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ABSTRACT

With the explosion of Al technology, CDM solutions have flooded the market, offering novel Al
approaches for conducting data reviews and shortening delivery timelines. Many of these “black box”
solutions are experimental at best and require massive change management to implement successfully.
This puts drug developers in a tough position—deliver cutting-edge innovation, but with a high risk of
failure.

Al-tech approaches that blend ML and Al capabilities into established and effective human-driven CDM
processes offer great promise. By seamlessly marrying Human and Al capital, CDM teams gain
efficiency, reduce the change management burden, and advance clinical research with minimal risk.

Whether you’re evaluating a vendor solution, or devising a change management strategy, join us as we
discuss technology adoption that takes a best-of-breed approach. We will explore Al/ML use cases that
optimize traditional CDM tasks while eliminating risks of data hallucinations, bias, and the “black box”
paradigm.

INTRODUCTION

Through an enhanced understanding of disease mechanisms and greater access to standardized clinical
data, pharmaceutical sponsors are increasingly adopting machine learning (ML) to develop novel drugs
for patients.2 With access to new open-source LLM’s (large language models), breakthroughs in pure
data science, and even coding assistance offered by LLM'’s, we only expect the availability of ML
solutions to increase.

The reduced barriers to entry for implementing ML models offer a vision of unprecedented precision
treatments and lower clinical trial costs. This high accessibility must be met with rigorous evaluation to
ensure alignment with sponsors’ research and business objectives.* Traditionally, the healthcare field is
risk-averse — requiring inventors and implementers to thoroughly test technology while managing the
quality of findings and potential risks to patients.® While the FDA has provided some guiding principles on
ML in medical devices,® a comprehensive regulatory standard like Good Manufacturing Practices (GMP)
for ML models is not yet in place. This should urge sponsors and CRO’s to take greater responsibility and
oversight in evaluating ML solutions they seek to adopt.

This paper will explore the potential issues that arise when vendor software does not align with sponsor
drug development objectives. This serves as guidance to pharma sponsors so they can evaluate ML
solutions by vendors, and guidance to vendors so they can build solutions aligned with sponsor business
objectives. Providing examples based on classification models — which are common in Clinical Data
Management (CDM) functions — key indicators and strategies are explored to assist professionals in



delivering true value in data review. This paper aims to equip sponsors and software vendors with
approaches to ensuring that ML applications are truly impactful to patient safety and business objectives.

MACHINE PROBLEMS, OR GAPS IN HUMAN COMMUNICATION?

With greater access to digital data sources and revolutionary breakthroughs in data science, ML is
increasingly used in the healthcare sector and clinical trials to address issues of patient recruitment,”
personalized gene therapies,® and the detection of data collection errors in trial data.

With a less rigorous validation process expected in comparison to traditional biophysical and
pharmacological technologies, this introduces risk that the technology sector will pursue data science
objectives that do not result in increased patient safety and efficiency of clinical trials. For example, non-
experts in ML may view model accuracy as a sole measure of performance leading to ineffective models
being deployed in practice.® Just as following the GMP standard prevents “contamination, mix-ups,
deviations, failures, and errors,” a regulatory standard for ML solutions can assure that models are
reliable and impactful to clinical trials.1°

Itis in vendors’ best interests to ensure the outputs from applied models truly provide value to sponsors
and CRO’s — and this can be supported by having a collaborative approach to evaluating model
performance and impact.!! Investing in ML development comes with monetary and resource costs, so
vendors are motivated to build effective products to make a return on those investments. The reduced
barriers to entry for implementing machine learning models sets the stage for vendors looking to make
ROI on impressive ML feats that do not truly answer sponsor research questions. Technology vendors
stand to benefit from working closely with sponsors, employing experienced domain experts, and
evaluating the true impact of the model during the exploration process with those sponsors.!!

Investment in Al in the clinical trials industry is projected by some to reach $20.16 billion by 2033.12
Expecting that sponsors and CROs will invest more in machine learning solutions, it serves them well to
critically understand the performance and impact of any model applied to clinical trials. Since a key
feature of ML models is that they can improve in performance based on user feedback, it is optimal to
adopt a ML solution for long-term use. Failed implementations not only cause a monetary loss, but a loss
in knowledge for the organization.

