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Pros of traditional statistics (1)

* Interpretability:
o Results are generally easy to understand and explain

» Theoretical grounding:
o Based on well-established mathematical theory

» Hypothesis-driven:
o Encourages structured thinking through hypothesis testing

 Clear assumptions:
o Models require known & testable assumptions (e.g., normality,
iIndependence)

« Reproducibility:

o Given the same data and method, results are easily reproducible



Pros of traditional statistics (2)

* fransparency:
o Model parameters have direct and intuitive meanings

* Low computation cost:
o Suitable for small datasets and requires less processing power

e Strong inference capabilities:
o Suitable for establishing causality in controlled settings

« Wide acceptance:
o Standard in many fields like medicine, law, and social sciences

» Statistical significance testing:
o Provides p-values and confidence intervals for decisions



Cons of traditional statistics (1)

» Rigid assumptions:
o Violations can invalidate results

* Limited with complex data:
o Not ideal for high-dimensional or unstructured data

« Manual feature engineering required:
o Needs explicit variable selection and transformation

» Not adaptive:

o Struggles to learn from new data automatically

 Lower predictive power:
o Less accurate for certain types of pattern recognition tasks




Limitation of statistics: Non-linear relationships

count_AST_ALT count_AFP count_opdgi

1. Linearity 2. Homoscedasticity 3. Multivariate Normality

(Linear relationship between Y and each X) (Equal variance) (Normality of error distribution)

4. Independence 5. Lack of Multicollinearity

(of observations. Includes “no autocorrelation”) (Predictors are not correlated with each other)

@ x+X, @ x~X,

Assumption of Linear Regression
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Limitation of statistics: Complex datasets

Radiology

Radiomics

Clinical
data

riable

count_AST_ALT 4
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Cons of traditional statistics (2)

» Data must be clean and structured:
o Poor handling of missing or noisy data

» Can overlook nonlinear relationships:
o Many models assume linearity

« Model selection is manual and complex:
o Choosing the right model is skill-intensive

* Less automation:
o Cannot scale well without expert intervention

e Limited interaction modeling:
o Hard to capture complex feature interactions



Pros of AI/ML analysis (1)

« High predictive accuracy:
o Excels in pattern recognition and classification

» Handles large, complex datasets:
o Suitable for big data and unstructured formats

 Learns from data:
o Models can improve with more data

» Captures nonlinear relationships:
o Neural networks and tree models model complex interactions

« Automated feature extraction:
o Especially in deep learning




Automation of feature extraction and selection
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Prediction
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Automation of feature extraction and selection

entire lightgbm nCH lightgbm
g High 199 High

count AST ALT P~ -
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count_AFP
count_AST_ALT

Feature value
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SHAP value (impact on model output) SHAP value (impact on model output)



Pros of AI/ML analysis (2)

» Scalable:
o Can be deployed at scale in real-time systems

* Flexible algorithmes:
o Wide range of models for different problems

* No need for strict assumptions:
o Works even when traditional assumptions are violated

« Customizable learning:
o Prioritize outcomes like precision or recall

 Useful in diverse domains:
o Applied in vision, language, genomics, finance, etc.



Flexibility and adaptability to co
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Ability to capture non-linear relationships

count_opdgi

GOT/GPT

PM10




Cons of AI/ML analysis (1)

* Low interpretability:

o Often black-box in nature
» Data-hungry:

o Requires large, high-quality datasets
 Qverfitting risk:

o Can memorize noise in training data

« Computationally intensive:
o Needs powerful hardware and time

» Difficult to validate causality:
o Often correlation-based




Cons of AI/ML analysis (2)
» Harder to debug:

o Errors not always obvious
* Bias amplification:
o Can reproduce systemic biases

« Complex tuning required:
o Needs model selection and hyperparameter tuning

» Opague decision-making:
o Not ideal for accountability-heavy fields

 Model drift:

o Performance may degrade if data patterns change
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Cons of Al: No assumptions

1. Linearity 2. Homoscedasticity 3. Multivariate Normality

(Linear relationship between Y and each X) | variance) (Normality of error distribution)

4. Independence

(of observations. Includes “no autocorrelation”)

19

Assumption of Linear Regression



Cons of Al: Prone to bias and error
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Sources of Al Bias

Real world patterns of health
inequality and discrimination

® 8 &

Discriminatory
data

Unequal access Discriminatory Biased clinical \ Sampling biases and Patterns of bias and
and resource healthcare decision World — Data lack of representative  discrimination baked
allocation processes making { datasets into data distributions
Application U Desi Biased Al design and
injustices SE s 2Bl deployment practices

AR5 EE]E]

.
VY .J'A

Disregarding Exacerbating global Hazardous and
and deepening health inequality and discriminatory repurposing
digital divides rich-poor treatment gaps of biased Al systems

