

Source DF | Chi-Square | Pr = ChiSq
total_screens T 163.32 <.0001
age _group 2 2581 =.0001
lapse_group 1 105.63 =.0001
period 1 1.49 0.2216
participate 1 38.22 <.0001
period*participate | 1 10.95 0.0009

The REPEATED statement informs PROC GENMOD to fit a GEE with an exchangeable correlation
structure (TYPE=EXCH). The option SUBJECT= identifies the ‘subject-effect’ or cluster effect. Each
distinct value of the variable specified in SUBJECT= identifies a different cluster whereby responses from
different clusters are assumed to be statistically independent, and responses within clusters are assumed
to be correlated. In our case, the gp_id variable identifies the GP cluster. Each woman in our dataset
has a unique id (as per Table 1). However, if women had a uniqgue id within the cluster (as per Table 2)
then SUBJECT=woman_id(gp_id) or the equivalent, SUBJECT=woman_id*gp_id, would need to be
specified instead.
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You will notice gp_id is also listed in the CLASS statement since the effect specified as the SUBJECT=
effect must also be listed in the CLASS statement.

Table 1: Unique ID Table 2: Unique ID within GP
woman_id gp_id woman_id gp_id

1 1 1 1

2 1 2 1

3 1 3 1

4 2 1 2

5 2 2 2

6 2 3 2

GEE model information in Output 4 shows we have 340 GPs, with the minimum and maximum number of
woman within a GP of 4 and 176, respectively.

Output 4: GEE Model Information

GEE Model Information

Correlation Structure Exchangeable
Subject Effect gp_id (340 levels)
Number of Clusters 340
Correlation Matrix Dimension 176
Maximum Cluster Size 176
Minimum Cluster Size 4

Our code requests an exchangeable working correlation matrix. This matrix assumes all pairs of
observations in the same cluster have the same correlation. Hence, there is only one value of interest.
SAS®, by default, prints a table that contains the single estimated correlation, as shown in Output 5.
However, had a different correlation matrix been specified, the CORRW option in the REPEATED
statement can be used to output the matrix. In Output 5, we see the correlation between women within
the same GP in our study is actually relatively small.

Output 5: Exchangeable Working Correlation

Exchangeable Working Correlation

Correlation 0.0071330977

The QIC value for our model is shown in Output 6. The QICu statistic is also automatically output. The
QIC can be used to compare different correlation structures. The QICu statistic adds a penalty for the
number of parameters and so can be used to compare different models. The parameters in one model
do not need to be a subset of the parameters in the other model. For both statistics, the smaller the value
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the better. In our scenario it is known that the number of previous screens, the length of time since the
last screen and age all influence the probability of a woman returning. Thus we want to adjust for these
parameters rather than perform model selection so for the purposes of our study we do not need to use
QICu.

Output 6: GEE Fit Criteria

GEE Fit Criteria
Qlc  10016.4047
QICu  10011.6860

By default, the Analysis of GEE Parameter Estimates table provides standard errors, confidence intervals,
Z scores and p-values based on empirical standard errors. Using the MODELSE option in the
REPEATED statement requests an additional parameter estimates table which uses the model-based
standard errors.

For ease of comparison, Table 3 provides only the estimates, standard errors and p-values for analyses
based on both empirical and model-based standard errors. The last column provides the percent
difference in model-based standard error estimates compared to the empirical standard error estimates.
The model-based parameter standard errors are generally smaller than empirical standard error
estimates and can be as much as 29% smaller.

Since there are some differences in the standard errors between empirical and model-based estimates,
an unstructured working correlation structure could be considered instead (the AR is not plausible in this
scenario). However, the unstructured matrix introduces many more computations that may become far
too complex for the amount of data available. This is certainly the case in our scenario. In fact,
performing the analysis but instead specifying an unstructured working correlation (TYPE=UN) produces
the warning and error messages within the SAS® log, shown in Output 7, indicating this specific issue.

