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ABSTRACT

In clinical trials, ensuring the integrity and accuracy of data is critical for regulatory compliance and the validity of
study outcomes. Data validation and cleaning processes are labor-intensive and prone to errors when done manually,
particularly in large-scale studies. SAS macros offer a solution by automating the identification and rectification of
data anomalies, ensuring consistency, and reducing human error. This white paper explores the use of SAS macros
for efficient data validation and cleaning, providing detailed examples and discussing reusable macros for multi-
study applications. It also presents a case study from a global cardiovascular trial and examines future trends, such
as Al-assisted data cleaning within SAS environments.
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INTRODUCTION

Clinical trials are the foundation of evidence-based medicine, and data accuracy is crucial for regulatory approval
and patient safety. As the complexity and volume of clinical trial data grow, so does the challenge of ensuring its
quality. Regulatory bodies such as the FDA and EMA require data to meet rigorous standards before trial outcomes
are considered valid. Manual data validation and cleaning processes can be time-consuming and prone to errors,
particularly when dealing with large datasets.

SAS has long been a cornerstone in the field of clinical research, providing robust tools for data management,
statistical analysis, and reporting. One of its most powerful features is the ability to automate processes using SAS
macros. Macros in SAS not only improve efficiency but also ensure accuracy by automating repetitive tasks such as
data validation and cleaning. This paper discusses the use of SAS macros in clinical trials, focusing on key areas
where automation can enhance the quality and reliability of clinical data.

BACKGROUND

Data validation in clinical trials refers to the process of ensuring that the data collected is accurate, consistent, and
complete. It involves checking for errors such as missing values, duplicate records, and inconsistencies between
related fields. For example, if a patient’s discharge date occurs before their admission date, it would indicate a data
inconsistency that needs to be corrected.

SAS macros offer a way to automate these tasks. A SAS macro is a reusable code block that can be executed with a
single command. Macros save time by automating repetitive tasks and ensuring consistency across datasets. In the
context of clinical data validation, SAS macros can be used to check for outliers, missing values, and inconsistencies,
as well as to clean data by removing duplicates or correcting errors.
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OVERVIEW OF DATA VALIDATION IN CLINICAL TRIALS
Data validation in clinical trials is a multi-step process that includes:

1. Range Checks: Ensuring that the data values fall within predefined acceptable ranges. For example, a
patient’s age should be between 0 and 120 years.

Example sas code:

kmacrn check_range(dataset=, var=, min=, max=);
data check;

set A&dataset;

if &var = &min or &var > &max then put "ERROR:
FLn;

Zmend;

avar=;

%check_range(dataset=patients, var=age, min=0, max=120);

2. Consistency Checks: Verifying that related fields are logically consistent.

For example, a patient’s discharge date should not be earlier than their admission date.

%macro consistency_check(dataset=, varl=, var2=);

data check;

set &dataset;

if &varl = &var2 then put "ERROR: Inconsistent dates " &varl= &var2s;
run;

%mend;

%consistency_check(dataset=hospital, varl=admission_date, var2=discharge_date);

3. Missing Data Identification: Identifying records with missing values that need to be reviewed or
imputed.

Example:

#macro check_missing(dataset=);
proc means data=&dataset nmiss;
FLUn;

Zmend;

fcheck_missing(dataset=patients);
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4. Duplicate Records: Identifying and removing duplicate records from a dataset.

Example:

%macro check_duplicates(dataset=, idvar=);
proc sort data=&dataset nodupkey;

by &idvar;

run;

Zmend:

%check_duplicates(dataset=patients, idvar=patient_id);

OVERVIEW OF DATA VALIDATION IN CLINICAL TRIALS

Data validation in clinical trials is a critical process that ensures the accuracy, completeness, and consistency of the
data collected throughout the study. It involves a systematic review of data to identify errors, inconsistencies, and
anomalies that could compromise the integrity of the trial outcomes. The validation process is essential for regulatory
compliance and for ensuring that conclusions drawn from the data are valid and reliable

Key Components of Data Validation
1. Range Checks:

o Range checks verify that data values fall within predefined acceptable limits. For instance,
demographic data such as age, weight, and height should be checked to ensure they are within
realistic and biologically plausible ranges.

o Example: A patient's age should typically be between 0 and 120 years.
2. Consistency Checks:

o Consistency checks ensure that related fields in the dataset are logically aligned. For example, a
patient’s discharge date should not be earlier than their admission date.

o This step helps to identify logical discrepancies that could indicate data entry errors or
misunderstandings of protocol.

