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Executive Summary

This document explores the arguments and counterarguments for using Artificial Intelligence
(Al) solutions in analyzing Patient Electronic Health Records (EHRs). It addresses the tension
between stakeholders prioritizing precise accuracy in statistical reporting (e.g., exact metrics
like error rates or population statistics) and those advocating for Al's strengths in predictive
modeling (forecasting outcomes) and inferential insights (drawing conclusions from patterns).
The analysis draws from recent literature on Al in healthcare, highlighting benefits like enhanced
personalization and efficiency, alongside risks such as bias and integration challenges. The
discussion is structured for clarity, with in-situ footnotes linking to a references list at the
document's end.

Introduction

Electronic Health Records (EHRs) contain vast, complex data on patient histories, treatments,
and outcomes. Traditional statistical methods excel in precise, interpretable reporting, ensuring
accuracy in metrics like survival rates or treatment efficacy. However, Al—particularly machine
learning (ML) and deep learning—offers advanced capabilities for predictive (e.g., forecasting
disease risks) and inferential (e.g., identifying hidden correlations) analyses. Proponents argue
Al transforms healthcare by enabling proactive, personalized care, while critics emphasize risks
to statistical precision due to Al's "black-box" nature and data dependencies. This debate is
critical as Al adoption grows, with the market projected to reach $187 billion by 2030." Below,
we outline key arguments and counterarguments.

Arguments for Al in Predictive and Inferential Insights

Al's ability to process unstructured EHR data (e.g., notes, images) surpasses traditional
statistics, enabling deeper insights into patient trajectories.

e Superior Pattern Recognition and Prediction: Al algorithms, such as deep learning models,
identify complex patterns in large EHR datasets that traditional statistical methods might miss.
For instance, Al can predict heart failure or stroke with high accuracy (AUROC >0.95),
outperforming statistical models by analyzing multidimensional data like genomics and
demographics.? This facilitates predictive modeling for outcomes like readmission risks or
treatment responses, leading to personalized medicine and better resource allocation.?
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e Efficiency and Real-Time Insights: Al streamlines workflows by automating data overload
management, reducing wait times through predictive scheduling, and providing real-time
inferential insights (e.g., optimal therapy selection).4> Hospitals use Al to forecast inpatient risks
or monitor outpatients, improving care coordination and cutting preparation times for treatments
like radiotherapy by up to 90%.5 7

e Handling Complex, Unstructured Data : Unlike rigid statistical models, Al excels with "Big Data" in
EHRs, integrating genomics, claims, and real-time monitoring for inferential insights like emerging
disease threats or bias-corrected predictions.? This self-improving mechanism enhances
precision in tasks like dose optimization, achieving better patient outcomes than rule-based
systems.? 1°

e Cost-Effectiveness and Scalability : Al reduces administrative burdens, potentially saving time
and costs while enabling preventative care models. Studies show Al outperforms traditional CVD
risk calculators, offering dynamic, real-time evidence strategies." "2

These arguments position Al as a complement to, rather than replacement for, traditional
methods, ideally integrating both for hybrid approaches.®

Counterarguments: Prioritizing Precise Accuracy in Statistical Reporting

Critics focused on statistical precision argue that Al's probabilistic nature introduces
uncertainties, potentially compromising reliable reporting in regulated healthcare environments.

e Risk of Bias and Inaccuracies : Al models trained on flawed EHR data (e.g., missing values,
inconsistencies) can amplify biases, leading to inaccurate predictions or overestimations of risks.
For example, validation studies show traditional models like Framingham Risk Score
overestimate CVD risks in diverse populations, and Al exacerbates this without proper
mitigation.’#'® Data entry errors or algorithm drift further undermine statistical validity, making Al
less reliable for precise metrics like error rates in diagnostics."”

e Lack of Transparency and Interpretability : Al's "black-box" algorithms hinder understanding of
how inferences are drawn, contrasting with transparent statistical models (e.qg., regression). This
raises ethical concerns in clinical decisions, where explainability is crucial for trust and regulatory
compliance.’®'® Preclinical Al research often lacks real-world validation, leading to predictable
errors in reporting.2°

e Integration and Workflow Challenges : Embedding Al in EHR systems is complex, with
compatibility issues causing data errors or privacy risks (e.g., electronic phenotyping algorithms
exposing patient data).2'22 Traditional methods are more straightforward for standardized
reporting, avoiding Al's need for ongoing calibration and training.??

e Over-Reliance and Efficiency Misconceptions : High Al accuracy in controlled settings doesn't
always translate to clinical efficiency; prospective trials are limited, and over-reliance could lead
to misdiagnoses if data quality is poor.242°> Al may not reduce jobs but disrupts workflows without
proven long-term benefits.2¢
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Conclusion

Al offers transformative potential for predictive and inferential EHR analysis, enabling proactive
healthcare through pattern detection and personalization. However, for stakeholders valuing
precise statistical accuracy, Al's biases, opacity, and integration hurdles pose significant risks,
potentially eroding trust in reporting. A balanced approach—combining Al with traditional
statistics, robust bias mitigation, and regulatory oversight—could maximize benefits while
safeguarding accuracy.?’2® Policymakers and developers should prioritize validation,
transparency, and hybrid models to address these concerns.
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