Output 7: Log Warning and Error Messages when Unstructured Correlation Working Matrix is
specified

HOTE: Clazs levels for =ome variablez were not printed due to excessive =ize.

NOTE: PROC GENMOD is modeling the probability that returned='1".

HOTE: fAlgorithm converged.

HARBNING: The number of response pairs for estimating correlation is less than or equal to the

number of regression parameters. A simpler correlation model might be more
appropr iate.

NOTE: The working correlation has been ridged with a maximum value of 18.447931549 to avoid
singularity.

HOTE: The working correlation has been ridged with a maximum walue of 13.396272134 to avoid
singularity.

NOTE: The working correlation has been ridged with a maximum wvalue of 4.0311454374 to avoid
singularity.

ERRDOR: Error in computing the variance function.

ERROR: Error in parameter estimate covar iance computation.

ERROR: Error in estimation routine.

HOTE: The =cale parameter was held fixed.

HOTE: The 5A5 Sy=stem stopped processing this step because of errors.

NOTE: PROCEDURE GENMOD used (Total process time):
real time 1.95% seconds
cpu time 1.70 zeconds
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Table 3: Empirical and Model-Based Standard Error Estimates

Empirical Standard Error Model-Based Standard
Estimates Error Estimates
Parameter Estimate Esrﬁgr vaﬁ[Je Estimate ESrEgr p-value [;/‘;f
Intercept -1.3774 | 0.1278 | <.0001 -1.3774 | 0.1081 | <.0001 -15
total_screens 1 -2.0872 | 0.1183 | <.0001 -2.0872 | 0.1128 | <.0001 -5
total_screens 2 -1.0223 | 0.0901 | <.0001 -1.0223 | 0.0918 | <.0001 2
total_screens 8 -0.7709 | 0.0876 | <.0001 -0.7709 | 0.0913 | <.0001 4
total_screens 4 -0.6059 | 0.0946 | <.0001 -0.6059 | 0.0939 | <.0001 -1
total_screens 5 -0.3762 | 0.1029 | 0.0003 -0.3762 | 0.0981 | 0.0001 -5
total_screens 6 -0.2877 | 0.1008 | 0.0043 -0.2877 | 0.1041 | 0.0057 3
total_screens 7 -0.2892 | 0.1177 | 0.0140 -0.2892 | 0.1154 | 0.0122 -2
total_screens 8 0 0 . 0 0
age_group 49-53 0.3395 | 0.0684 | <.0001 0.3395 | 0.0686 | <.0001 0
age_group 54-57 0.1934 | 0.0605 | 0.0014 0.1934 | 0.0623 | 0.0019 3
age_group 58-70 0 0 . 0 0
lapse_group 25-36 mo 0.8136 | 0.0538 | <.0001 0.8136 | 0.0516 | <.0001 -4
lapse_group 37-96 mo 0 0 . 0 0
period 2016 -0.1839 | 0.1371 | 0.1798 -0.1839 | 0.0972 | 0.0585 -29
period 2008 0 0 . 0 0
participate 1 0.1942 | 0.1195 | 0.1041 0.1942 | 0.0994 | 0.0508 -17
participate 0 0 0 . 0 0
period*participate 2016 | 1 0.5528 | 0.1543 | 0.0003 0.5528 | 0.1166 | <.0001 | -24
period*participate 2016 | O 0 0 . 0 0
period*participate 2008 | 1 0 0 . 0 0
period*participate 2008 | O 0 0 . 0 0
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Odds ratios for comparisons of interest can be obtained by adding the LSMEANS statement to the code.
Our main interest is in the interaction effect of period*participate as specified below:

ODS GRAPHICS ON;
PROC GENMOD DATA=study DESCEND;
CLASS gp_id total_screens age_group lapse_group period (REF="2008") participate (REF="0")
/| PARAM=GLM,;
MODEL returned = total_screens age_gp lapse_gp period participate period*participate
/ DIST=BIN LINK=LOGIT TYPES;
REPEATED SUBJECT=gp_id / TYPE=EXCH MODELSE;
LSMEANS period*participate / CL DIFF=ALL ODDSRATIO;
RUN;

The CL option requests t type 95% confidence limits (Cls) (default) for each of the LS-means. This can be
changed using ALPHA= option. The DIFF=ALL option requests that LS-means differences be provided on
all pairwise comparison. This is the default so just DIFF could be specified to obtain the same output.

