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ABSTRACT 
In light of the latest guidelines for good clinical practice (ICH E6(R2) Integrated Addendum), sponsors of clinical trials 
should implement a “systematic, prioritized, risk-based approach” to monitoring activities, potentially including both 
on-site and centralized monitoring. CROS NT has developed a tool, which uses a statistically-controlled scoring 
method in conjunction with principal component analysis (PCA) to identify potentially problematic sites, rather than 
subjective thresholds. Data-driven risk factors, mainly computed as p-values, are used to assess the quality of data. 
CROS NT is currently integrating it with a customizable dashboard that visualizes the workflow, allowing sponsors or 
CROs to receive alerts and track corrective actions. Users can drill down through the visualizations from a global 
view to comprehensive profiles by site or by subject. The platform can provide real-time visibility of multiple sources 
of clinical and operational data. 

INTRODUCTION  
In light of the latest guidelines for Good Clinical Practice (ICH E6(R2) Integrated Addendum)1, sponsors of clinical 
trials should implement a “systematic, prioritized, risk-based approach” to monitoring activities. The traditional 
approach to clinical trial monitoring is to deploy monitors to sites on a regular basis, however the latest guidelines 
suggest centralized monitoring or a combination of centralized and on-site monitoring may be more effective and 
efficient. The guidelines highlight that you can use a more comprehensive statistical approach to identify issues that 
can impact subject safety and reliability of results. Even non-critical data can indicate problems at a site, so a 
statistical approach that looks at the totality of the data is an important key risk indicator. This type of risk indicator 
can be used as part of a centralized monitoring process, which may reduce the frequency and/or scope of on-site 
monitoring.  

The ultimate responsibility for the quality and integrity of the trial data always resides with the sponsor, even if a 
study is fully outsourced to a CRO. Therefore, sponsors need tools to quickly and easily assess the quality of data 
from the clinical trial sites. Statistics-based tools can summarize large clinical databases into meaningful 
visualizations, which is particularly important for multi-center and international studies. With the application of 
electronic case report forms (CRFs), it is possible to develop tools to support risk-based monitoring (RBM). Sites can 
be monitored as data is collected, taking into account risk factors, tracking study progression, and proactively 
addressing potential critical situations.  

CROS NT has developed a tool which uses a statistically-controlled scoring method in conjunction with principal 
component analysis (PCA) to identify potentially problematic sites, rather than subjective thresholds. The 
computational core of the analysis consists of identifying data driven risk factors, many as p-values, for data quality 
and analyzing these risk factors with different PCA approaches. Therefore, sites with issues such as repeated values 
or digit preference become apparent. These are difficult to detect by monitors reviewing data at a single site or a 
single patient visit. CROS NT is currently integrating it with a customizable dashboard that visualizes the workflow, 
allowing sponsors or CROs to receive alerts and track corrective actions. Users can drill down through the 
visualizations from a global view to comprehensive profiles by site or by subject. The platform can provide real-time 
visibility of multiple sources of clinical and operational data. 

This paper describes technology solutions to enable a risk-based approach in accordance with the guidelines set out 
in the new ICH GCP E6 (R2) Addendum. It also demonstrates how you can harness the power of data visualization 
and statistics to enhance the collaboration between clinical operations, data management and biostatistics.  

MONITORING APPROACHES 
The clinical phase is the most complex part of the drug development process. It requires efficient planning, 
conducting, and monitoring of clinical trials to produce reliable study data. Quality study data is crucial for 
submission to regulatory agencies. The monitoring of clinical trials ensures that protocols are followed and data is as 
complete and accurate as possible. As complexities in clinical trials continue to increase, the clinical monitoring cost 
has also risen significantly, in order to not only achieve higher data quality but to protect subject safety. Monitoring is 
one of the largest expenses in a clinical trial, accounting for 9-14% of the overall budget.2 Therefore, any efforts to 
fortify and streamline the process will be beneficial to both monitors and clinical trial sponsors. 
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In addition to the benefits to the sponsor of clinical trials, the most recent update to the ICH Guideline for Good 
Clinical Practice (Integrated Addendum E6(R2) – November 2016)1 encourages “implementation of improved and 
more efficient approaches to clinical trial design, conduct, oversight, recording and reporting while continuing to 
ensure human subject protection and reliability of trial results.” One such approach, is risk-based monitoring. FDA 
guidance for industry3 and an EMA reflection paper4, both published prior to the Integrated Addendum, support this 
approach. Risk-based monitoring can include on-site monitoring (performed at the site where a clinical trial is being 
conducted) and centralized monitoring (remote review of the data accumulated at each site, usually by data 
managers and biostatisticians).  

