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Statement of the Problem 

 

Often when analyzing large observational data sets such as electronic health records, one wants to study the 

impact on one or more outcomes of a binary variable which divides a large data sample into a relatively small 

base cohort and a much larger control cohort.  One such binary variable might be whether or not a person 

received a given treatment; another might be whether or not a person was diagnosed with a given condition. 

Unlike clinical trials where participants are randomly assigned to cohorts, in observational data such as 

medical records, people rarely end up in their respective cohorts arbitrarily. There are usually factors 

(observable and unobservable) which determine, at least in part, into which cohort a given person ends up.  If 

a statistically significant effect is found for the binary variable which defines the cohorts, it is impossible to 

determine whether that effect is due to the binary variable, itself, or due to one or more confounding factors. 

One way to at least partially address this problem is to find the subset of people in the control cohort that 

mirror the people in the base cohort relative to an observed set of background characteristics expressed as 

numeric variables.   When this process is successful, the analyst has cohorts that are reasonably mutually 

consistent, at least on known factors. This increases the likelihood that a significant by-cohort effect is directly 

due to the cohort partitioning, itself, and not due to some other confounding factor.  

Computer programs that perform this mirroring process are referred to here as “matching” programs. A 

matching program, as defined in this document, matches each member in the base cohort to a distinct 

member in the control cohort that is “similar” to it where the “similarity” of two subjects is indicated by a 

single numeric distance measure derived by comparing the background characteristics for the two subjects. 

The smaller the value of the distance measure for a given pair of subjects, the more similar those subjects are 

to each other relative to the background characteristics on which the distance measure is based. 
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Brief Description of the Current Ohio Valley Node-Developed Matching 

Programs 

Introduction  

Recently, the Ohio Valley Node (OVN) of the NIDA Clinical Trials Network (based at the University of 

Cincinnati) developed matching programs in SAS for use in its analyses of electronic health data.  These 

programs were developed with the following objectives: 

 

 The matching programs would use documented techniques that were as effective as possible over as 

wide a range of applications as possible with as little controversy as possible. 

 

 Researchers with no more than basic knowledge of SAS, the matching process, propensity scores, and 

calipers would be able to understand the programs well enough to use them. 

 

 The matching programs would be efficient with respect to time and computer resources. 

 

The OVN-developed programs being discussed also have the advantage of being open-source and free of 

charge. 

 

Programs Available 

The current OVN-developed data-matching package consists of four alternative SAS macro functions:   

%Mahalanobis_optimal which performs optimal matching using the Mahalanobis distance as the 

distance measure 

%Propensity_score_optimal which performs optimal matching using the difference between logistic 

propensity scores as the distance measure:   

%Mahalanobis_greedy which performs greedy matching using the Mahalanobis distance as the 

distance measure 

%Propensity_score_greedy which performs greedy matching using the distance between logistic 

propensity scores as the distance measure 

 

Brief Description 

Matching Processes (Optimal vs. Greedy) 

Each of these macro functions performs a 1:1 match matching each member in the base cohort with a distinct 

member in the control cohort.  For each matched pair, there is a number indicating how similar the base-

cohort member is to its selected match based on a given set of numeric background characteristics.  This 

number is called the “distance” for that pair.  A small distance indicates that the pair are very similar while a 
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large distance indicated the pair are very dissimilar.  The next section discusses distance measures in more 

detail. 

The macro functions discussed in this document allow for two different methods for matching base-cohort 

subjects to control-cohort subjects; one method is called “optimal” matching, and one is called “greedy” 

matching. Optimal matching matches the base people to respective control people so as to minimize the sum 

of the distances over all pairs.  “Greedy” matching is a faster and less computer-intensive approximation to 

optimal matching. Greedy matching can be used when optimal matching is not practical or not considered 

reasonable [Ref. 5 page 123-3] [Ref. 6].   

When one of the “greedy” macro functions is selected, the program repeats the matching process for a user-

selected number of times where each iteration uses a distinct random ordering of the base cohort and, 

therefore, produce a different set of matched pairs.  The program selects a single, final set of matched pairs 

from these multiple sets; this selection is based first on which set of matched pairs comes closest to matching 

everybody in the base cohort (leaving no base member unmatched), and second on which set of matched 

pairs has the smallest sum-of-the-distances. 