D 2

b~ . d- 52

.l. . . -

i 1H % %
Powerimbalances in Biased and exclusionary Biased deployment,

agenda setting and design, model building explanation and system
problem formulation and testing practices monitoring practices



Imbalanced data

B heart.csv (11.06 KB) Mofldcolumns ~ Views ~JOND & £ X
# age T | # sex T | # ep T | # trestbps T # chol T  # fbs T  # restecg
age in years (1 = male; 0 = femalg) chest pain type resting blood pressure (in serum cholestoral in (fasting blood sugar = 120 | resting

mm Hg on admission to mg/dl mg/dl) (1= true; 0 = false) glectrocardio:
the hospital) results
g4 200 | 126 564 | 0 1|0

1 145 233 1

2 13@ 258 a

3 13@ 284 a

4 26 1 1 12@ 236 a

5 v 32% Female- ﬂ

6 a7 1 5] 14a 192 a

7 o6 5] 1 14a 294 a




Imbalanced data vs. synthetic data

Synthetics + Train vs. Train data
100 .
mmm EBaseline
mmm Synthetics
80
&0
40
20
o
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=2 u
i =
i
[

=
[1=]
=

Logistic Regres
Random Forest



Al amplifies Bias

COOKING COOKING COOKING COOKING COOKING
ROLE VALUE [ ROLE  VALUE | ROLE VALUE VALUE ROLE VALUE
AGENT » WOMAN AGENT » WOMAN AGENT » WOMAN WOMAN AGENT » MAN
FOOD »  PASTA FOOD »  FRUIT FOOD »  MEAT FOOD  » VEGETABLES FOOD » -
HEAT »  STOVE HEAT  » - HEAT »  GRILL HEAT »  STOVE HEAT »  STOVE
TOOL  » SPATULA TOOL »  KNIFE TOOL »  TONGS TOOL » TONGS TOOL » SPATULA
PLACE » KITCHEN PLACE » KITCHEN PLACE » OUTSIDE PLACE » KITCHEN PLACE » KITCHEN




Biased data leads to Al artifacts

A Data Extraction

e NEW ENGLAND
JOURNAL of MEDICINE

Underlying clinical
data sources

Considering Biased Data as Informative
Artifacts in Al-Assisted Health Care

C Distribution of Underdiagnoses in Demographic Groups B Model Training 1
Medicare
Among images used
q Black for tra;gning,gonly a
0-19 small fraction of
American images from some
Indian and demographic groups Patient entries have data
Alaska Native 6 are labeled as “normal” issues that can lead to
) Al bias and inequity
Normal Chest Radiograph
Gender |dentity Age (yr) Race and Ethnic Group Insurance Type « Inappropriate racial corrections
* « Missing subgroup data

« Data that reflect population

disparities in treatment and
An Al reading of

0 outcomes
“No abnormalities” No abnormalities
when disease is

present represents
underdiagnosis

Ferryman K, et al. NEJM, 2023




Cons of Al: Difficult to explain

Surprising results

X1

xn

Data

Y
i Trust %
Causality
Informativeness
Transferability
Validation Fairness
Performance II\‘-(

f Explainable Al

Interpretability Humans
Methods




Cons of Al: Difficult to explain

Explainable Al
Explainable Explainable Explainable
Data Predictions Algorithms
What data was used Whas features and What are the individual
to train the model and weights were used layers and the
why? for this particular thresholds used for a

prediction? prediction?




Interpretability vs

Interpretability

Transparency
Learning and

Explanation
Outcome
Tool
Learning
- External, Local

Linked

Prototype
Analysis
Records

Feature
Analysis
Features

Model
Tool
Learning
External,
Global

Tool
Features

or Learning

. explainability

Explainability




Interpretability vs. explainability

@ &5 O-I-T-I-

Interpretability Explainability

Understand the relationship between variables Understand which variables were most relevant
and the predicted response at a global level. for the prediction for a given record.
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Artificial X X

Intelligence Act

EU =k

EU Artificial Intelligence Act
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LLM vs. Physicians in diagnosis

JAMA Large Language Model Influence on Diagnostic Reasonin
‘openm ge Languag g g

Network A Randomized Clinical Trial 92 %
Median (IQR), %

Physicians

plus conventional
Group Physicians plus LLM resources LLM alone 0
All participants 76 (66 to 87) 74 (63 to 84) 92 (82 to 97) 76 %
Level of training

0)
Attending 79 (63 to 87) 75 (61 to 87) 8 A

Resident 76 (68 to 84) 74 (63 to 84) 81tgﬁﬂ¢ﬁﬁ

LLM experience

Less than monthly 76 (63 to 84) 76 (63 to 87) E ﬂ g R

More than monthly 79 (68 to 90) 74 (63 to 84) g?%gggggggﬁ 24 %

Goh E, et al. JAMA Network Open, 2024 ®
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