3. Missing Data Identification:

o Identifying missing data is crucial, as incomplete records can lead to biased analyses and potentially
misleading results. Validation processes include checking for missing values that need to be
addressed through imputation or further review.

o This step helps ensure that data sets are as complete as possible before analysis.
4. Duplicate Records:

o Duplicate records can distort analysis results, leading to over-representation of certain patients or
data points. Validation processes should include checks for duplicate entries, which should be
removed or flagged for review.

o Ensuring that each record is unique is vital for maintaining data integrity.
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5. Data Format Checks:

o Data format checks validate that the data entries conform to specified formats (e.g., dates, numerical
values, categorical responses). This prevents issues during data analysis that could arise from
incorrect data types.

6. Outlier Detection:

o Identifying outliers—data points that are significantly different from others—can indicate errors or
exceptional cases. Outlier detection helps in deciding whether these data points should be included
or excluded from analyses.

7. Audit Trails:

o Maintaining detailed logs of data entry, modification, and validation processes provides a transparent
record that can be reviewed to ensure compliance with protocols and regulations.

Importance of Data Validation
Data validation is vital for several reasons:

¢ Regulatory Compliance: Clinical trials are subject to strict regulations, and data validation is a requirement
for ensuring that studies meet the standards set by regulatory authorities.

e Data Integrity: Ensuring that data is accurate and reliable is crucial for drawing valid conclusions from
clinical research. Inaccurate data can lead to incorrect treatment decisions and jeopardize patient safety.

e Quality Assurance: A robust data validation process contributes to the overall quality assurance of clinical
trials, fostering trust in the findings among stakeholders, including researchers, regulatory bodies, and the
public.

o Efficiency: Automating the data validation process using tools like SAS macros can significantly enhance
efficiency, allowing researchers to focus on analysis and interpretation rather than manual error checking.

KEY SAS MACROS FOR AUTOMATING DATA VALIDATION

SAS macros offer an efficient way to automate various data validation tasks, ensuring accuracy and
consistency in clinical trial datasets. Below are some key macros that can be used to streamline the data
validation process:

1. % RANGECHK: Automating Range Validation

The % RANGECHK macro checks whether a variable's values fall within a specified range, helping to detect
anomalies such as outliers or erroneous entries.

%macro rangechk(dataset=, var=, low=, high=);

data _null_;

set Adaraset;

if &var < &low or &var > &high then put "ERROR: " &var= " is out of range in " &dataset;
run;

%mend;
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2. % CONSISTENCYCHK: Checking Logical Consistency

The %CONSISTENCYCHK macro ensures that related fields in a dataset are logically consistent. For
example, it can check that a follow-up date is later than a treatment start date.

%macro consistencychk(dataset=, varl=, wvari=);

data _null_;

set Adataset;

if &varl = &var2 then put "ERROR: " d&varl= " is greater than " &var2= " in " &datasert;

run;

%mend;

3. %MISSINGDATA: Identifying Missing Data

The % MISSINGDATA macro detects missing or incomplete values in a dataset, allowing for prompt action to
address gaps in data collection.

#macro missingdata(dataset=, wvar=);
proc means data=&dataset n nmiss;
var avar;

run;

Zmend;

4. % DUPLICATECHK: Detecting Duplicate Records

The %DUPLICATECHK macro identifies and removes duplicate records from a dataset, which can occur
during data entry or merging.

%macro duplicatechk(dataset=, idvar=);
proc sort data=&dataset nodupkey;

by &idvar;

run;

%mend;

Customization and Reusability

Each of these macros can be customized with different parameters, such as dataset names, variables, or
thresholds, making them highly reusable across multiple studies. By parameterizing key inputs, these macros
can be adapted to fit the specific validation needs of different clinical trials, thus streamlining the validation
process and ensuring consistency in data quality management.

