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ABSTRACT 

Matched cohort designs where different treatments are compared offer a lot of challenges with regard to the selection of 
variables for matching. One popular method of getting around the issues associated with matching on several individual 
variables, especially the associated problem of insufficient study sample size is to use estimated propensity scores to obtain 
matched cohorts that are comparable. By way of illustration of the approach from the programmer’s perspective, this  paper 
describes the steps which our recent experience on real-life observational data suggests as vital in the estimation of 
propensity scores for such purpose. 
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INTRODUCTION 

Cohort studies involve following subjects who have been exposed to a certain treatment such as a drug.  Matching is where 
the exposed subjects are matched to those subjects not exposed to the treatment on certain covariates which are considered 
necessary to facilitate comparability between the two groups 

4
.  Matching is done to reduce confounding in cohort designs, for 

example the exposed subjects may be older than the unexposed and so we match subjects with comparable age in both 
cohorts.  The aim is to compare subjects with similar baseline characteristics which the randomization routine facilitates in 
randomised controlled studies.  The variables used for matching are normally those which do not vary over time (i.e. constant) 
- largely demographic variables such as height, weight, disease history, etc.   

The limitations of matching  includes the need for  a large sample size due to the inevitable discarding of unmatched patients 

and  identification of suitable/appropriate variables for matching from a list of potential confounders that can potentially run into 

thousands.   However, when matching is carried out correctly, confounding can be significantly reduced when compared with 

the estimates obtained from the use of traditional regression methods 
5,1,4

 .  

As an alternative to matching on individual variables, the two treatment groups can be matched on composite scores such as 

the propensity scores (PS) 
2
 .    A propensity score is the likelihood of a patient being exposed to a particular treatment or 

intervention given a set of explanatory variables.. The scores are usually estimated from a suitable statistical model that 

involves individual patient-level variables as covariates. The subjects are subsequently matched on their propensity score. 

Subjects from both treatment groups are matched according to their probability of getting , for example treatment B, based on 

the covariates that went into the propensity model. 

 One of the main challenges of the propensity scores methodology is on the choice of a suitable matching routine for the 

particular study 
3
 . The list of routines includes (a) caliper, (b) closest available neighbour, (c) nearest available Mahalanobis 

metric and (d) radius matching 
6,1

. The other area of choice is whether the unexposed patients can be selected more than 

once for matching (i.e. with or without replacement).   

This paper will describe the programmers experience in a recent study- the selected method of matching, detail description of 

its implementation, the challenges we encountered and how these were resolved. 
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STUDY DESIGN 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The aim of this study was to compare the direct healthcare cost of treating epileptic patients on a particular class of drugs  

from treatment A  against another class of drugs from treatment B  using the propensity scores-matched cohort methodology 

on a 1:1 basis. 

The study patients must have been diagnosed with epilepsy and must also have had at least one prescription of a drug from 
either  treatment  class A or  B during the selection period   01/01/2001 to 31/12/2010.  4,889 subjects were eligible for this 
study.   The index date was defined as the start date of the first use of a  drug  from either  treatment  A or B during the 
selection period,  here referred to as the index drug and thus marked the date of cohort entry into the respective treatment 
group. The pre-index (baseline)  period started 1 year prior to the index date. 

CPRD subset of patients with a diagnosis 

of epilepsy  and one prescription of a drug 

from class A or  class B during the 

selection period . 
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The propensity score was defined  as the probability of the patient being prescribed treatment B and the scores estimated in 
SAS® using a multivariate logistic regression model with PROC LOGISTIC. 

The covariates for the propensity score model were all based on the results of an exploratory analysis on  the characteristics 
of the patients at their  index date as well as guidance from the literature about the treatments for the condition. The initial list 
included those about general health and cost related characteristics such as age, gender, smoking status and number of 
general practice (GP) visits. Others included those specifically related to epilepsy such as comorbidities, medications as well 
as  non-epileptic medications. As part of the exploratory process, only variables on which the two treatment groups were 
significantly different or those with an incidence of 1% or more in either treatment group were included in the propensity scores 
estimation model. The adequacy of the estimated propensity scores for the purpose of achieving comparable matched cohorts 
was also assessed by testing for differences between the two groups on the individual covariates. 