 

The Matching Process Distance Measures (Mahalanobis vs. Logistic Propensity Scores) 

The optimal and greedy matching processes both select a set of base-cohort-to-control-cohort matched pairs 

based on a numeric “distance measure”.  As was stated in the previous section, a distance measure is defined 

as a number that indicates how similar a pair of subjects are with respect to a numeric set of background 

characteristics.  The SAS macro functions being presented here allow the user to choose between two popular 

distance measures: the Mahalanobis distance and the within-pair logistic propensity score differences.  

Though a definition of these distance measures would require some advanced mathematics and is beyond the 

scope and intent of this document, the Mahalanobis distance can generally be considered a more refined 

distance measure which usually works well with fewer than 20 background characteristic variables.  For more 

specific recommendations, refer to the references for this document [Ref. 1], [Ref. 5 pages 123-4], [Ref. 3 page 

171], [Ref. 4] 

 

The Preselection Process 

Regardless of whether the matching process is “optimal” or “greedy”, and regardless of the distance measure 

used within the matching process, the matching process, itself is always preceded by a preselection of 

potential matches based on the respective differences in the logistic propensity scores within each potential 

match. This preselection can occur in one of two ways:  the user can choose to use an elimination caliper 

which eliminates potential matches with propensity score differences beyond caliper, or the user can choose 

both a punishing caliper (which forces potential matches with larger propensity score differences to be used 

only as necessary [Ref.3 page 174]) and a wider elimination caliper (which assures that all final matches will 

have propensity score differences within reasonable boundaries).   
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Program Options (SAS Macro Function Passing Parameters) 

Each of the presented SAS macro functions has five critical input parameters: 

 The name of the input data set 

 The name of the output data set containing the base cohort 

 The name of the output data set containing the selected subset of the control cohort 

 A list of numeric background characteristic variables to be used in calculating the distance measure 

 The name of the binary (0 / 1) variable which indicates the cohorts (1=base, 0= control) 

 

The macro functions also have the following optional input parameters: 

 All  four programs allow the user to select the size of the primary caliper expressed as a fraction of the 

logistic propensity score standard deviation over both cohorts (If not included, this value is set to 0.2  

giving a caliper that is 20% of the propensity score standard deviation over both cohorts.) 

 

 All four programs allow the user to select the size of the wider secondary caliper also expressed as a 

fraction of the logistic propensity score standard deviation (If not included, there will be no secondary 

caliper. If the secondary caliper is not greater than the primary caliper, it is ignored.) 

 

Note:  If only one caliper is used it is an elimination caliper.  If two calipers are used the primary caliper 

is a punishing caliper, and the larger secondary caliper is an elimination caliper. 

 

 The programs using the Mahalanobis measure in their matching process have an optional parameter 

that lists background characteristics for calculating the logistic propensity scores used in preselection. 

(If not included, the list of background characteristics for the distance measure will be used.) 

 

 The programs using the Mahalanobis measure in their matching process have an optional parameter 

which allows the user to substitute ranks for the actual values of the background characteristic 

variables.  (If not included, no substitution occurs) 

 

This substitution can be useful in reducing the impact of outliers [Ref. 3 page 171]  A more effective and 

appropriate option might be to identify and deal with potential outliers before matching. 

 

 The programs using a greedy matching process have an optional parameter indicating the number of 

sets of matches from which to select the best set of matches. (If not included, this parameter is set to a 

default = 1000.) 

 

Obviously, the more replicate greedy matches performed, the closer the final selection will approximate 

an optimal match. 
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Discussion 

Limits of the Matching Process 

Any matching process assumes that there is a subset of subjects in the control cohort that are similar to the 

subjects in the base cohort. Obviously, if this not true, the matching process will be of limited value in 

balancing the cohorts.    

Also, the effectiveness of the matching process is limited by the size of the control cohort with respect to the 

base cohort.  In the extreme case, if the control cohort is the same size as the base cohort, then all of the 

original members of the control cohort will be selected by the matching process, which renders the process of 

dubious value. In the experience of the author, the matching programs presented here work best when the 

control cohort is at least three times as big as the base cohort. 

 

Avoiding Incomplete Matches 

A complete match is where every subject in the base cohort is matched to a distinct subject in the control 

cohort.  An incomplete match is where one or more subjects in the base cohort are not matched.  The 

programs presented here will produce incomplete matches if the elimination caliper in the preselection is not 

wide enough.  (See the discussion below on calipers.)  Incomplete matches should be avoided for statistical 

reasons [Ref. 3 page 85], [Ref. 7].  

