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Introduction

Why ML in healthcare?

* Improves diagnostic accuracy

« Helps in personalized treatment planning
* Predicts survival outcomes

Why is explainability critical?

« Black-box models limit clinical adoption

* Regulatory and ethical requirements ccB
« Enhances trust and transparency for clinicians and patients
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High Accuracy # High Interpretability

A model can be highly accurate but still be a black box.

Example: XGBoost, Random Forest, Deep Neural Networks can achieve very high accuracy
in medical imaging or survival prediction — but they are not inherently interpretable.

These models learn complex, non-linear relationships.

Their decision-making process involves thousands of internal parameters (e.g., trees,
weights), which are not human-readable.
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Explainability Methods: LIME and SHAP

LIME (Local Interpretable Model-Agnostic Explanations)

e Perturbs input features to analyze their impact on model predictions
e Provides a local explanation for each individual prediction

SHAP (Shapley Additive Explanations)

e Based on cooperative game theory
e Considers all feature combinations to determine their contributionc EB
e Provides both local and global explanations K,
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Comparison: LIME vs. SHAP
Featwre  |UME___ SHAP

Interpretability

Stability of
Explanations

Computational
Efficiency

Clinical Usefulness

Local only

Moderate
(Perturbation-based)

Faster

Quick insight for
individual patients

Global + Local

High (based on
Shapley values)

Slower

Robust insight for
patient groups and
individuals
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MS-CPFI vs. LIME & SHAP: What’s Different?

* MS-CPFI (Model-Agnostic Counterfactual Perturbation Feature Importance)

* Perturbs feature values to analyze their importance
e Counterfactual approach (i.e., what happens if a feature had a different value?)

* Designed for multi-state survival models

* Key differences:

* MS-CPFI works on multi-state models (LIME and SHAP are not designed for this)
 MS-CPFI does not rely on perturbation of real samples but counterfactual c sB

variations
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A typical ML training process
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ML in Nasopharyngeal Cancer Prognosis

Objective: To predict nasopharyngeal cancer (NPC) survival using machine
learning models.

Dataset: Utilized 1,094 NPC patient records from the SEER database for training
and validation.

Models Compared: Stacked ML model (ensemble of 5 algorithms) vs. XGBoost
(state-of-the-art approach).

Validation: Performance tested through internal, geographic external
validation.
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Training performance of the individual algorithm and
the stacked algorithm.
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Stacked Model XGBoost Model
Combines 5 algorithms, achieving State-of-the-art boosting
85.9% accuracy in NPC survival technique with 84.5% accuracy,
prediction. comparable to stacking.
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LIME explainability of a single instance
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SHAP force plot

(a) high chance of survival (b,c) low risk of survival

higher == lower

(a) fix base value
-4 494 -34S 194 -1.90 -14 r‘-: 5C =3 1.506 'T. 06 3 506
Grade =2 Age =65 Ethnicity =0 Status =0 T-stage =3 Radiation = 1 Sex =0 'N-stage = 0 Chemotherapy = 0 ' M-stage =0
(b) higher — Ilower
Li:i:r.' value f(x)
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y-axis is the
features in the

i They are ordered I
from the highest

prediction.

___________________________

Contribution of each feature to the prediction
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SHAP Beeswarm plot

Its designed to display an information-dense
summary of how the top features in a dataset

Age ..».W. PR O impact the model’s output.
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SHAP Plots: Image Plot

* Image plot is used to explain prediction based on images.

American_egret crane little_blue_heron flamingo
o
El -
-
speedboat fountain lifeboat snowplow

E_— , . : e
-0.0002 -0.0001 0.0000 0.0001 0.0002 c 8 B

SHAP value

The bird is American egret. The bump at the neck is red, meaning it contribute

more toward predicting the image as American_egret.
14



‘g Mahidol University

Faculty of MedicineRamathibodi Hospital
Department of Clinical Epidemiology and Biostatistics

SHAP Plots: Text Plot - Single Instance Text Plot

base value f(x)
-8.230099 -5.200698 -2.171297 0.858105 3.633372, 6.916908

— 300 B D I T N T G O O W (< Bue: More negative

LRed: More positive
eview.

When included,
increases the
output of the model.

L_review

""""" * -0.357/3 0.176 /8

This is easily the mostunderrated film inn the Brooks cannon.Sure, its flawed. It does not give
a realistic view of homelessness (unlike, say, how Citizen Kane gave a realistic view of lounge When included,

singers, or Titanic gave a realistic view of Italians YOU IDIOTS). Many of the jokes fall flat. decreatf]es ﬂclfj olutput of
2.385 / 2 e model.

fill, this film is very [BNBBIBIn 2 way many comedies are not, and to pull that off in a story
0.518 /9 1.676 2.222
about some of the most traditionally reviled members ofsociety B8 truly _ Its not
The Fisher King, but its not crap, either. My only complaint is that Brooks should have cast
someone else in the lead (I love Mel as a Director and Writer, not so much as a lead).

