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Abstract 

The concept of modular programming is a simple one. It involves organising the code into self-contained 
programs, known as modules, that perform a specific sub-task. These modules can be thought of as 
building blocks that collectively form a larger structure, or as the individual instruments in an orchestra. 
They can be arranged, reused, or exchanged as required. While each module is simple in isolation, they 
can accomplish complex tasks when cleverly combined.  

A Matching Adjusted Indirect Comparison (MAIC) analysis provides an excellent example of the 
advantages of a modular approach. The overall process can be broken down into a list of tasks, each of 
which will vary in predictable ways between different analyses.  

This paper uses MAIC to demonstrate modular programming design and implementation. Additionally, 
advanced SAS™ macro techniques are also highlighted for developing efficient, flexible, and maintainable 
code. 

Introduction 

Matching-adjusted indirect comparisons (MAICs) are a type of Indirect Treatment Comparisons that use 
IPD [Individual Patient Data] from clinical trial of one treatment to match the trial population to the 
baseline summary statistics reported from another trial of another treatment. After matching, by using 
an approach similar to propensity score weighting, treatment outcomes are compared across balanced 
trial populations1, 2.  MAICs (and other types of indirect treatment comparisons) are broadly used in 
Health Technology Assessment submissions to inform the comparative benefit of one intervention over 
another in the absence of a head-to-head trial.  

To focus on the theme of modular programming, this paper will not explain the statistical methodology 
of MAIC, however some statistical papers are included in the references at the end for more information. 

Programming code can generally be organised into two design systems: monolithic and modular. 

A monolithic approach involves creating a single program to handle the entire process. In this MAIC 
example, this would be everything from reading the external input data to creation of the final outputs. 

A modular approach consists of multiple individual programs that each perform a specific task within the 
process.  
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These concepts are not specific to any programming language. While modular programming is more 
traditionally associated with software/application development, there are benefits to be found in 
implementing modular systems within statistical programming. 

While these are distinct systems, in practice most approaches will fall somewhere on a spectrum 
between a completely monolithic design and a highly modular design. An adhoc and/or exploratory 
analysis which is only performed once would be appropriate for a monolithic design while frequently 
created tables, listings and figures (TLFs) are usually served by dedicated macros. 

Identifying Potential Modules 

The most difficult part of designing an effective modular system is determining an appropriate level of 
modularisation. Creating too few modules to support a complex overall process offers no real advantage 
than a completely monolithic design while an excessive number of modules can obfuscate the logic and 
create confusion through the “black box” effect, where logic is not immediately visible by a program that 
calls many different modules. Intuitively naming and designing modules based on the various steps 
involved in the overall process can help to alleviate this concern. This could be achieved through naming 
convention (e.g. macros performing analysis start with “a”, or tabulation macros beginning with “t”) or 
though verb-based naming (e.g. “count”, “pvalue” etc.). 

A helpful initial step in deciding the modules that will form the final system is to clearly breakdown the 
overall process from beginning to end.  

The overall process can be broken down into discrete workflows containing inputs, tasks, and outputs. A 
good rule when dividing a complex process into workflows is to consider intermediary items that should 
be validated. Items which are created via complex derivations or contain specific requirements to enable 
subsequent tasks should have defined workflows to create them. These are natural breakpoints to 
confirm everything is working as intended and they could be used to easily divide work between 
multiple people if desired.  

Complete Monolithic Design: 

• Single program to perform all
tasks.

Highly Modular Design 

• Many programs which each
perform a specialised task within
the overall process.
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For our MAIC example, the process can be divided into three workflows for processing external data, 
performing the matching process and creation of TLFs as shown in the figures below. 

 

 

 

Raw External data 

Aggregate baseline 
characteristics across 

multiple treatment arms 

Derive standard error or 
confidence interval for 

effect measure & 
treatment effect 

External Data Workflow 

Standardised external 
data 

Derive centred values: 

• Calculate summary statistics
for continuous covariates

• Derive 0/1 indicators for
categorical covariates and
align with external
proportions for each group

Matching Process 

Workflow 

Standardise numeric 
coding of treatment arms 

Standardised aggregate 
external data 

Internal IPD 

Derive weights: 

• Filter internal IPD based on
external study
inclusion/exclusion criteria

• Run model to derive weights
from centred values

Weighted subject-level 
dataset 

Documented covariate 
matching metadata 

Inputs 

Tasks 

Outputs 

Inputs 

Tasks 

Outputs 
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Below is a general TLF workflow for MAIC analysis; more specific workflows for each kind of MAIC 
analysis (e.g. anchored vs. unanchored, binary/continuous vs. time to event etc.) could be created in 
similar manner. 