 

TRADITIONAL MONITORING 

Traditional monitoring practice has involved Clinical Research Associates (CRAs) visiting each site in a clinical trial 
on a regularly, scheduled basis (e.g. every 4-6 weeks). During these site visits, a CRA will typically perform 100% 
Source Data Verification (SDV). This task means the CRA is reviewing every page of the Case Report Form (CRF) 
(electronic and/or paper) and comparing it to primary health records. Alternatively, certain fields of the CRF could be 
selected to be reviewed at random, instead of 100% at each visit. The strategy is usually outlined in a Data 
Monitoring Plan. The purpose of this task is to verify that there are no data entry errors or fraud happening at a site. 
However, this is a time consuming task and usually leaves little time for the CRA to be potentially helpful in other 
areas, such as investigational product accountability, site recruitment, checking training logs and protocol deviations. 

 

RISK-BASED MONITORING 

Risk-Based Monitoring (RBM) aims to assist CRAs and clinical trial sponsors, promoting risk mitigation and early 
issue detection, by looking at the data as collected. A traditional approach to RBM involves setting metrics to be 
reviewed throughout the study. The study sponsor and Data Manager (DM) set thresholds to flag sites or subjects 
(e.g. > 3 Serious Adverse Events (SAE) per site; drug compliance < 80%) and corrective actions for exceeding the 
thresholds. The DM reviews the data (or it is done programmatically) as it is collected and alerts the CRAs/sponsor 
when a subject or site meets or exceeds a threshold. The data review and preventative/corrective actions are 
tracked and documented. Then, critical results are discussed with the study team, so everyone is up to date as the 
study progresses. This approach allows CRAs to focus their activities specifically on high risk sites identified by 
outcomes of RBM instead of equally distributing efforts over all the sites. Additionally, the data cleaning process is 
streamlined as the DM is reviewing data on an ongoing basis. Also, the sponsor has a broader view of how the study 
is progressing. However, since thresholds are subjective (as based on clinical experience) and fixed, they may not 
be effective in all areas; for example, excessive SAEs and low drug compliance can easily be flagged, but it may be 
difficult to detect fraud or instrument mis-calibration. 

 

CENTRALIZED STATISTICAL MONITORING 

Centralized Statistical Monitoring (CSM) is a type of central monitoring, where instead of metrics being set by the 
study sponsor and DM, they are data driven. Data is analyzed as collected with appropriate statistical 
methodologies, therefore additional team members (Biostatistician, Statistical Programmers) are involved in the 
monitoring process. With CSM, each site is assigned a type of “risk score” based on the results of the statistical 
models. Therefore, sites deemed to be high-risk can be the focus of monitoring efforts, including corrective actions. 
This type of data-driven approach creates exceptional data quality checks and can flag “risky” sites much sooner 
than using traditional monitoring or RBM Metrics. Statistical models can also easily detect fraud and instrument mis-
calibration or malfunction. However, each protocol is different and requires statistical input to determine critical data. 
The appropriateness of the model must be carefully reviewed by the Biostatistician on an ongoing basis. Also, a 
significant amount of data needs to be collected before certain statistical models can be considered appropriate. 
Thus, this type of monitoring may not be feasible for small studies. 

 

Both RBM metrics and CSM can reduce the SVD done by the CRAs, by highlighting data that seems to be 
problematic. Together, they can identify issues such as data entry errors, treatment non-compliance, enrollment 
issues, instrument mis-calibration or malfunction, and fraud. We have developed a tool, called Central Statistical 
Intelligence (CSI), that is based on Principal Component Analysis (PCA) and the results of which can be used to 
inform CSM. 

AN APPROACH TO RBM: CENTRAL STATISTICAL INTELLIGENCE 
Our CSI tool uses a statistical methodology developed around PCA, the results of which are used to compute a risk 
score. The input to the PCA is a matrix of indicators, based on the data determined to be critical by the 
Biostatistician. Generally, the distribution of data at one site is compared to all the other sites. This type of model 
requires a suitable number of sites with at least 10 subjects per site to be meaningful. The risk scores are ranked 
and the sites with high risk scores are red-flagged. 