USING SAS MACROS TO DETECT AND CLEAN ANOMALOUS DATA

Anomalous data in clinical trials, such as outliers, inconsistent values, or erroneous data points, can significantly
affect the integrity of the study and potentially lead to incorrect conclusions. SAS macros provide an efficient way
to automate the detection and cleaning of these anomalies. Once detected, these anomalies can either be flagged for
manual review or automatically corrected based on predefined rules.

© 2023, IJSREM | www.ijsrem.com DOI: 10.55041/I)SREM22880 | Page 5


http://www.ijsrem.com/

&%’ ‘3@
liiﬁgﬁlnternational Journal of Scientific Research in Engineering and Management (IJSREM)

R ioad~  Volume: 07 Issue: 06 | June - 2023 SJIF Rating: 8.176 ISSN: 2582-3930

Example: Detecting Outliers with SAS Macros

Outliers, or extreme data points that fall outside of an expected range, are common anomalies in clinical trial datasets.
The following example demonstrates how a SAS macro can detect and flag outliers in a dataset based on a specified
range.

%macro detect_outliers(dataset=, var=, low=, high=);

data outliers;

set &dataset:

if &var < &low or &var > &high then put "outlier detected: " &var= " in dataset " &dataset;
run;

smend;

USING THE MACRO TO DETECT OUTLIERS

You can apply the macro to different variables in various datasets. For example, the macro below is used to detect
outliers in blood pressure data:

%detect_outliers(dataset=patients, var=blood_pressure, low=80, high=180);

In this case, any blood pressure values outside the range of 80 to 180 will be flagged as outliers, with a message
indicating the anomaly.

Example: Cleaning Anomalous Data

In addition to detecting outliers, SAS macros can be extended to automatically correct data anomalies based
on predefined rules. For example, we can create a macro to replace outliers with missing values (.) or a specific
value.

%macro clean_outliers{dataset=, wvar=, low=, high=, replace_value=.];
data cleaned;

set &dataser;

if &var = &low or &var > &high then &var = &replace_wvalue;

FLUn;

Gmend;

CLEANING DATA AUTOMATICALLY

Applying this macro will clean the outliers by replacing them with a missing value:

%clean_outliers(dataset=patients, var=blood_pressure, low=80, high=180, replace_value=.);

This process automates the detection and correction of outliers, ensuring that extreme values do not distort
the results of the analysis.

CREATING REUSABLE VALIDATION MACROS FOR MULTI-STUDY USE

SAS macros can be made flexible and reusable by parameterizing key inputs, such as dataset names, variable
names, and value ranges. This makes the macros adaptable for use in multiple clinical studies without
requiring extensive modifications. By defining parameters that can easily be changed, the same macro can

© 2023, IJSREM | www.ijsrem.com DOI: 10.55041/I)SREM22880 | Page 6


http://www.ijsrem.com/

&gl \3@
e dgnternational Journal of Scientific Research in Engineering and Management (IJSREM)

R ioad~  Volume: 07 Issue: 06 | June - 2023 SJIF Rating: 8.176 ISSN: 2582-3930

perform similar validation tasks across different datasets, reducing the need to create new code for each study
and promoting standardization.

Example: Reusable Macro for Range Checking Across Studies

Below is an example of a reusable SAS macro designed to check if a variable falls within a predefined range.
By allowing the dataset name, variable name, and range values to be passed as parameters, this macro can be
applied to any dataset or study.

#macro validate_range_multi_study(dataset=, var=, min=, max=);

data _null_;

set Adataset;

if &var < &min or &var > &max then put "ERROR: " &var= " is out of range in dataset " &dataset;
run;

%¥mend;

Using the Macro Across Different Studies

Once the macro is created, it can be applied to different datasets by simply adjusting the parameters:

# range check for study 1 - Age validation */
%validate_range_multi_study(dataset=studyl_data, var=age, min=18, max=73);

“ range check for study 2 - Blood pressure validation *
%validate_range_multi_study(dataset=study2_data, var=blood_pressure, min=80, max=180);

In the above examples:
e Study 1 uses the macro to check that patient ages are within the range of 18 to 75.
e Study 2 uses the same macro to ensure that blood pressure values are between 80 and 180.