By adding ODDSRATIO to the statement the odds ratios for the LS-means are also reported. As CL is
specified the 95% Cls for the odds ratios are output (Output 8). Since ODS GRAPHICS ON is specified
the default plot is also provided (Figure 5).

Output 8: Differences of LS-Means Requested Along with Odds Ratios and 95% Confidence
Intervals

Differences of period*participate Least Squares Means

Lower Uppe

Confidence | Confidence

Limit for Limit for

Standard Pr = Odds Odds Odds

period | ITT_participate | _period | ITT_participate | Estimate Error | z Value |z]  Alpha Lower | Upper Ratio Ratio Ratio
2016 1 2016 0 0.7470 0.08849 844 <0001 005 05735 09204 2111 1775 2.510
2016 1 2008 1 0.3689 0.06809 542 <0001 005 02355 05024 1446 1.266 1.653
2016 1 2008 0 0.5631 0.1118 504 <0001 005 03441 07822 1.7%6 1411 2.186
2016 0 2008 1 -0.3780 0.09607 -394 «0001 0.05 -0.5663 -0.1898 0.685 0.568 0.827
2016 0 2008 0 -0.1839 0,137 -1.34 01798 0.05 -0.4525 0.08480 0.832 0.636 1.088
2008 1 2008 0 0.1942 0.1195 163 01041 005 -0.03998 04284 1214 0.961 1.535
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Figure 5: Default Plot (Diffogram) for Differences Requested in LSMEANS Statement

returned Comparisons for period*participate

-0.8

\ \ 2016 1
-1.0
-1.2
2008 1
-1.4

20080

-1.6
20160

2018 0 2008 0 2008 1 2016 1
-1.8

-1.8 -1.68 -1.4 -1.2 -1.0 -0.8

Differences for alpha=0.05
Mot significant Significant

It can also be useful to obtain the predicted probabilities of a woman returning to breast screening based
on whether their GP participated and the period they had not returned in.

This can be obtained specifying the ILINK option in a LSMEANS statement as shown below. Estimates of
predicted probabilities and their standard errors are provided along with 95% Cls because the CL option
is also specified as shown in Output 9.

Once again, because ODS GRAPHICS ON is specified, the default plot for predicted probabilities is also
provided (Figure 6).

ODS GRAPHICS ON;
PROC GENMOD DATA=study DESCEND;
CLASS gp_id total_screens age_group lapse_group period (REF="2008") participate (REF="0")
/| PARAM=GLM,;
MODEL returned = total_screens age_gp lapse_gp period participate period*participate
/ DIST=BIN LINK=LOGIT TYPES;
REPEATED SUBJECT=gp_id / TYPE=EXCH MODELSE;
LSMEANS period*participate / CL DIFF ODDSRATIO;
LSMEANS period*participate / CL ILINK;
RUN;
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Output 9: Predicted Probabilities and 95% Confidence Intervals Requested using ILINK and CL