 

INDICATORS 
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The first step to computing various indicators is to aggregate subject data. Our tool has been optimized using CDISC 
standards, particularly SDTM datasets. The use of SDTM allows for the reusability of code, due to a standardized 
data structure. Figure 1 below show the process of preparing the data. Subject data is collapsed by visit and time 
point into a single row per subject, representing all the critical data in the database, as identified by the 
Biostatistician and agreed with the trial sponsor. 

 

 
Figure 1: Combining SDTM to a merged data set ready for the CSI tool. 

 

Once the data is in the format above (bottom of Figure 1), indicators can be computed. Based on literature6-16, we 
have selected the following indicators. The general rule for the computation of indicator variables is that they are 
unit-less and have a range of 0 to 1, where 0 indicates a very problematic site and 1 indicates no problems at a site. 
Table 1 below describes the type of error and method to calculate the indicator. Table 1 also includes some error 
detection approaches that will only be used for visual review and not in the CSI overall risk computations. 

 

Table 1: Indicators 

Errors Approach/Description Type Overall Risk 

Dates Detecting visits occurring on weekends and national 
holidays 

proportion  

Univariate 
Outliers 

Identified by using a certain rule (e.g. 3σ rule) proportion  

Visit 
Scheduling 

Difference between planned study day and actual study 
day 

p-value  

Rounding to 
Integers 

Frequency of rounded values compared among sites proportion X 

Digit 
Preference 

Trailing digit from all continuous variables – one site 
compared to all others; P-value for CMH Row Mean 
Scores Differ; Max percent difference 

p-value  
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Errors Approach/Description Type Overall Risk 

SAE Rate Frequency per site/number of subjects/time period of 
reporting 

rate  

Systematic 
Errors 

Test on means of one site compared to all others p-value X 

Repeated 
Measures 

Minimum within-subject variability for each test with 
repeated measures (standard deviation) at each site.  

normalized 
value 

X 

Multivariate 
Inliers/Outliers 

Mahalanobis distance compared to Chi-squared statistic to 
classify observations 

proportion X 

Missing 
Values 

Proportion of missing values among sites through a Chi-
squared test 

p-value X 

Neighborhood Density-based clustering (Minimum Distance to Nearest 
Neighbor) 

normalized 
value 

X 

 

One important aspect of computing these indicators is to capture the variables of interest for each test or proportion 
(e.g. values that have repeated measures, values that are collected as non-integers, etc.) automatically, in a non-
study specific way. The Base SAS® software procedures PROC CONTENTS and PROC SQL are useful for this 
task. For example, if the data set shown at the bottom of Figure 1 is transposed so that there is one row per subject, 
per visit, per time point, the code below captures the names of the variables with repeated measures: 
 

/** contents of our merged datasets, in one row per subject, per visit, per time point 

format **/ 

proc contents data=start out=start_contents noprint; 

  run; 

 

/** all numeric variables, not including visit, timepoint **/ 

 data cont1(where=(type=1 and name not in ('VISITNUM' 'TPTNUM')) keep=name type); 

  set start_contents; 

 run; 

 

 proc sql noprint; 

  select name into :vars separated by ' ' 

  from cont1; 

 

  select name into :ctvars separated by '_x ' 

  from cont1; 

 

  select name into :comvars separated by '_x, ' 

  from cont1; 

 

  select count(*) into :nvars 

  from cont1; 

 quit; 

 

 %let ctvars=&ctvars._x; 

 %let comvars=&comvars._x; 

 

/** counting number of repeats (visits), by subject **/ 

 data rm; 

  set support.start2; 

  by usubjid; 

 

  array var[&nvars] &vars; 

  array count[&nvars] &ctvars; 

 

  retain &ctvars; 

  do i=1 to dim(var); 

   if first.usubjid then count[i]=1; 

   else if not missing(var[i]) then count[i]=count[i]+1; 

  end; 

 

  if last.usubjid then output; 

 run; 
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/** counting number of repeats (visits), by variable **/ 

 ods listing close; 

 ods output OneWayFreqs=freqs; 

 proc freq data=rm; 

  tables &ctvars; 

 run; 

 ods listing; 

 

 data freqs1; 

  set freqs; 

 

  var = tranwrd(scan(table, 2), '_x', ''); 

  reps = sum(&comvars); 

 

  if reps>1; 

 run; 

 

/** list of variables that have repeated measures **/ 

 proc sql noprint; 

  select unique var into :repvars separated by ' ' 

  from freqs1; 

 quit; 

 