In Clinical Data Management (CDM), misaligned prediction targets and model performance can lead to
missed safety signals, incomplete data reconciliation, and even lost patient lives. A deeper
understanding of business problems and ML hypotheses ensures patient safety while generating ROI for
both the sponsor and vendor.

DETERMINING KEY MEASURES IS SERIOUS BUSINESS

Like with any technology that impacts patient lives and pharmaceutical drugs, key decisionmakers at
sponsors and CRO’s must be vigilant in deeply understanding their current processes, workforce, and the
outcomes of the new technology, in this case, ML prediction models. Analyzing multiple model
performance metrics and applying those metrics to the current business not only ensures that the safety
of drugs is carefully evaluated, but also that implementing the ML model is an improvement over the
current state and a worthy ROI for the organization. In the following section is an exploration leveraging a
binary classification model as an example. A classification model will predict the status of data as True for
a target condition (e.g., patients likely to drop out of the study, patients likely to experience a life-
threatening adverse event, etc.) or False for a target condition.



MOVING BEYOND ACCURACY AS THE END-ALL MEASURE

While there are a plethora of methods to evaluate the performance of ML models, accuracy is often
marketed to business users as an indicator of high performance. For “low-stakes” applications of ML such
as recommending online products, movies, and potential dates, a judgement on accuracy may suffice for
these use cases. However, in the healthcare space and especially in central data monitoring for clinical
trials, detecting the target condition can be vital to patient health or proper analysis of drug safety and
efficacy. Especially when applying models on data problems with class imbalances (when true signals are
a “needle-in-the-haystack”), accuracy may not reflect the impact in practice.1® This is critical because
missed safety signals can jeopardize the life of patients, the clinical trial itself, and subsequently the
massive investment in the trial by the sponsor.

Understanding the prediction rate among True Positives, True Negatives, False Positives, and False
Negatives for a classification model gives a more holistic view of what to expect from model insights
compared to accuracy score, which is a summarized metric.

The Confusion Matrix is an oft-used evaluation of model performance. There are more robust frameworks
for evaluating the performance of classification models such as Area Under Curve (AUC) and Precision-
Recall Curves!4 but for the scope of this paper we analyze the Confusion Matrix.

Prediction is Correct

Prediction is Incorrect

Condition is Detected

True Positive (TP)

False Positive (FP)

Condition is Absent

True Negative (TN)

False Negative (FN)

Table 1: Standard Confusion Matrix for evaluating performance of a binary classification model.

Measure Formula Definition
Accuracy TP + TN Out of all the predictions, how many were
TP+ TN + FP + FN correctly labeled as True and False?

Precision TP When the model predicts a True case, what is
TP + FP the rate of being correct?

Recall / Sensitivity TP How proficient is the model at identifying all
TP+ FN True cases?

F-Measure (F1 Score) 2TP A harmonic mean which balances Precision

TP+ FP L FN and Recall.

Table 2: Common model performance metrics with representative formula and English explanation.

High Performance Low Performance

Accuracy Model is proficient at differentiating Deficient at discerning between True and
between True and False cases. False cases.

Precision Positive predictions by the model are | Positive predictions by the model are
reliable. unreliable.

Recall/ The modelis proficient at identifying The model is deficient at predicting most

Sensitivity most True cases, with minimal False | True cases.

AND/OR
The model is sufficient at predicting most
True cases, but there are mass amounts of
False cases predicted as True.

cases predicted as True.




F1 Score The model balances proficiency in The model is deficient at detecting the target
predicting most True cases (high condition (low Recall),
Recall), with proficiency in AND/OR
differentiating between True cases The model is deficient at differentiating
and False cases (high Precision). between True Positives and False Positives
(low Precision).

Table 3: Interpretation of high and low performance across model performance metrics.