The sum of the SHAP values attributed to the tokens in that chunk.
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SHAP Plots: Text Plot - Multiple Instance Text Plot

Oth instance:
f(x) base value
-11.145526 8152122 -5.1587-3.729354 165315 0.828089 3821492
D) e . { {{LL
-0.04

Bromwell High is a cartoon comedy. It ran at the same time as some other programs about
school life, such as "Teachers". My 35 years in the teaching profession lead me to believe that
} ire i ity than is "Teachers'" ram €

. High. A classic line: INSPECTOR: I'm here to sack one of
your teachers. STUDENT: Welcome to Bromwell High. | expect that many adults of my age
think that Bromwell High is far fetched. What a pity that it isn't!

When we pass a multi-row explanation object to the text plot, we get the single instance plots

for each input instance scaled so they have consistent comparable x-axis and color rang(_’s.

1st instance: 2nd instance:
f(x) base value base value fi(x)
-9.702831 6709427 -4.128328 4 -0.722620 2270784 5.264187 11164597  -8.171193 -5.177789 -2.184386 0.809018 3:4,346902
) ) ) o) sy ) “tob) hisslap _ Stinks { Ifound { “tife {an (e { { { {{{{{ ) )) ) ) ) a) o) ) salso ({
-0.024
Homelessness (or Hot 1ess as George Carlin stated) has been an issue for years but Brilliant over-acting by Lesley Ann Warren. Best dramatic hobo lady | have ever seen, and

never a plan to help those on the street that were once considered human who did
everything from going to school, work, or vote for the matter. Most people think of the
homeless as just a lost cause while worrying about things such as racism, the war on Iraq,
pressuring kids to succeed, technology, the elections, inflation, or worrying if they'll be next
to end up on the streets.<br /><br />But what if you were given a bet to live on the streets
for a month without the luxuries you once had from a home, the entertainment sets, a
bathroom, pictures on the wall, a computer, and everything you once treasure to see what
it's like to be homeless? That is Goddard Bolt's lesson.<br /><br />Mel Brooks (who directs)
who stars as Bolt plays a rich man who has everything in the world until deciding to make a
bet with a sissy rival (Jeffery Tambor) to see if he can live in the streets for thirty days
without the luxuries; if Bolt succeeds, he can do what he wants with a future project of
making more buildings. The bet's on where Bolt is thrown on the street with a bracelet on his
leg to monitor his every move where he can't step off the sidewalk. He's given the nickname
Pepto by a vagrant after it's written on his forehead where Bolt meets other characters
including a woman by the name of Molly (Lesley Ann Warren) an ex-dancer who got divorce
before losing her home, and her pals Sailor (Howard Morris) and Fumes (Teddy Wilson) who
are already used to the streets. They're survivors. Bolt isn't. He's not used to reaching mutual
agreements like he once did when being rich where it's fight or flight, kill or be killed.<br />
<br />While the love connection between Molly and Bolt wasn't necessary to plot,
" to be one of Mel Brooks' observant

‘oung
Frankenstein, or Spaceballs for the matter, to show what it's like having something valuable
before losing it the next day or on the other hand making a stupid bet like all
d \ !

love scenes in clothes warehouse are second to none. The corn on face is a classic, as good
as anything in Blazing Saddles. The take on lawyers [§i@l8@lsuperb. After being accused of
being a turncoat, selling out his boss, and being dishonest the lawyer of Pepto Bolt shrugs
indifferently "I'm a lawyer" he says. Three funny words. Jeffrey Tambor, a favorite from the
later Larry Sanders show, is fantastic here too as a mad millionaire who wants to crush the
ghetto. His character is more malevolent than usual. The hospital scene, and the scene where
the homeless invade a demolition site, are all-time classics. Look for the legs scene and the
two big diggers fighting (one bleeds). This movie gets better each time | see it (which is quite
often).
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Limitations

1.Feature Dependencies:
o When two or more model features are associated/correlated (value of one feature depends on
the value of another).
o Two ways Feature Dependencies impact SHAP:
m The first comes from how SHAP values are approximated — can be misleading
m Feature dependencies can also lead to some confusion when interpreting SHAP plots.

2.Causal Inference:
o Cannot be used for causal inference (finding an event’s true causes).
o Cannot tell us how the features contributed to the target variable because a model is not

necessarily a good representation of reality. c e B

SHAP is not a measure of “how important a given feature is in the real world”, it is simply
“how important a feature is to the model”. — Gianlucca Zuin

17
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Limitations (Continued)

3. Human Error/Feature Importance Consistence:
o False narratives can be created during SHAP values analysis through Confirmation Bias.

o It can also be done maliciously to support a conclusion that will benefit someone.
o SHAP values is strongly related to the “objective” of the model.

o SHAP output should always be analyzed considering the model objective in mind.

4. Model Agnostic in Theory, Not Always in Practice

o SHAP's TreeSHAP works well for tree-based models like Random Forest.
o KernelSHAP, which is fully model-agnostic, is computationally expensive. c 8 B

o SHAP for deep learning models (DeepSHAP) is hard to implement in frameworks like TensorFlow or

PyTorch.

18
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Conclusion

 The LIME and SHAP techniques are both model-agnostic techniques for

providing explanations to the prediction made by an ML model.

* Both LIME and SHAP enhanced clinical interpretability:

* SHAP identified global critical features (age, stage, ethnicity).

* LIME provided intuitive local explanations for individual patient prognosis.

* SHAP generally preferred for robust, comprehensive clinical c EB

interpretations.
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