After this code is run, the macro variable &repvars will contain a list of variables that have repeated measures, 
regardless if the repeats are by visit or by time point. This is extremely useful when the data is incomplete, as it does 
not rely on a list of the variables that are expected to be repeated (e.g. input from the user), but programmatically 
creates a list of variables that are actually repeated in the current data. This list can then be used to drop or keep 
variables from the original data set. As an example, here is how it could be used in the computation of the 
Normalized Minimum Within-Subject Standard Deviation: 

 
ods output BasicMeasures=univ1(where=(varmeasure='Std Deviation' and not 

missing(varvalue))); 

  

proc univariate data=start2; 

 by siteid usubjid; 

 var &repvars; 

run; 

 

The output data set has the standard deviation, by site and subject, for each of the variables included in &repvars. 

 

After all the indicators are derived, they are compiled into a matrix, with one row per site. Figure 2 below shows a 
partial example of the matrix of indicators. Note that not all indicators are shown in this figure. Indicators such as the 
test on means or repeated measures will have multiple indicators in this matrix; one indicator for each variable from 
the data shown in Figure 1. 

 

 
Figure 2: Example matrix of indicators used in the CSI tool. 
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PRINCIPAL COMPONENT ANALYSIS 

Once the matrix of indicators is prepared, it can be used for PCA. PCA was chosen as a method to rank each site 
because it takes the matrix of indicators and, with a graphical solution, it maps each multidimensional point (i.e. site) 
into a smaller set of dimensions so that as much as possible of the original variability is explained. The PCA has 
been implemented in the SAS/IML® language. First, cross validation is used to determine the appropriate number of 
principal components (PCs). Then, the PCA is run with the number of PCs determined by cross validation. The 
results must be reviewed by the Biostatistician to determine which PCs are appropriate to use for the risk score 
calculation. Some PCs may not be considered because they are dominated by the missing-value imputation effect. 
Once PCs are selected, the risk score is computed as the Euclidean distance from the center of the PC space. Risk 
thresholds classify those sites as low, medium or high risk. The method described allows for moving thresholds, so 
that with any level or completeness of data, some sites may be identified. Figure 3 shows an example of the results 
of the PCA analysis, including the loadings of the two PCs and the resulting risk score. 

 

 
Figure 3: PCA result data set. 

 

One consideration for using PCA to evaluate data in an ongoing study is that there will be some degree of missing 
data. Traditional PCA is not tolerant to missing data, because it is based on eigenvalue decomposition of the 
covariance matrix. Therefore, we’ve taken two approaches: Bayesian PCA and PCA with single-value decomposition 
(SVD) based imputation. Both of these methods allow for a greater amount of missing data. In practice, both 
methods will be run and the Biostatistician should review the results, and select which model to use based on the 
fewest number of components required to explain the variability of the indicator matrix, with a more reasonable result 
in terms of the cross-validation.  

VISUALIZATION 

The final step is to provide sponsors and CRAs a report of the results that is easy to review and interpret. Currently, 
different visualization approaches are being evaluated, but the final product will have the following attributes: 
integration of RBM Metrics with CSI results, easy to navigate for clinical staff, drill-down capabilities, email alerts, and 
tracking of corrective/preventative actions. The visualization of results from RBM Metrics and CSI is the main way 
this tool will help streamline monitoring for sponsors and CRAs. Figure 4 shows an example of some ways the risk 
score could be visualized, including graphics created with SAS/VA® software. In addition to these visualizations, 
some of the indicators described in Table 1 that are not used in the CSI overall risk tool can also be plotted for 
review by the sponsor and CRAs (e.g. a bar graph of the frequency of visits occurring on each day of the week, by 
site). 
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Figure 4: Examples of visualization of risk scores. 

CONCLUSIONS 
Guidance from regulatory bodies around the world suggest taking a risk-based approach to the monitoring of clinical 
trials. One way to implement a risk-based approach is to use centralized monitoring tools, such as review of the data 
against RBM metrics or grouping sites into risk categories using statistical methodologies, in order to focus 
monitoring efforts on sites that may compromise the safety of the trial subjects or the overall quality of the study 
data. Furthermore, the application of statistical models can streamline this process, providing a scientific basis for 
targeting monitoring efforts. The results of complex statistical models can be presented in a visual way to clinical 
staff, keeping all members of the study team updated on the study’s progress. This data-driven approach provides a 
cost-effective way of meeting regulatory requirements, enhancing data review, and protecting subject welfare. 
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