option

period*participate Least Squares Means

period | ITT_participate Estimate Standard Error | z Value

2016 1 -0.9098
2016 0 -1.6568
2008 1 -1.2787
2008 0 -1.4729

0.04112
0.07937
0.05977

0.1042

-22.12
-20.87
-21.39
-14.13

Pr = |z| | Alpha
<0001 0.05
<0001 0.05
<0001 0.05
<0001 0.05

Lower

-0.9904
-1.8123
-1.3959
-1.6771

Upper

-0.8292
-1.6012
-1.1616
-1.2686

Mean
0.2870
0.1602
0.2178
0.1865

Standard Error
of Mean

0.008415
0.01068
0.01018
0.01581

Figure 6: Default Plot (LS-Means Plot) when Requesting Predicted Probabilities

-0.8

returned LS-Mean

20161

20160

LS-Means for period*participate
With 95% Confidence Limits

20081

period*participate

20080

Lower Mean | Upper Mean

0.2708 0.3038
0.1404 0.1822
0.1985 0.2384
0.1575 0.2195

Multiple LSMEANS statements can be specified within one PROC GENMOD, as in the code above.
Alternatively, both the odds ratios and predicted probabilities could be combined into just one LSMEANS
statement by adding the ILINK option to the first LSMEANS statement, as below:

ODS GRAPHICS ON;

PROC GENMOD DATA=study DESCEND;
CLASS gp_id total_screens age_group lapse_group period (REF="2008") participate (REF="0")

/| PARAM=GLM,;

MODEL returned = total_screens age_gp lapse_gp period participate period*participate
/ DIST=BIN LINK=LOGIT TYPES3;
REPEATED SUBJECT=gp_id / TYPE=EXCH MODELSE;

LSMEANS period*participate / CL DIFF ODDSRATIO ILINK;

RUN;
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However, only the ‘returned comparisons’ plot would be provided (Figure 5), the LSMEANS plot (Figure 6)
would not be.

INTERPRETING THE RESULTS

If the GP invite letter is a successful customer retention strategy then we can expect to see the probability
of women returning in 2016 increase more for the GP participating group compared to the non-
participating GP group accounting for baseline levels in 2008.

The interaction effect for period and participate, of 0.5528, based on inference using an exchangeable
working correlation structure and the empirical standard errors shown in Table 3, is significant (p=0.0003).
This indicates the probability of a women returning increased in 2016 compared to 2008 and more so for
the GP intervention group than for the standard invite letter group. This pattern can also be seen quite
clearly in Figure 6. From Output 8, we can see the odds of a woman, returning in 2016 when under a
participating GP is 1.45 times (95% CI: 1.27 to 1.65) that of women under a participating GP back in
2008, when the standard SMP invite letter was used, not the GP letter. However, in the non-participating
GPs, where in both 2008 and 2016 only the standard SMP invite letter was used, there was no significant
change (OR: 0.83; 95% CI: 0.64 to 1.09). The probability of a woman returning to breast screening
increased by 12.7% (from 16% in 2008 to 29% in 2016) if they were a client of a GP willing to participate
and send women in their practice an invite letter.

It is clear that the use of a GP invite letter increases customer retention within the BC SMP.

CONCLUSION

Due to the success of this customer retention strategy, the BC SMP has started to implement GP invite
letters across a few other areas where customer retention was low. However, as you can imagine, the
amount of increase in the number of women returning to breast screening can have significant impacts on
costs and resources for the SMP across their multiple sites in British Columbia and further strategic
planning is required before the decision to implement this province wide is made.

Although this example is health related, the concept applies to all industries. Improper analysis of
correlated data can lead to erroneous statistical inference. If the structure of the data informs that
correlation between the observations is present, appropriate analyses accounting for the correlation,
should be performed. This paper examined the appropriateness of two models, the CS model and the
GEE, for investigating the success of a new customer retention strategy within the breast screening
environment. With a binary outcome, results from a CS model and a GEE model are not equivalent. The
CS model parameter interpretation is cluster specific where as in GEE it is population average. After
consideration of the objectives of the study and the nuances and structure of the data were understood,
the choice of which of the two methods to use was clear and a GEE model was implemented
successfully.

Analysis is not always straightforward. Understanding the assumptions and limitations of the methods and
using a common sense approach is required.
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