By parameterizing the dataset name, variable, and range values, this macro can be reused across different
studies with minimal effort. It saves time, ensures consistency, and simplifies validation processes across
multiple clinical trials.

CASE STUDY: ENHANCING DATA VALIDATION IN A GLOBAL CARDIOVASCULAR TRIAL

In a global cardiovascular clinical trial involving over 15,000 patients, the scale and complexity of the dataset made
manual data validation impractical and time-consuming. The dataset included multiple variables, such as patient age,
blood pressure, and treatment dates, all of which required thorough validation to meet regulatory standards.

To address this challenge, the trial team implemented a set of reusable SAS macros designed specifically for
automating data validation tasks. These macros were built to:

e Validate patient age by ensuring that it fell within a reasonable range for the study's inclusion criteria.
e Check blood pressure values for any outliers or extreme readings that might indicate data entry errors.

o Verify treatment dates, ensuring logical consistency between related fields, such as ensuring that follow-
up dates were not earlier than the treatment initiation dates.
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By using SAS macros, the team was able to significantly streamline the validation process. The automation reduced
the time spent on validation activities by 50%, freeing up resources to focus on other critical aspects of the study.
Furthermore, the macros ensured that data validation was consistent across multiple regions, improving the overall
accuracy and reliability of the trial data.

This approach not only enhanced data quality but also facilitated smoother regulatory submission, as the automated
validation process ensured that all data conformed to the required standards. The success of these SAS macros in this
large-scale cardiovascular trial serves as a model for improving efficiency and accuracy in data validation for future
clinical studies.

Best Practices for Implementing Validation and Cleaning Macros

1. Modularity: Design your SAS macros to be modular and adaptable, allowing for easy reuse across different
studies. Modular macros enable faster deployment and minimize the risk of errors when adjusting them to
suit new datasets or clinical trial requirements. This flexibility can improve efficiency and standardize
validation practices across projects.

2. Documentation: Ensure each macro is thoroughly documented, including its purpose, parameters, expected
input, and output. Well-documented macros make it easier for others (or even yourself in the future) to
understand and use the code. Proper documentation also aids in troubleshooting and knowledge transfer
across teams.

3. Automation: Strive to automate as much of the validation and cleaning processes as possible. This includes
not only the detection of data anomalies but also the generation of validation reports, summary statistics, and
flagged datasets. Automation streamlines workflows, reduces manual intervention, and increases consistency
in data checks.

4. Error Handling: Incorporate robust error-checking mechanisms within your macros to manage unexpected
inputs or issues in the datasets. This ensures that the macros run smoothly even when data anomalies occur.
Include clear error messages and logging functions that allow users to quickly identify and resolve problems.

5. Version Control: Implement a system for version control to keep track of changes made to the macros over
time. This practice is essential for maintaining an audit trail, ensuring that updates to the macros are properly
reviewed, and reverting to previous versions if needed. Version control helps maintain consistency, especially
when multiple team members are contributing to macro development.

Al-Assisted Data Cleaning with SAS

The future of clinical data cleaning lies in integrating Al and machine learning with SAS. Al can help detect patterns
and anomalies that are difficult to specify using rule-based validation methods. By training models on historical data,
Al can flag potential errors or inconsistencies that may have been overlooked by traditional validation methods.

Incorporating Al into SAS macros will enable more intelligent, adaptive data cleaning processes that continuously
improve as they learn from new data. For example, an Al-augmented macro could automatically adjust its validation
thresholds based on patterns it detects in the dataset.
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CONCLUSION

SAS macros offer a robust and efficient solution for addressing the challenges of data validation and cleaning in
clinical trials. By automating repetitive and complex tasks, they significantly reduce the likelihood of human error,
improve consistency across datasets, and accelerate the entire validation process. This paper has explored essential
SAS macros, provided practical examples of their application, and highlighted their role in enhancing data quality in
a global cardiovascular trial. As clinical data management evolves, the integration of Al with SAS macros represents
an exciting opportunity to further optimize these processes, enabling more intelligent, adaptive, and proactive data
validation and cleaning in future trials. This innovation holds great potential for elevating the reliability and accuracy
of clinical trial outcomes.
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