 

 

From the workflow level view, modules can then be designed based on the individual tasks. Some 
general points to consider are: 

1. How complex is the task?

Tasks with high complexity are always worth considering for a dedicated module so that they can
be closely validated, independent of all other inputs and outputs.

2. Is this task repeated elsewhere?

One of the largest benefits to modular design is the ease of reusing code in multiple places. Not
only does it reduce the overall lines of code compared to copy/pasting verbatim code, but it also
aids in maintainability. All future updates to a module can be implemented in a single place and
will always propagate through the system wherever the module is used.

Weighted subject-level 
dataset 

Calculate outcomes in each 
treatment arm 

Internal outcome IPD 

Output TLFs 

Inputs 

Outputs 

TLF Workflow 

External aggregate data 

External pseudo-IPD 

Tasks 

Calculate treatment effects within 
each study 

Calculate ITC treatment effect 
between the two studies 
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3. Is there a high probability of structured variation for this task?

“Structured variation” in this context is a change in value, but not structure of an object. 
Especially where there is no singular correct derivation and it is variable based on the 
requirements of analysis.  
Anchored MAIC analyses provide an example of this concept; there are many different 
techniques to calculate a treatment effect, but the indirect treatment comparison (ITC) estimate 
of two treatment effects can be derived in the same way regardless of the individual study 
treatment effects. If calculation of treatment effects is contained within a module, it can then be 
substituted for a different module depending on what treatment effect and/or statistical method 
is needed.  
Having smaller and more specialised modules which are executed mutually exclusively can lower 
the overall complexity of the codebase due to less reliance on logical branching. 

MAIC Analysis Modular System 

Below is a breakdown of the different modules created to conduct MAIC analyses. They are separated 
into two types: modules related to data creation/standardisation and modules which generate the final 
TLFs. 

Data modules 

%d0maic0publication0data 

External Data Workflow 

Matching Process Workflow 

adslmaic.sas 

 %d0adslmaic 

Due to relative simplicity in the individual tasks of 
the external data workflow, they are all handled by 
a single SAS macro. 

Creation of the weighted subject-level dataset 
(adslmaic) is handled by an open code SAS program 
to allow flexibility in the statistical model for the 
derivation of the weights. It utilises a helper macro 
%d0adslmaic which handles the more mechanical 
tasks relating to the metadata: calculating centred 
values and capturing the relationship of categorical 
values to external matching proportions. 
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Table modules 

There are four primary TLF templates supported by the MAIC modules. The figure below shows the 
different modules that handle each workflow. There are three types of macros which make up table 
modules: 

1. Wrapper macros (hta0xxx) are user facing macros which generate TLFs from analysis data.
2. Analysis macros (a0xxx) are submacros which implement statistical methods for a given TLF.
3. Tabulation macros (tb0xxx) are submacros which structure the analysis results for display and

create the final .rtf file.

Anchored Binary/Continuous 

Endpoint Table Workflow 

 

%hta0a0maic0bin0cont0anch 

Time-to-Event Table Workflow 

 

%hta0a0maic0time2 

%a0bucher* 

*Only utilised in anchored TTE analysis

Unanchored Binary Endpoint 

Table Workflow 

 

%hta0a0maic0bin0unanch 

Unanchored Continuous 

Endpoint Table Workflow 

 

%hta0a0maic0cont0unanch 

%a0bucher 

%tb0itc %tb0itc 

%tb0itc %tb0itc 

%a0weighted0genmod 

%a0weighted0genmod 
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One of the key objectives within this design was to reuse logic as much as possible without copying 
verbatim code. The a0bucher module computes the ITC using Bucher method3 for all anchored analyses 
independent of the specific endpoint because the comparison of the treatment effect point estimates 
does not depend on the method used to calculate the estimates. Similarly, a single tabulation macro 
tb0itc controls the display for all the MAIC outputs. There are some minor differences between the 
layout of the outputs, but they are similar enough that a single module is sufficient. 