WHY ACCURACY DOES NOT GIVE THE FULL PICTURE

Sponsors and CRO’s ideally want to leverage ML models that are 100% accurate — meaning they
perfectly predict True and False cases in the input clinical data. However, due to data availability and the
complexity of the data learned by the model, this may be impractical. Extremely high accuracy in
classification models can even indicate the model is overfitted to (e.g. the model is “memorizing” rather
than learning) the training dataset.'® Accuracy can also be misleading when there is an imbalance of
classes in the data — meaning different expected counts of Positive vs Negative cases (e.g., a model can
consistently predict which patients do not have a rare disease, but fails to predict the few patients who
do).1¢ Considering ML models are often developed to detect serious risks to patient health and drug
safety, the ability for the model to predict all the True conditions (measured as Recall or Sensitivity) is
paramount to healthcare professionals.

DETECTING THE TARGET CONDITION IS KEY TO THE IMPLEMENTATION

Sensitivity scores can be maximized by a vendor’s data scientists to catch all True cases of the prediction
target — such as discrepant datapoints or patients at risk of developing cancer. Clinical data scientists are
driven to maximize sensitivity scores to eliminate these points of risk in trials and healthcare research,
because the industry is dedicated to patient care. If the data management team were to follow predictions
by a low-sensitivity model without supplemental traditional review processes, they will likely miss the high-
risk observations they seek to address.

ML engineers can leverage strategies to tweak model weightages and architecture to influence the
distribution of True, False, Positive, and Negative predictions generated. In pursuit of maximizing the
sensitivity of a model to ensure the prediction of True Positives, one method data scientists leverage is to
“cast a wider net” to ensure that most, if not all, True Positives are predicted. But by making this
adjustment the model may become more likely to generate False Positives, that are not true risks. If you
have ever expanded a threshold window in an edit check, for example when detecting lab values that
change from the patient’s baseline, there would be more potentially anomalous lab values for a Medical
Monitor to review, but the proportion of actual non-anomalous data that is reviewed, increases (Sensitivity
increases; Precision decreases). In the case of CDM, the data management team can feel confident in
their review since they covered more of the data, but there is a cost in efficiency when spending time and
resources on non-anomalous signals.

FALSE POSITIVES CAN IMPACT EFFICIENCY

Even as part of traditional data management and review processes, clinical observations are reviewed
multiple times and by multiple study team personnel to ensure the safety of interventions. While predicting
True Positives is paramount for the model, data scientists must be mindful of introducing False Positives
in the predictions. In a case like central data review where the data management team is directed to
review all data and not just those that appear anomalous, reviewing False Positive predictions can be a
strategy to supplement the data review process — but it may not be the most efficient strategy.



Due to the importance of detecting Positive cases in healthcare and clinical trials, there is a penalty
difference in classification errors. And depending on the data management team itself, there may be a
penalty difference in the time, effort, and cost it takes to identify and review True Positives versus False
Positives.'” Some factors that can influence the time and effort it takes to review anomalous data are:

e Whether or not the ML recommendation system provides all contextual info needed to review
data quickly.

e In what scenarios there is a hand-off from data manager to medical monitor, or to a data
management lead.

e The traditional data management and review processes put in place (listing reviews, edit checks,
clean patient tracker, patient profile reviews, etc.) to supplement the ML recommendation system.

A close relationship between sponsors and technology vendors during the exploration phase can ensure
that True Positives are detected by the model, and that the review process for study staff offers improved
efficiency over the current traditional process.

PROJECTING ADDED VALUE OF THE MODEL

Implementing a ML recommendation system can, and is expected to, alter the data management and
review process for clinical study teams. For any business decision maker, understanding the efficiency of
the data management function and its processes is foundational when evaluating ML solutions. During
implementation, study team members will not know that a Positive prediction is a False Positive until they
review it. So, based on model performance, there is a risk study team members may review hundreds or
thousands of predicted False Positives before reaching an important True Positive. This is critical
because based on the cases being predicted, patients can experience harm and the sponsor risks failure
of their clinical study.

As ML implementations stand to affect business processes and human capital in the CDM space,
business stakeholders should deeply understand the efficiency and workload of the central data review
team. It is essential to benchmark how quickly, accurately, and costly it is for the specific data
management team to review data, so the sponsor can determine if the ML implementation makes a
positive impact to efficiency.”

