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ABSTRACT

The rapid accumulation of large-scale Electronic Health Records
(EHR) presents considerable opportunities to generate real-world
evidence to inform clinical decision-making and accelerate drug de-
velopment. However, the complexity of EHR has turned them into a
formidable testing ground for cutting-edge Al algorithms. Further-
more, a significant gap still exists between algorithm development
in the computer science community and clinical translation within
the healthcare community. This tutorial aims to bridge this divide
by fostering mutual understanding between the two communities
by discussing using advanced machine learning and data mining
technologies tailored to tackle real-world healthcare challenges,
including 1) using EHR and trial emulation for understanding Long
Covid and drug repurposing for Alzheimer’s disease, and 2) risk
prediction and associated fairness, interpretability, generalizability,
etc., issues. We will conclude this tutorial by delving into potential
opportunities for future research and unveiling the prospects of a
career as a health data scientist.

CCS CONCEPTS

« Applied computing — Health informatics; Health care infor-
mation systems; « Computing methodologies — Causal reason-
ing and diagnostics.
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1 INTRODUCTION

Real-world data (RWD) are usually referred to as patients’ data
collected during the delivery of health care. Common real-world
data sources include electronic health records (EHRs), adminis-
trative claims, etc. Taking EHRs as an example, they can have a
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variety of data from structured domains (e.g., diagnoses, prescrip-
tions, procedures, laboratory tests, vital signs, etc.) to unstructured
domains (e.g., clinical notes, medical images, etc.). Real-World Evi-
dence (RWE) is defined by the FDA as "clinical evidence about the
usage and potential benefits or risks of a medical product derived
from analysis of RWD" [2], or can be extended to clinical evidence
generated from observational noninterventional study [3]. In this
tutorial, we aim to introduce how to use EHRs and machine learning
methods to solve real-world healthcare challenges. We will intro-
duce machine-learning-driven trial emulation methods and how to
use them to improve our understanding of and ability to predict,
treat, and prevent the post-acute sequelae of SARS-CoV-2 (or Long
COVID) [6, 9, 16, 19, 20, 22], and to do comparative effectiveness
analysis [12] and drug repurposing [18] for Alzheimer’s disease.

On the other hand, we will introduce machine learning and EHR-
based risk prediction [8, 11, 13-15, 17] and highlight critical issues
associated including fairness, interpretability, and generalizabil-
ity. We first explore methods to measure and address algorithmic
disparities (potential discrimination against certain disadvantaged
subpopulations) in risk prediction models[4, 5]. Then, we will dis-
cuss the need for interpretability [1, 10] and introduce the methods
to explain risk prediction models [7]. Lastly, we will introduce how
to train a risk prediction model with better generalizability when
applied to different populations or datasets [21]. Tutorial materials
are available at www.calvinzang.com/ehr4rwe_kdd2023.html and
the outline is summarized below:

(1) Introduction (30 min)
(2) Trial Emulation for Generating Real-world Evidence (60 min)
e Randomized Controlled Trial, Trial Emulation, and Ma-
chine Learning-driven Trial Emulation for Causal Infer-
ence
o Using EHR and Trial Emulation to understand Long COVID
o Using EHR and Trial Emulation for Alzheimer’s disease
drug repurposing
(3) Advancements in Risk Prediction for Healthcare (60 min)
e Machine Learning for Risk Prediction in Health Care
e Quantifying and Addressing Algorithmic Disparity
o Explaining Models by Causal Path Decomposition
o Improving Model Generalizability across Multiple Sites
(4) Conclusion: Discussion and Future Direction (20 min)

Societal Impacts and Audience. This tutorial tries to bridge the
gap between methodology (CS community) and clinical translation
(medical community). Machine learning tools (e.g., causal inference,
predictive modeling) for mining EHRs tailored to specific health-
care applications will be introduced. This tutorial will be highly
accessible to all data mining researchers, students, and practition-
ers who are interested in health data science. The tutorial will be
self-contained and no special prerequisite knowledge is required.
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