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And our collaborators...

Valerie Chen

Vladimir Balayan Pedro Bizarro Wenbo Cui
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Today’s talk...

My main goal for today is to highlight the role we as practicing
data scientists can play in advancing Explainable ML

e Provide an overview of Explainable ML
e Identify gaps between practical needs and the current research

e Highlight the role of practitioners in bridging those gaps

Carnegie Mellon University



Why Explainable Machine Learning?
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Human - ML Interaction

Increased Human - Al More complex the Black-box models can
Interaction across problem, more surface several risks!
domains complex the model

Carnegie Mellon University



Common themes behind the need for explainability

e Potential errors/biases going unchecked
EE : Home News Sport Reel  Worklife Q

e Lackoftrust NEWS

Home | War in Ukraine | Coronavirus | Climate | Video | World = More
* US & Canada | UK | Business | Tech
® Regu I ato ry r'eq u I re m e nts (e'g'7 G D P R) Business | Market Data | New Economy | New Tech Economy | Companies |

Technology of Business \ Economy \ CEO Secrets \ Global Trade \ Cost of Living

Apple's 'sexist’ credit card

Don't Trust investigated by US regulator
ArtifiCial © 11 November 2019
Intelligence? Time

IEEESpectrum o veee | Bembiwer 2 Mg Open The Al

|13laCk BOX' = (O QuumBlck

HOW IBM WATSON s b o oo
OVERPROMISED AND

& fiddler Request Demo

EEEEEEEEEEEEEEEEEEEEEEE
EU Mandates Explainability

and Monitoring in Proposed
GDPR of Al

PUBLISHED JULY 2, 2021

UNDERDELIVERED ON Al
HEALTH CARE

Why businesses need explainable
Al—and how to deliver it

ﬁ Amit Paka
&
& Founder&coo
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Black-Box Models vs (aspirational) Explainable ML models

Prediction

Prediction Input Data —

Input Data

This is my knowledge on
the concept.

Explainable

Black-box models This is why I'm giving you
models this prediction and my

confidence on that

predictionis...

Explanations can potentially give us further insight into what the model is learning
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How has the research community responded?
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Two main approaches

! ! 4
-
Inherently Interpretable models Post-hoc Explainable ML methods
ML models that are interpretable on their The learning algorithm is not tampered
own with, a post-hoc method is used to probe
the trained model for extracting an

explanation

Carnegie Mellon University



(Some) Existing work in Explainable ML

Inherently Interpretable Post-hoc methods for opaque
models models
Local Global
e Some methods promise explanations explanations

interpretability without
sacrificing performance

e Explaining the overall
model

e Explaining an individual
prediction

e Difficult to obtain

e model specific and model complete explanations

agnostic methods
e Fewer methods

SLIM LRP

GA2M Decision Sets
LIME
MAPLE

TreeSHAP
Counterfactuals ANCHORS SHAP Global

Carnegie Mellon University



Feature attribution type explanations

e [eature attribution:

- Assigning an “importance” to each input feature that quantifies its contribution
to a prediction

- Most popular explanation type

/ ) / sneeze | Y Explainer
= it 4 weight (LIME)
‘ \ ' ' headache

: ~ no fatigue

age

| sneeze |
| headache |

no fatigue

Model Data and Prediction Explanation Human makes decision

Marco Tulio Ribeiro, Sameer Singh, Carlos Guestrin: "Why Should | Trust You?": Explaining the Predictions of Any Classifier
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Other types of explanations..

Counterfactual Examples

s \§ X Then Y

VF THEN

s s b S500 It condtton  TWen aciion

of credit history

Original class: Desired class:
Loan rejected Loan approved

Heatmaps Counterfactuals IF-THEN type rules
Mainly used in image “What's the smallest change in Mostly used for global explanations
classification data that would produce a

different outcome?”

Montavon, Grégoire,et al.. "Layer-wise relevance propagation: an overview." Explainable Al: interpreting, explaining and visualizing deep learning (2019): 193-209.
Mothilal, Ramaravind K., et al.. "Explaining machine learning classifiers through diverse counterfactual explanations." In Proceedings of the 2020 conference on fairness, accountability, and transparency, 2020.
Ribeiro, Marco et al.. "Anchors: High-precision model-agnostic explanations." In Proceedings of the AAAI conference on artificial intelligence, vol. 32, no. 1. 2018.
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Some of existing approaches in each category

Inherently Explainable Models Post-hoc Methods

Feature Attribution based explanations
Super-sparse Linear Models

—
Example based explanations §
Generalized Additive Models -
Counterfactual / Contrastive Explanations
Generalized Linear Models
Rule-lists
. )
Shallow Decision Trees Rule based summaries of the model 8—
Q

Distilling to a surrogate model
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We have all these methods, how and when to use them?
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Let’s look at the different human - ML interactions

ML Practitioner
Regulator
@ o oo
ﬁ 4 o, O .0
. lolfo)lo
- Auditing Fully b
= Model 7 Process Austosr]czrr::us Individuals
— Development 5 v Affected by the
Data \ i;G Action
(]
< Action
Model
Deployment & Decision Support
the Live Systems
System
Problem ,

2

Action-taker
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Different ways in which explainable ML can help...