Matching of the cohorts was performed using a validated macro which  applied  the caliper matching method without 
replacement. The caliper method defines a range of values in which the propensity score values of both cohorts have to fall 
and  is usually defined in units of the standard deviation of the propensity score. The patient from treatment B is then matched 
to a  patient from treatment A whose propensity score value is the closest to their propensity score.  

PROPENSITY SCORE CREATION  

The propensity scores were  derived using a multivariate logistic regression model using PROC LOGISTIC.  Before the PROC 
LOGISTIC code could be developed,   the covariates for  the propensity score model  were selected  from  the analysis of the 
unmatched characteristics at index  date and  the pre-index period (baseline): 

 

SELECTION OF THE BASELINE CHARACTERISTICS 

The treatment differences for the unmatched baseline characteristics were produced using the t-test  for the continuous  
variables and the chi-square test  for the categorical variables  (reference Table 1) .   All of the baseline characteristics i.e. age 
( subjects in treatment A were substantially older than in treatment  B) , age category, patient’s gender  (subjects in treatment 
A were more likely to be male) , smoking status, body mass and the time period were statistically significant with a p-value of 
<0.05 and so were  selected as covariates for the propensity score model .  For the epilepsy related clinical variables  time 
since first epilepsy diagnosis to the index date, time since most recent epilepsy diagnosis to the index date, first epilepsy 

diagnosis on index date, index drug as first ever drug  for treating  epilepsy, epilepsy type, history of status of epilepticus  and 
Germaine-Smith epilepsy specific comorbidity index over the pre-index period  were all statistically significant with a p-value of  
< 0.05 and so these variables were also included in the propensity score model. 
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SELECTION OF THE  CO-MEDICATION AND COMORBIDITIES  

The treatment differences and incidences for the  co-medication  and comorbidities were determined during the pre-index 
period using the chi-square method.  The variables were selected if either of the treatment differences were statistically 
different with a p-value of <0.05  or if the comorbidity or the drug had an incidence of >1% in either treatment .  For example,  
chemotherapy was not selected as a variable for the propensity  score model as the treatment differences were not statistically 
different and its incidence was less than 1%, but hormonal contraceptives were included as the treatment difference was 
statistically significant for this class of drug (Table 2).  The co-medication and comorbid conditions were each coded as a 
dichotomous variable defining the presence or absence of a comorbidity or a co-medication. 

Altogether 318  variables relating  to the  baseline characteristics , co-medication and comorbid conditions were  selected for 
the model,  
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THE PROPENSITY SCORE MODEL 

The likelihood of a subject receiving treatment B  was  obtained using the proc logistic procedure which  fits linear logistic 
regression models for binary or ordinal response data by the method of maximum likelihood 

7
.  

The SAS® code: 

proc logistic data=fullbase; 

class &varlistc/ order=freq param=ref ref=first; 

model indextype(event="TRTB“)= &varlist; 

output out=prop_score p=prop_score; 

run; 

 

DESCRIPTION OF THE  PROC LOGISTIC  CODE 

Data= the dataset to be analysed. 

Class=classification variables to used in this analysis i.e. the categorical variables. 

Model= the statement used to specify the model for the analysis. The first variable indextype is the treatment classification of 

‘TRTA’  or ‘TRTB’  and after ‘=’ is the macro variable &varlist which contains all of the variables selected from the baseline 
characteristics, comorbidities and the non-epileptic drugs.  The output dataset is called prop_score and the p= names the 
variable containing the predicted probabilities i.e. the propensity scores. 