 

Choosing Optimal Matching vs. Greedy Matching  

An “Optimal matching” algorithm is, by definition, a matching algorithm that minimizes the sum of the within-

pair distances over all the selected matched pairs. Optimal matching is the gold standard for matching 

algorithms, and as such, is recommended by at least some sources whenever possible [Ref. 5 page 123-2] [Ref. 

6].   

However, because it is computationally intensive, optimal matching can overwhelm computer resources when 

dealing with extremely large data sets, in dealing with data sets where the ratio of control people to base 

people is not sufficiently large, and when matching distances are based on a large number of background 

characteristics.  In these situations, one might want to consider the following suggestions before abandoning 

optimal matching: 

 Using small calipers in the preselection process can (along with producing better matches) substantially 

reduce pressure on computer resources by vastly reducing the number of potential matched pairs 

being considered by the matching process, itself.  

 

 The default SAS system settings for memory usage can be adjusted to better use available resources. 

(Contact SAS support.) 

 

 If the analyst is planning to routinely analyze large data sets, an upgrade in computing resources may 

be reasonable. 
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If after considering these suggestions, optimal matching is not reasonable, greedy matching is statistically 

valid, and at least one simulation study found greedy matching to be as effective as optimal matching at 

producing statistically balanced cohorts suitable for exploring by-cohort effects [Ref 2 page 10] [Ref. 5 page 

123-2]. (Note that simulations are artificial and may not reflect real-world situations.)  As was stated earlier, 

the programs presented here improve on the greedy matching process by allowing the user to select the best 

set of matches from replicate sets. 

 

Choosing Mahalanobis Distances vs. Logistic Propensity Score Differences   

The Mahalanobis distance and logistic propensity score difference are both commonly used distance measures 

in matching processes though neither one is totally free of controversy [(Ref. 3 page 171)] [Ref. 4].  The 

Mahalanobis distance is generally be considered a more refined distance measure and usually works well with 

fewer than 20 background characteristic variables.  For specific recommendations, refer to the references for 

this document [Ref. 5 pages 123-4], [Ref. 3 page 171] [Ref. 4]. 

Below are some issues related to the Mahalanobis measure that were addressed in the programs being 

presented: 

 The Mahalanobis distance does not always treat variables with dramatically different variances in a 

balanced manner.  Paul Rosenbaum pointed out that this could be a particular problem for 

Mahalanobis measure involving binary variables. (Ref. 3 page 171) 

 

The programs being presented address this problem by standardizing each variable before calculations. 

(In this context, “standardizing” means subtracting the variable’s mean from each value and then 

dividing by standard deviation.) (Ref. 1) One of the results of standardizing is that all standardized 

variables have the same variance. 

 

 The Mahalanobis measure involves matrix calculations which can fail due to computer round-off error. 

 

The programs being presented address this problem in two ways.  First, the variables involved are 

transformed into their principal components before performing the Mahalanobis calculations. (Roughly 

speaking, this means transforming variables into their inherent, uncorrelated sources of variability.) 

(Ref. 1) This transformation greatly simplifies the Mahalanobis calculations and reduces the potential 

for matrix algebra failure. 

 

Second, the program continually checks for and sets to zero  values that are close enough to zero as to 

be almost certainly due to round-off error.  These adjustments have an insignificant effect on final 

calculations while they almost totally eliminate the potential for matrix algebra failure due to computer  

round-off error. 
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“SUMMARY  
The ability of matched sampling and linear regression adjustment to reduce the bias of an estimate of the treatment effect in 

two sample observational studies is investigated for a simple matching method and five simple estimates. Monte Carlo results 

are given for moderately linear exponential response surfaces and analytic results are presented for quadratic response 

surfaces. The conclusions are (1) in general both matched sampling and regression adjustment can be expected to reduce bias, 

(2) in some cases when the variance of the matching variable differs in the two populations both matching and regression 
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adjustment can increase bias, (3) when the variance of the matching variable is the same in the two populations and the 

distributions of the matching variable are symmetric the usual co- variance adjusted estimate based on random samples is 

almost unbiased, and (4) the combination of regression adjustment in matched samples generally produces the least biased 

estimate.” 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 