Was the action ethical & fair?
Was it based on reasonable
reasons?

Is the model error
free?

Can | trust this model

it . . ; How can we improve our
ML Practitioner How can | improve it? Regulator g;;zir?to deploy in the BT
LR oce
9, °
i o | > A
Full oﬂgoilf
ully
Approval lij
= PP Autonomous f” |
-— Model / Process systems Individuals
-— Development Affected by the
Data \ Action
Action
Model
Deployment & .
M e Decision Support
Systems
System
Problem \ What'’s the most
appropriate action given

Do | trust this prediction? this prediction?

Should | follow it or

override it?

Action-taker
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Method capabilities versus needs

* ¥ % : Potentially applicable methods exist. % % v : Some evidence exist, but real % % % : Real world efficacy of the methods
Efficacy not demonstrated with any evaluation world efficacy is not validated empirically validated
Use-case Post-hoc Local Post-hoc Global Interpretable Models

Model debugging * K %k % %k K

User trust ) G O % *

Improving decision making system performance * Y% % N/A * Yo 9%

Improving interventions % v % N/A * %

Recourse ) © B N/A * % ¥

We couldn’t find a well-designed empirical study that verified utility of methods for any use-case, and thus,
practitioners have little to no information on when or how to use these methods!

Amarasinghe, K., Rodolfa, K., Lamba, H., & Ghani, R. (2020). Explainable machine learning for public policy: Use cases, gaps, and research directions. arXiv preprint arXiv:2010.14374.
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So, what can we (data scientists) do bridge this gap?
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We need to evaluate methods on real use-cases!

e The first step of bridging the gap between research and practice
would be to evaluate existing methods on real-world use-cases

e This presents a great opportunity for practitioners to highlight
specific gaps that exist between real-world needs and explainable
ML methods

Carnegie Mellon University



Evaluating Explainable ML Methods
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How do we evaluate explainable ML?

e Compared to method development, research into evaluation of
explainable ML has lagged

e Evaluation of explainable ML is multi-faceted
- Intrinsic qualities of the explanation
- Ability to improve human-ML collaboration

e Doshi-Velez and Kim captured this spectrum in a three-staged
framework

Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv preprint arXiv:1702.08608.
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Functionally-grounded evaluation

e Evaluating the intrinsic qualities of the artifact (i.e., the explanation)

e Nousersinvolved in the evaluation

Fidelity to the underlying Completeness of the Human-Friendliness
model explanation

Carnegie Mellon University



Human-grounded Evaluation

User studies are conducted, but with simple/proxy tasks and
typically users in research settings

/®
N

Forward Simulation has been Mechanical Turk, Prolificare
the most popular proxy task popular proxy user bases

Carnegie Mellon University



Application-grounded Evaluation

User study with real-world users performing the real task

ws

Entail significant logistical Very rare in the literature These types of studies are
challenges necessary to evaluate real
world efficacy

Data Scientists can lead the way in designing and conducting application grounded evaluations

Carnegie Mellon University



Some Common Pitfalls

Carnegie Mellon University



Using proxy tasks

e Performance on a proxy task is used as a metric of explanation quality
- Forward simulation

e Tasksusedinthese settings are not tasks humans would face in the real
world

e Unlikely that the performance on the proxy task is predictive of real world
efficacy

- Canoverestimate capabilities
- Quantified by Bucinca and colleagues

Zana Buginca, Phoebe Lin, Krzysztof Z. Gajos, and Elena L. Glassman. 2020. Proxy tasks and subjective measures can be misleading in evaluating explainable Al systems. In
Proceedings of the 25th ACM 1UI '20. New York, NY, USA,
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Using subjective measures as metrics of explanation quality

e User reported quality measures are commonly used to assess the

explanations
- User experience
- Trust
- Preference

e Captures what the users think of the explanation, not the objective task

performance
— Humans can be mislead with explanations (Lakkaraju et al. 2020)

- User preference doesn'’t correlate with task performance (Poursabzi-Sangdeh et
al. 2021, Bucinca et al. 2020)

Carnegie Mellon University



Experimental Design Flaws

e There exists a few experiments where real users of a system are
performing the real task

e Unfortunately, there are flaws in the experimental setup that limits
the conclusions we can draw

e Let'slookatone...

