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AI in Society and Business Expected to grow by~6x, by 2034.

Source: https://www.precedenceresearch.com/artificial-intelligence-market
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Healthcare and Clinical Trials are no Exception

2020

2021

2024

Source: https://www.nature.com/articles/s41746-021-00505-5

Source: https://www.nature.com/articles/s41746-021-00505-5

Source: https://www.nature.com/articles/s41746-021-00505-5

Source: https://www.nature.com/articles/s41746-021-00505-5

https://www.sciencedirect.com/science/article/abs/pii/S1359644620300052
https://ascpt.onlinelibrary.wiley.com/doi/full/10.1002/cpt.3153
https://onlinelibrary.wiley.com/doi/abs/10.1002/ijc.33240
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Alignment Between Research Orgs and Software Vendors

• Understand model performance

• Analyze current processes and 

efficiency

• Understand clinical use case

• Analyze pitfalls in performanceClinical Researchers Data Scientists

Cheaper clinical trials

Faster detection of safety signals

Better detection of discrepant data

Increased ROI for trials

More robust models

Less re-work of models

Shareable case studies

Reduced churn for licenses
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Machine Learning Confusion Matrix

Correct Prediction Incorrect Prediction
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Experiment: Predict if patients will experience liver failure 

during trial.
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Penalty Differences in Classes

Correct Prediction Incorrect Prediction
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Missing Positives can be detrimental:

• Can result in patient death or harm

• At a higher-level, jeopardize safety of the study

Recall / Sensitivity = 

TP

TP FN+

Benchmarks if we can catch all at-risk patients.
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Penalty Differences in Classes

Correct Prediction Incorrect Prediction
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Too many False Positives can impede efficiency:

• Could have been faster to find through human-

led review

Precision = 

TP

TP FP+

Benchmarks the reliability of Positive predictions.
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Issues with Accuracy

Correct Prediction Incorrect Prediction
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Accuracy measures the correct rate of the model.

Accuracy = 

FP+

TN+

TP TN+ FN+

TP

When the frequency of cases are imbalanced, accuracy 

measures can lack value.
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Issues with Accuracy

Correct Prediction Incorrect Prediction
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Accuracy measures the correct rate of the model.

Accuracy = 

3+

87+

1 87+ 9+

1

When the frequency of cases are imbalanced, accuracy 

measures can lack value.

88% Accuracy
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Issues with Accuracy

3+

87+

1 87+ 9+

1 TP

TP FN+

1

1 9+This model fails to predict the 

patients at-risk for liver failure, 

which is a severe error!

Accuracy = 

88% Accuracy

Recall = 

10% Recall
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Tweaking the Positive Prediction Tolerance can catch more True Positives...

20+

80+

6 70+ 4+

6

Accuracy = = 86% Accuracy

6

6 4+
Recall = 

Precision = 

= 60% Recall

6

6 20+
= 23.1% Precision

Improved power to 

detect Positive cases! 

However, more False 

Positives.
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In Practice, False Positives can Impede Efficiency

Experiment: Predict if patients will experience liver failure during trial.

Considerations: Patients that will potentially experience liver failure, should have additional panels performed and a 

Medical Monitor to verify their safety.

Costs: 

• Medical Monitor vs Data Manager pay differential.

• Require at-risk patients to visit for blood drawing.

• Cost to perform the additional liver panel.

• Time delay due to this additional analysis.

The costs are highly dependent on safety protocols, experience and skills of the data management 

team, and required procedures.

Following False Positives by the model can increase costs in time, resources, money, and attention 

toward other patients. Team benchmarking is needed.
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In Practice, False Positives can Impede Efficiency

Exercise: As a Data Management Function Head, deeply understand your team’s productivity to determine 

if the ML solution will improve productivity and progress to business objectives.

User Benchmarking: Sit with the data management team to understand their strengths, SLAs, and 

weaknesses.

Benchmark by Model Performance: Apply the model performance metrics in the same analysis to 

establish an “AFTER” for the implementation.

Pilots Give Better Insight: Perform the same user benchmarking, but with the ML solution 

applied to real data, used by the real team.

Calculate Risk/Value Metric and Compare. There are different risk analyses but for this example 

we will calculate Risk and Expected Value
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Example: Model the Risk and Estimate Value

Hypothesis: The New process presents 

less risk-to-cost, than the Old Process.
Find issue in listing 

review

Find issue in data 

check output

Find issue Positive 

Predictions

Find issue Negative 

Predictions

Activity Outcome Uncertainty Value

Query

No Query

Query

No Query

Query

No Query

Query

No Query

-0.20

0.80

-0.90

0.10

-0.70

0.30

-0.20

0.80

Query represents reduction in risk

Hypothesis: Is ROCII* > ROI?

**Return on Competitive Intelligence Investment

No Query represents increase in risk

8min

10min

4min

6min

4min

5min

6min

7min
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Example: Model the Risk and Estimate Value

Find issue in listing 

review

Find issue in data 

check output

Find issue Positive 

Predictions

Find issue Negative 

Predictions

8min

10min

4min

6min

4min

5min

6min

7min

AFTER

-0.70(4)

0.30(5)

-0.20(6)

0.80(7)

+

+

+

BEFORE

-0.20(8)

0.80(10)

-0.90(4)

0.10(6)

+

+

+

Hypothesis: Is ROCII* > ROI?

**Return on Competitive Intelligence Investment

3.4   [Cost of DM/min] 3.1   [Cost of DM/min]

Activity Outcome Uncertainty Value

Query

No Query

Query

No Query

-0.20

0.80

-0.90

0.10

Query

No Query

-0.70

0.30

Query

No Query

-0.20

0.80

3.4 3.1EXPECTED RISK TO VALUE =

Lönnqvist A, Pirttimäki V. The measurement of business intelligence. Inf Syst Manag. 2006;23(1):32-40. doi:10.1201/1078.10580530/45769.23.1.20061201/91770.4.

Walls MR, Thomas ME, Brady TF. Improving system maintenance decisions: a value of information framework. Eng Econ. 1999;44(2):151-167. doi:10.1080/00137919908967514.

Davison L. Measuring competitive intelligence effectiveness: insights from the advertising industry. Comp Int Rev. 2001;12:25-38. doi:10.1002/cir.1029.
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Future Directions

Sponsors should come ready with:

⚬ A fundamental understanding of True Positives, False Positives (etc.) and performance 

metrics.

⚬ A baseline model of efficiency for the target DM team.

⚬ Incorporating RBCDM and blended approaches.

Vendors should be ready to:

⚬ Explain model performance metrics to business users in the context of business case.

⚬ Tweak model performance based on sponsor, with explainability.

⚬ Be open to blended approach by sponsor.

For the industry:

⚬ Implementing ML should be treated as a blended data science, safety, and human 

resource issue.

⚬ Pilots should be more commonplace because organizations differ.

⚬ More regulatory guidance from FDA will help standardize analyses.
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