COMPARE ROCII TO ROI

In determining if a new ML implementation offers true efficiency improvements over the traditional
process, the business must first determine the critical success factors they are aiming to improve — such
as cost, time-to-query, and resources needed to complete data review. An ROCII (Return on competitive
intelligence investment) can be applied to business processes to estimate the value of insights, including
ML insights from business intelligence tools and clinical decision-making systems.!® Measuring the ROCII
and ROI in planning the adoption of a new system is flexible and depends on the business priorities of the
organization and specific use case.

Examples:

Positive Cases Detected, per Dollar Spent

Time to Raise a Query, per Dollar Spent

Data Manager Assigned to a Study, per Dollar Spent

Critical Safety Issue Detected, per Record Reviewed

At-Risk Patients Discontinued Before a Life-Threatening Event, per Dollar Spent



When the ROCII of the new business intelligence tool surpasses the ROI of the original process, the
sponsor can consider the business intelligence tool an improvement in reaching their business objectives.

To reliably estimate ROI, sponsors must deeply understand the capabilities and limitations of the review
team, and costs associated with their manageable workload. Model performance metrics can be
leveraged to estimate the ROCII. Leveraging realistic benchmarks of value provides more reliable
estimates of ROl and ROCII. By benchmarking the data management team in their current process, and
running a pilot of the model on real study data with the same team, components of ROCII and ROI can be
estimated.

ESTIMATING RISKS AND EXTRAPOLATING COSTS

There are many ways to estimate the risk in manual processes and business intelligence systems
including risk matrix, decision tree, and expected value analyses. In the following hypothetical case study,
expected value is calculated for simplicity and demonstration. Decision theory can be applied to the
before-and-after of implementing a new ML recommendation system to understand the risk to business
objectives through expected value.!® There are three basic elements that play into estimating the risk to
business objectives, when dealing with a decision problem: decisions to be made, uncertain events, and
value of outcomes.?°

Business Objective: Reduce the time taken to review all clinical data and raise necessary EDC queries to the
site for a clinical study, by fully migrating data review activity to a ML recommendation system.

Model Prediction Target: (Binary Classification)
Data records needing a query marked as TRUE
Data records not needing a query marked as FALSE

Risk: Reviewers may spend time reviewing records which do not result in a query.

Estimated Workload: 3,600,000 clinical data records

Current Traditional Process New ML Process
Activity Outcome Uncertainty Value Activity Outcome Uncertainty Value
(time) (time)

Find Query -0.20 8 Find issue Query -0.70 4
issuein in Positive (Precision)
Listing Predictions
Review No Query 0.80 10 No Query 0.30 5
Find Query -0.50 5 Find issue Query -0.20 6
issuein in Negative
risk No Query 0.50 7 Predictions No Query 0.80 7
review
Find Query -0.20 9
issuein
CPT No Query 0.80 9
Find Query -0.90 4
issuein
data No Query 0.10 6
check
output




Table 4: A hypothetical case study to demonstrate how sponsors and vendors can evaluate value added by
ML implementation.

This hypothetical business problem, along with uncertainty and value were synthesized for the sake of
explanation and simplicity. Uncertainty in the Current Traditional Process reflects the likelihood that a
data record being reviewed will fit either a Positive or Negative outcome. Uncertainty was given a
negative weightage ratio because the hypothetical DM team considers time spent on Positive cases to be
worth the time reviewing. The values in the Current Traditional Process reflect the time needed to review
data records found through the specific Activity, and finding the respective Outcome. The business needs
to define the uncertainty and value in the context of their team and business objectives.

As there are different penalties (time taken to review a record and raise query) for classes, outcomes of
Query (Positive) and No Query (Negative) are broken out separately. The outcomes of Query and No
Query represent the decision to be made by the data management team. Since the Current Traditional
Process deploys various review strategies, the differences in value and uncertainty (likeliness to occur)
are broken out separately as well. Since the data management team seeks to reduce time taken to fully
clean their data, the value is measured in the minutes it takes to identify a data issue, review it, and raise
a query on it (if deemed Positive).