Carnegie Mellon University



Assisting anesthesiologists detect hypoxemia in surgery

Article | Published: 10 October 2018

e User: Anesthesiologists Explainable machine-learning predictions for the
prevention of hypoxaemia during surgery

Scott M. Lundberg, Bala Nair, Monica S. Vavilala, Mayumi Horibe, Michael J. Eisses, Trevor Adams, David E.

Liston, Daniel King-Wai Low, Shu-Fang Newman, Jerry Kim & Su-In Lee &

. Tas k: G iVe n th e d ata fo r th e I a St 20 m i n S fo r Nature Biomedical Engineering 2, 749-760 (2018) | Cite this article
the Surgery, predlct the riSk Of hypoxemla |n 11k Accesses | 285 Citations | 103 Altmetric | Metrics
t h e n eXt 5 m i n u tes Liver cancer patient with hepatitis C ~ Age: 57 BMI: 34 ASA Code: Il 15+ other attributes 20+ static features

(o3 u ;
55 o] | | B
g 1
% 0; i 3 i 45 dynamic features
H « . » 2e 054 ﬁ‘—“’_\ !
e ML systemisnamed “Prescience 3 o ; 1
. . 43 other patient lirhe series features i
o ML model predict ‘
model prediction o
O S H A P eX p I a n a t i 0 n 8 Other factors Norm: p‘\‘i; Low Ii%a.\;olume H\QQOBM\ Odzg,rigﬁo Explanation
44 —

Prediction window |

I

I

I |

I o
2 | 24 | Prediction -«'

) i Prescience
19 i |

I |

I I y

foc/
< >

e Research Q: Can Prescience improve

—20 min ~15 min —10 min =5 min Now +5 min

Anesthesiologists’ decisions? e e

Carnegie Mellon University
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(current odds/typical odds)




Assisting anesthesiologists detect hypoxemia in surgery

. CO m pa re perfo rma nce. a - Initial hypoxaemia prediction b - Real-time hypoxaemia prediction
. ° ! ° :
@ 5]
° 5
o Anesthesiologists alone B os 8 osf
o Anesthesiologist + Prescience 87 ., 87 .,
. = g 8 = g 8 =
o  Prescience 2t st
%g 0.4 %% 041
@ @
§_ 0.2 — Anaesthesiologist + Prescience § 0.2k — Anaesthesiologist + Prescience
C‘E’ ¥ Anaesthesiologist E:’ Anaesthesiologist
o . & e | —IPresciencle | 1 & | —IPrescienc? 1 |
o AnaestheSK)IOngtS made better *%0 0.2 0.4 0.6 0.8 1.0 *%o 0.2 0.4 0.6 0.8 1.0

FPR (percentage of incorrectly predicted FPR (percentage of incorrectly predicted

d e C i S i O n S a S S i Ste d by P re S C i e n Ce non-desaturations) non-desaturations)

Do we attribute the performance to the explanation? Or to the ML prediction?

The experiment does not isolate the incremental impact of the explanation!
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We need well designed experiments to evaluate explainable ML
methods...

We attempted to design and conduct one...

Carnegie Mellon University



Desiderata for robust application-grounded evaluation

e Arealtask
- With performance metrics that capture operational goals

e Realdata
- Reflects the nuances and complexities of the deployment context

e Realusers
- who perform the task in the real world

e Arobustinference strategy
- appropriate hypotheses and experimental conditions

Carnegie Mellon University



We started with a previous study

How can I choose an explainer? An Application-grounded
Evaluation of Post-hoc Explanations

e User: Fraud analyst

Sérgio Jesus Catarina Belém Vladimir Balayan
Feedzai, DCC-FCUP Feedzai Feedzai
Universidade do Porto catarina.belem@feedzai.com vladimir.balayan@feedzai.com

sergio.jesus@feedzai.com

Jodo Bento Pedro Saleiro Pedro Bizarro

e Task: Detect fraudulent e-commerce credit

Jodo Gama

card transactions b s

Universidade do Porto
jgama@fep.up.pt

e Data: Historical transactions from one ”
% Data Only
merchant 6 SHAP
ELIME
+ Treelnterpreter
. . . 55
e Their setting evaluated the appropriate
® Data + Ml Model Score random
hypotheses N et |
45 >
40 45 50 55 60

Time to decide (seconds)
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The fraud detection context

/ Fraud likelihood > Upper limit

Decline

\_

Transaction

Fraud likelihood falls inside
the review band

~

Approve / Decline

Fraud analyst

\ Fraud likelihood< lower limit

Approve

A human analyst reviews transactions that the model is uncertain about
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Our unit of randomization was transactions Possible Degisions

Transaction

Data Fraud analyst Decline

$ Stage 1
p— Approve

ML Model Suspicious
$ Stage 2
Post-decision questions
. Did you have enough information to
Explanation make the decision?
S emeams  Stage 3
— X

p— + -.. How confident are your about your

decision?