One of the unique aspects of MAICs is the variety of supported endpoints; it is a method which involves 
generating a point estimate from IPD and indirectly comparing to a published endpoint. This means that 
there are many statistical methods which could be included, so another objective was to provide an 
extensible platform for performing MAICs using a variety of endpoints. The diagram above references 
the module a0weighted0genmod as the primary analysis driver, but this is actually a dynamic argument 
in the wrapper macros %hta0a0maic0bin0cont0anch and %hta0a0maic0bin0unanch.  

There are two parameters that facilitate this: 

• analysis_macro_name: Name of analysis macro (%adhoc0method0xxx in the example above) to
compute individual arm effect measures and intra-study treatment effects

• analysis_macro_extra_params: A string in the form (,param1=value1,param2=value2) for
parameters unique to &analysis_macro_name. This allows the use of additional parameters for
maximum flexibility.

Then inside the wrapper macros, the analysis macro is called 2-3 times depending on the analysis. 
Always at least twice for adjusted/unadjusted results and potentially an additional time for the external 
data when performing an anchored analysis and using pseudo-IPD. 

There is then just a single challenge remaining to solve; since the analysis macro and its parameters are 
only specified once when the wrapper macro is invoked, these values cannot differ between the multiple 
times the analysis macro is executed by the wrapper, which is not optimal for our purposes. 

… 
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To allow for different logic between the calls of the analysis macro (e.g. something unique to 
adjusted/unadjusted/external analysis), the wrapper macros create a macro variable analysis_call_id, 
which takes the value 1 for the unadjusted analysis call, 2 for adjusted and 3 for external. This value can 
then be used within a generic analysis macro to branch the logic if required. 

With this system in place, any future analysis macro may be used as long as it meets the following 
requirements: 

1. The macro must contain at least the core parameters specified above.
2. The output dataset structure is specific to the requirements of the subsequent logic in the

wrapper macro.

These requirements provide minimal restrictions to the statistical methodology or endpoint, allowing 
relatively quick and simple implementation of varied analyses to support future project needs. New 
modules could be developed and validated independently from the wrapper macros. This reduces the 
amount of up versioning and regression testing needed and also keeps the logical structure of the 
wrapper macros relatively flat. The alternative would be many branching conditions checking the 
method specified at macro invocation which can reduce the overall readability.  

This dynamic design allows new analysis methods to be integrated into the existing MAIC process 
without modifying any of the existing code. All that is required is that the new analysis macro is written 
and specified when executing the wrapper macros. 

The %unquote() function is used 
here so commas are recognised 
by the macro processor when 
calling the analysis macro. %str() 
is used to mask the commas 
when calling the wrapper macro 
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Conclusion 

Although the concept is traditionally associated with software engineering or application development, a 
modular programming approach offers many advantages within statistical programming analyses such as 
MAIC. There may be some additional upfront effort involved in the design, but the final system is 
significantly easier to maintain and enhance further. By abstracting the statistical method used to 
calculate the effect measures and treatment effects into a replaceable module, new methods can be 
independently developed as separate modules and seamlessly integrated. 

Separating the logic into individual modules does have some downsides. Inheriting and/or initially 
learning such a system requires reading all the individual documentation. In a monolithic design, all the 
code can be inspected in a single place which can make it easier to gain an understanding of all the low-
level logic. Intuitively named modules based on the actions they perform (e.g. “tabulate”, “plot” etc.) 
help to preserve an understanding of the overall process, but any deep dive into the logic will require 
looking into each module. Avoiding excessive modularisation is key to minimising these potential 
negatives. 

Depending on the size of the system, it can be beneficial to programmatically document the 
interdependencies between modules. Techniques such as network graphs can be applied to large 
systems to provide insight into the interconnectivity of the various modules4. 

%if &method = X 
%then %do; ...

Method 1

Method 2

Method 3

...

Method N

analysis_macro_name=X Method X

Logic for different 
analysis methods 
contained directly in 
wrapper 

Dynamic analysis 
macro invocation 
allowing any possible 
method 
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