Some of the results of the logistic regression are shown in Table 3.  Some of the covariates such as  age at index date, the 
patient’s gender , the index date calendar year were statistically significant and others were not such as the Germaine Smith 
epilepsy –specific Comorbidity index over the pre-index period .  However , all of the variables were used for the  matching of 
the subjects  as the purpose of running the logistic regression was to produce the propensity scores. 
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Table 3 - Logistic Parameter Estimates – Propensity for being prescribed Treatment B – Model Output 

 

MATCHING APPROACH 

The Propensity Score (PS) was transformed to logit(PS)  as it has been shown that  a greater match  can be obtained by using 
this transformation of the PS  and matching within PS calipers is more accurate than matching on just  the raw PS 

3
.  This was 

implemented as follows: 

data match1; 

set prop_score; 

logitps = log(prop_score/(1-prop_score)); 

run; 

 

   proc sql noprint; 

       select  0.2*std(logitps) into: caliper from match1; 

       quit; 

       run; 

 

Thus, the  caliper was defined as 0.2 times the standard deviation of  logit (PS)  (resulting in a caliper of ~0.57)  Within each 
age band, available patients were matched 1-1  on their logit(PS) +- caliper between the two cohorts.  Using the caliper 
method gave a good overlap between the two cohorts and more patients were matched (Figure 1). 

 
 
The matching  of  patients was performed using an in-house macro called %match . Before the %match  macro could be 
employed to perform the matching ,  the cases , controls , logit(PS)  and caliper values  had to be derived: 
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Manipulation of the data before %match was called: 

 
data cases controls; 

set match1; 

if indextype='Treatment B’ then output cases; 

else output controls; 

run; 

 
The purpose of  %match  is to create control and case datasets by matching on the specified  attributes : 

 
%match 

(case_ds=cases, 

control_ds=controls, 

patient_id=patid, 

match_num=1, 

attributes=ageband, 

attributes_range=logitps, 

attributes_range_values=&caliper, 

out_ds=match2); 

run; 

 

Description of the variables 

case_ds – specifies the dataset of cases 
control_ds – specifies the dataset of the controls 
patient_id – specifies the variable that identifies the patient  
match_num - Number of controls to match to (default 1). 
attributes -  Attributes to match exactly on 
attributes_range - Attributes to match on a range, use in conjunction with Attributes_range_values.   
Attributes_range_value - Values +/- to match range attributes on, use in conjunction with Attributes_range. 

 
We used  1:1 matching without replacement, i.e. within each ageband  1 control  was matched with one case  on logit(PS) (+/-
0.2*std  deviation of the logitps)  in the CASES dataset  to the pat_id in the CONTROL dataset . In other words, we matched 
on both the PS and age.  There was an  additional matching on age because the propensity scores were not adequate enough 
to account for the difference in age between the two treatment groups. We still had significant differences between the groups 
on the PS-matched cohorts, mainly the elderly and youngest age categories. 
 
The treatment differences were re-calculated  for all of  the covariates after matching . Table 1  shows  that the  covariates 
which were statistically significant  before matching  no longer showed statistical  significance  after matching,  and the number 
of subjects in each treatment group were similar. 

CONCLUSION 

This type of analysis can be a challenge for a programmer  as  guidance is needed on which covariates should be selected  for 
the propensity score model and which matching approach should  be employed in the study.  The programmer  can advise the 
team on which matching approach can be used based on previous experiences and performing exploratory analyses ,  
however the final decision needs to be made by the study team.  Once this decision has been made the programmer can work 
independently on the rest of the study. 
 

We have shown that propensity score matching can be successfully employed in an observational study. Initially there were 
4,889 patients eligible for the study.  After matching there were 951 patients in each treatment group, which is a reasonable 
sample size for the purpose of the study.  
 
318 variables were identified as potential source for confounding. To match on all of them separately would not have been 
possible, therefore applying the method of propensity score matching was the chosen approach. To match on a single value, 
rather than taking into account many variables with many levels simplified  the matching process . 
 
After matching all covariates were balanced across  treatment groups .  Hence, it can be concluded that the matching of 
patients was successfully carried out in this study and that  the subsequent results from the cost difference between the two 
treatment groups were based on subjects with similar characteristics at baseline and therefore were not subject to observed 
confounding .  
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