Carnegie Mellon University




Designing the Performance Metric

e A metricthat captures operational objectives
- TP vs FP tradeoff

- Revenue generated by the transaction

e We assume that the merchant’s main objective is to maximize long term
and short term revenue

- ldeally, this should be profit, but we didn’t have that data

e Percent Dollar Regret (PDR)

Realized Revenue
PDR=1 -

Possible Revenue

Carnegie Mellon University



What we found

20.0 A @ Data ¢ Treeint 20.0 A @® Data Random
17.5 - ML Model Random 17.5 - ML Model X Irrelevant
b TreeSHAP X lIrrelevant = Explainer
c>\0150- B LIME °\°150_
5 12.5 1 il © 12.57
(o)) (o))
2 10.0 1 "—a= ® 2 10.0 1 Vs ®
& 7.5 - & 7.5
© ©
O 5.0 A O 5.0 A
2.5 A 2.5 1
0-0 T T T T T O-O T T T T T
40 50 60 70 80 90 40 50 60 70 80 90

Mean Decision Time (s) Mean Decision Time (s)

ML Model improved decisions, but the explanations did not!
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What we found

Table 2: Performance summary across the experiment arms

Arm PDR Time Acc FPR TPR  Prec Appr. Decl. Escl
Data Only 9.5 792 76.6 1877 486 307 T71.7 224 509
Model 8.9 5.3 822 12 49.3 42 80.8 170 22

TreeSHAP 9.7 673 819 106 384 384 83.1 37 32
Treelnterpreter 10 656 809 12.1 405 37 81.7 155 28
LIME 11.6 577 832 8 3877 433 852 122 26
Random Exp. 9 563 827 10 38.7 42 85.5 133 1.2
Irrelevant Exp. 9.7 622 8l2 95 299 365 858 126 1.6

Escalation rates did not change with explanations, and ad-hoc methods performed similarly to “real”
explanations

Carnegie Mellon University



What we found

How confident are you in your classification? Did you have enough information to make a decision?
0.8 0.8
I Data I Data
0.7 1 m= ML Model 0.7 1 == ML Model
0.6 [ TreeSHAP 0.6 [0 TreeSHAP
g B LIME . B LIME
0.5 - [ Treelnt 05 - I Treelnt
[ Random [ Random
0.4 4 EE Irrelevant 0.4 | EE3 Irrelevant
0.3 1
0.2 1
0.1 1
0.0 I
1 2 3 4 5 1 2 3 4 5
Not confident I'm sure Not at all Absolutely

However, their confidence, and perceived sense of information goes up with explanations!
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(Hopeful) Takeaways / Summary

Explainable ML has the potential of enhancing human-ML collaboration and
helping achieve better operational outcomes

However, we need a more practice centered approach:

We need more application grounded evaluation studies for explainable ML

We need studies that capture the nuances of the use-case, and practioners are better
suited to understand those nuances

We need to let use-cases inform method development rather and move beyond
general-purpose explanation methods
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Thank you!

Kasun Amarasinghe
Postdoctoral Researcher
Machine Learning Dept. & Heinz College of Public Policy

Carnegie Mellon University
amarasinghek@cmu.edu, amarasinghe.kas@gmail.com, dssg@cmu.edu

All the icons: thenounproject.com


mailto:amarasinghe.kas@gmail.com

Additional Slides
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Defining the specifics of how the system would be used

e \What decision is made based on the ML system?
e \Who is going to make that decision?
e How would you use the explanations to make that decision?

e \What is your measure of success?

Carnegie Mellon University



Current Evaluation Studies

e Most evaluations focus on the artifact and limited to functionally
grounded evaluations

e The most common type of user study is human-grounded

- Proxy tasks
- Proxy users

e Three main shortcomings of existing user-studies

Carnegie Mellon University




Some hypotheses we tested

e Model score improves analyst compared to “data only”

e Explanation improves analyst performance compared to data + ML
score

e Explanationimpact is different based on which post-hoc explainer is
used.

e Explanations generated from an ad-hoc method would be worse
compared to those generated by “bona fide” explanation methods.

Carnegie Mellon University



Mapping the confusion matrix to the application

True Positive: True Negative:
- Fraudulent transaction declined - Legitimate transaction approved
- Zero contribution to revenue - Transaction value is revenue
- Weight - 0 - Weight — $trx + A
False Negative: False Positive:
- Fraudulent transaction approved - Legitimate transaction declined
- Lose the item - Could lose the transaction
- return the money + surcharge - Could lose the customer
- Weight — - a * $trx - Weight > (1-8) * $trx + (1 -8) * A

o — item cost as a fraction of sale price + surcharge %
B — Probability of losing the sale

0 — probability of losing the customer

A — long term worth of the customer
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