The risk contribution for each of these combinations of review activity and outcome, can be represented
by the formula:

Risk = (Uncertainty) X (Value of Cases)

The risk contributions of each approach in the case study must be summed to realize the Total Risk.
Riskpy = ) P(X) X X,

For the Current Traditional Process:

Riskyamua = —0.20(8) + 0.80(10) + (—0.50)(5) + (0.50)(7) + (—0.20)(9) + (0.80)(9) + (—0.90)(4)
+ (0.10)(6)

RisKyanua = 3.1
For the New ML Process:
Risky, = (—0.70)(4) + (0.30)(5) + (—0.20)(6) + (0.80)(7)
Risky; = 9.8
Final Comparison:
Riskyranuar < Risky

In this hypothetical case study, there is more risk associated with the New ML Process. Since the
measures are synthetic, this is not meant to show that ML implementations are less efficient — but
demonstrates that determining gains in efficiency and ROI can be very complex and highly-specific to an
organization. The sponsors can create granular models (e.g. a breakdown by team member experience)
to realistically estimate the risk in these processes. As next steps, the sponsor may multiply these risk
scores by the count of clinical records being reviewed in the scenario, then multiplied by the cost of
employing data managers per minute to estimate total cost of reviewing all data for the study. In the New



ML Process, the sponsor will also need to factor in the costs of the yearly license of the solution (if
applicable).

Leveraging Traditional Approaches with ML Approaches

The selection process for every ML solution will look different based on the use case addressed, aspects
of the data management team, complexity of clinical data, and the software vendor’s implementation.
Sponsors and CROs may want to leverage the power of models to predict Positive cases while avoiding
potential misdirection and inefficiencies caused by those models. Traditional review approaches can be
leveraged to more efficiently review potential False Positives and Negative cases within the data. In the
following subsections we touch on a few strategies common in the industry.

DATA CHECKS

Data checks are leveraged to identify data discrepancies that fit under consistent logical conditions,
employing operators like ‘=", *>’, ‘'<’, ‘in’, etc. between values in and across clinical datasets. Data checks
often address clear discrepancies such as start dates occurring after end dates, and concomitant
medications marked as ongoing when they have a specified end date. Within a clinical decision-making
tool, such as ThoughtSphere’s ClinDM, data checks can even be enabled to automatically raise queries
in the EDC system when a discrepancy is detected. To aid study team members, vendors can design
their business intelligence tool to display relevant contextual data about the patient so they can verify true
discrepancies quickly and holistically. ML models use complex, layered statistical computations and

transformations which can be “overkill” for these types of discrepancies.

RISK-BASED CLINICAL DATA MANAGEMENT

Employing a Risk-Based Clinical Data Management strategy can guide data managers to reviewing truly
impactful signals in their clinical data. Calling on ICH E6 & ICH E8 guidelines, teams can devise a review
strategy based on the most impactful risks to the study data quality. Critical-to-Quality (CtQ) factors
should be identified and thoroughly analyzed during the planning phase of the study, involving data
managers and biostatisticians.?* Not only does it increase the quality of the Statistical Analysis Plan, but it
also allows the study team to conduct holistic risk assessments and track risks to quality throughout the
trial. For example, in ThoughtSphere’s platform CtQ’s can be created and linked to review objects (data
checks, listing reviews, risk reviews, clean patient tracker) to enable tracking of critical data and
processes at every step of the review process. By combining a ML approach with risk-based
assessments, the data most critical to success of the study and safety of patients can be reviewed on
priority.

CONCLUSION

In conclusion, both clinical research organizations and the software vendors can achieve
greater success by taking a collaborative and transparent approach to implementing ML models
in business processes. Sponsors should come to the table having a deep understanding of their
team’s strengths and weaknesses, and a critical eye on model performance. Software vendors
must be aware of the criticality in reviewing valuable model predictions, so they develop their
models effectively from the start. Sponsors can leverage ML models to predict Positive cases
and avoid performance issues, by deploying traditional review strategies in combination with an
advanced RBCDM strategy.
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