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JThe best thing about being a statistician i s
- John Tukey -



— Statistical Modeling: —
The Two Cultures

Statistics is the discipline that concerns the collection, organization, analysis,
Interpretation, and presentation of data.

Leo Breiman(2001). Statistical Modeling: The Two Culturestatistical Science

A T h eareetwo cultures in the use of statistical modeling to reach
conclusions from data. One assumes that the data are generated by a
given stochastic data model. The other uses algorithmic models and treats
the data mechanism as unknown. The statistical community has been
committed to the almost exclusive use of . This commitment
has led to irrelevant theory, questionable conclusions, and has kept
statisticians from working on a large range of interesting current
problems. , both in theory and practice, has
developed rapidly in fields outside statistics. It can be used both on large
complex data sets and as a more accurate and informative alternative to
data modeling on smaller data sets. If our goal as a field Is to use data to
solve problems, then we need to move away from exclusive dependence
on data models and adopt a more diverse set of tools.o
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— Al Milestones —

Reinforcement Learning Al Products
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—  Al=Application to ABC
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S Medical Imaging —

Is the technique and process used to
create images of the human body for clinical purposes or
medical science. ( )

A X-ray radiography
C These imaging methods are essential for delineating the A Computerized tomography (CT)
A Magnetic resonance imaging (MRI)
Each modality employs a distinct targeting agent, A Ultrasound
generates data in varying dimensions, extracts unique A Positron emission tomography (PET)
features, and serves specific purposes within clinical and Electroencephalography (EEG)
research contexts. Magnetoencephalography (MEG)
Functional near-infrared spectroscopy (fNIRS)
Mammography
Light microscopy images
Fluoroscopy
Echocardiography
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https://en.wikipedia.org/

— Image Processing Analysis Methods —

How to enhance and extract signals of interest in imaging data?

U Image Reconstruction
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— Al for Image Segmentation —

Segmentation Annotation U-Nets
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Opportunities for Statisticians

34f our goal as a field is to use data to s
from exclusive dependence on data model s an
- Leo Breiman -



— Ridesharing Platform is a Complex Ecosystem—
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Leverage SupplyDemand Network Effect

How to evaluate and improve the operational efficiency of ride-sharing platform?

Supply-Demand Forecasting_| L Supply-Demand Diagnosis

Experiment Desig Deep RL Learning

Lifetime Value Lifetime Value

Policy Assessment | 'Policy Optimization

UNC Biostatistics UNC Biostatistics et
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Predicting the demand-supply distribution

=
Model <>

*  Multi-modal data fusion
* Complex spatio-temporal patterns
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Transfer ELA |E|

* Heterogeneous space among cities
* Heterogeneous feature among tasks

Recognition |~ |
* Causal inference

* Model interpretation

* Impact analysis

Supply-Demand Forecasting —
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Improve the service quality

-
Drivers a

* Reduce empty driving

Riders A
* Intelligent travel guidance /
* Less queueing time

Platform a2
e Fill demand-supply gap

* Recognize the market

* Better dispatching and scheduling



— A Deep ST Forecasting Model

Graph Generation ~ Spatictemporal Forecasting
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. Deep Reinforcement Learning —

Home > About INFORMS > News Room > Press Releases >
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Series Editor; Lei Ying

Ihiwei (Tony) Qin - Xiaocheng Tang - Qingyang Li- Hongtu Zhu - Jieping Ye
ﬂ N THIS SECTION Reinforcement Learning in the Ridesharing Marketplace

This book provides a comprehensive overview of reinforcement learning for
ridesharing applications. The authors first lay out the fundamentals of the rid
system architectures and review the basics of reinforcement learning, including)
major applicable algorithms. The book d
the various aspects of a ridesharing system and discusses the existing rei
learning approaches for solving them. The authors survey the exist
g 7 2

studies, The:
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Marketplace: Researchers Recognized with INFORMS Daniel et S Learning in the
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- About the Authors.
we f in ¥
Zhiwei (Tony) Qin, Ph.D., is a Principal Scientist at Lyft Rideshare Labis.
Xiaocheng Tang, Ph.DD.,is an Al Research Scientist at Meta.
QingyangLi, Ph.D. is a Senior Engineering Manager at DiDi Autonomous Driving.
CATONSVILLE, MD, November 7, 2019 - S Jsieping Ye, PhD. is in Alibaba Group.
Codls = Hongtu Zhu, Ph.D. is a Professor in the Department of Biostatics at The University
the leadin ciation for operations research (O.R.) of North Carolina at Chapel Hill,
MEDIA CONTACT and analytics professionals, has awarded the 2019
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of Advanced Analytics and Operations Research to
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researchers from DiDi Research America and Didi

[

Chuxing Technology Co. for their work to incre

efficiency in the ride-hailing marketplace. The award e
was presented October 21 at the 2019 INFORMS

Annual Meeting in Seattle.




— Generative

@ Image data X € X(Q,RR?) on grid domain Q. Given intensity A : Q — R™",
X = Xby(un) @ -+ & X0y ()
> Objects: X2, ..., X}j;; Background noise: e.
> Number of objects: K ~ Poisson(A(2)), A(2) = [, A(t)dt
> Locations of objects: ux ~ P\, k=1,...,K.
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Figure: Test accuracy on MNIST dataset (o = 0.2) trained on a three-layer CNN.

CNN: Convl(out.channels=16, kernel_size=3, padding=1); MaxPool(2); Conv2(out.channels=32, kernel_size=3, padding=1);
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Figure: Test accuracy on MNIST dataset (o = 0.2) trained on a three-layer CNN.

CNN: Convl(out-channels=16, kernel_size=3, padding=1); MaxPool(2); Conv2(out_channels=32, kernel_size=3, padding=1);
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Figure: Test accuracy on MNIST dataset trained on a three-layer CNN.

CNN: Convl(out-channels=16, kernel_size=3, padding=1); MaxPool(2); Conv2(out_channels=32, kernel_size=3, padding=1);
MaxPool(2); Linear(out.dim=10).

out.dim=10).



— Deep Distributional Learning
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—  Causal Deepset for Offline Policy
Learning

Mean field Interference Effect
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H|5t0|08\/ image Hierarchical hlstology tiles Hierarchical histology features Super-resolution gene expressions Tissue annotation

pot level gene Spot-level weakly supervised learning | Zhang et al. (2024) Nature
P Biotechnology

IStar can automatlcally annotate cell types iIStar can automatically detect positive surgical margin

Cancer epithelial

Cancer (in situ)
Immune infiltrate
Breast glands
Adipose tissue

B Connective tissue

Plasmablasts




— Image Analysis Pipeline —

(a) Non-vessel structure analysis (b) Non-vessel structure function
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Wang, X. and Zhu, H (2024). Artificial Intelligence in Image-based Cardiovascular Disease Analysis: A Comprehensive Survey and
Future Outlook



— Cross-Modality Image Synthesis  +—

Real MRI
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— Computer-Aided Medical Data Analysis+—

Feature Prediction
Processing Extraction/Selection Model
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Prediction Models —

Baseline Imaging Environment

Purpose Genetic Lifestyle

determined |

data input Baseline Imaging Environment I
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S Knowledge Graph Construction —
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