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Machine Learning is changing the way we make decisions

Retail

Intelligent Decision-
Making Systems

Language Processing

Object Recognition

Medical Imaging
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ML is also very successful in some domains

‘ Q
N

The Beatles ,
Not The Beatles Prime Minister ~ Not the Prime

Minister

Human beings are natural experts in these domains

Image Credits:
https://www.wikipedia.org
https://www.news.sky.com
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But machine learning has had less success in high-risk settings

JAMA | Original Investigation | INNOVATIONS IN HEALTH CARE DELIVERY

The "inconvenient truth” about Al in Development and Validation of a Deep LearnlngAIAI in healthcare not SO fast’)

for Detection of Diabetic Retinopathy

healthcare in Retinal Fundus Photographs StUdy Outllnes Cha"enges,
Trishan Panch, Heather Mattie & Leo Anthony Celi s e o @i gers for machine learnin g

npj Digital Medicine 2, Article number: 77 (2019) | Cite this article As machine learning rapldly expands into healthcare the
’

ways it "learns" may be at odds with clinical outcomes unless
* E carefully controlled for, a new study shows.

35k Accesses | 24 Citations | 452 Altmetric | Metrics

As the UK sits in painful deadlock over Brexit, it is important to re
that governments are regularly faced with crises, and their respol

By Benjamin Harris | January 16,2019 | 10:21 AM
create enduring benefit for future generations. Back in 1858, for {

Mild/Moderate Proliferative

the UK parliament was dealing with another messy crisis: “the grg

Mild DR Proli
In a world before sanitation, the river Thames had become an op4 . __ °

and as summer blassomed pan.amert Why Al fell short in slowing the Artificial Intelligence Is Rushing

stench. £2.5 million (about £300 milli IntO Patient Care_And Could
approved to build a network of sewerp spread Of COVI D 1 9 Raise RiSkS

particular model of sanitation, develop

MEDICAL & BIOTECH

ThOUgh hopes were hlgh' experts say a laCk‘Of hlgh_qua‘llty Al systems are not as rigorously tested as other medical devices, and have already made serious
data meant models were both underwhelming and "anti- mistakes

constructive."

other cities around the world and the|r
unthinkable that a developed nation W

By Liz Szabo, Kaiser Health News on December 24, 2019

By Kat Jercich | July 23,2020 | 04:35 PM

Artificial Intelligence Makes Bad Medicine Even Worse

A new study out from Google seems to show the promise of Al-assisted health care. Actually, it shows the threat.
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Why?

High stake decision-making is challenging even for humans

What treatment should a How should a teacher assist a Should a suspect be
patient take? student? convicted?
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Why?

High stake decision-making is challenging even for humans

Only 10-20% of treatments Only 6% of asthmatics

are based on RCTs would be eligible for
treatments from RCTs?

What treatment should a
patient take?

There is no one size fits all

1Smith, Saunders et al. Best Care at Lower Cost: The Path to Continuously Learning Healthcare in America, 2013.
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Decisions often have long-term consequences

Prescribe insulin and Prescribe statin

Health Metformin
interventions

/ treatments \ \

True state %_’ S —_—

v v v

What the o Blood pressure = 135 Blood pressure = 150
health ' Temperature = 99°F WBC count = 6.8*109
Temperature = 98°F

system sees
A1c=7.7%

ICD9 = Diabetes

Image credit: David Sontag — ML for Healthcare, 6.871
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Reinforcement Learning for Long-Term Decision-Making

I\/Iedmmg IS |nh.e.rently a. Agent + Environment
sequential decision making

problem: 7-

* C(Clinicians, with their best
understanding of a patient’s status,

propose a treatment. Q

e Patient status may change as a result
of the treatment.

* Qutcomes are a result of prior 7?
treatments.

RL makes this process explicit
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Example: HIV Therapy Management

' 4l °© Requires life-long treatment with
combinations of antiretrovirals.

* Virus is highly mutagenic and can
become drug resistant.

e Patients exhibit significant
heterogeneity.
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Example: HIV Therapy Management

* Treatments consist of five classes of drugs: NNRTIs, NRTIs, Pls, Ils, Fls
* The virus mutates in response to treatments leading to drug resistance

Before treatment Start a drug Continued use

@
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Solution: Train a model over long-term outcomes

@ Modelling HIV as an RL problem can
help determine treatments that may

‘ work in the long-term (e.g. Ernst 2007;

Parbhoo 2014; Marivate 2015), but
often in simplified/simulation settings

-

Y

only.
The expected return (value) The expected reward for
atthe current state s is: taking action a at state s...

V(s)|=max,(R(s,a) +yV(s"))

@ The maximum value of any ...plus the discount factor (gamma)

possible action a for: multiplied by the value of the next state
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Modeling Long-Term Consequences is Helpful

e Cohort: 32960 patients from .
EuResist Database Baseline Value

* Observations: CD4s, VLs, Random Policy -7.31+/-3.72

mutations, clinical variables Neighbour Policy 6.35 +/-2.61

Long-term Policy |11.52 +/-1.31

e Actions: 312 most frequently
occurring drug combinations
(from 25 drugs)

Combining Kernel and Model-based RL for HIV Therapy Selection —Parbhoo et al 2016, AMIA
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.... But Evaluation Can Be Brittle

3.5
30 q Baseline Value
# ‘ Random Policy -7.31+/-3.72
- Neighbour Policy | 6.35+/-2.61
15
y Long-term Policy |11.52+/-1.31
- 0
05 _ Long-term Policy on | 4.26 +/-2.17
SA data

0.0

0 1 2 3 - 5 6

Evaluating Reinforcement Learning Algorithms in Observational Health Settings— Gottesman et al 2017, Nature Medicine
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.... But Evaluation Can Be Brittle

3.5

3.0 | Baseline Value
s I 11 This occurs because of |
i 1 thespread of the

treatments
1.0 0 admlﬂIStered
0.5

y SA data

Evaluating Reinforcement Learning Algorithms in Observational Health Settings— Gottesman et al 2017, Nature Medicine

26.10.22 Help - | Need Somebody! Deferring to Humans for Sequential Decision-Making in Uncertainty



Uncertainty matters

Gender Glucose AST Age
Patient 1 ? 120 7?7
Patient 2 M 105 7 68
Patient 3 F 203 45 63
Patient 4 M 145 7 42
Patient 5 M 89 7 80

Data: Diagnosis: Diagnosis: Treatment:
Missingness in EHR records ARDS or pneumonia? In-distribution or outlier? Drug A or Drug B?

Though we cannot always eliminate these, knowledge about such uncertainties
can help us learn how to act.
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Why is uncertainty important?

All models are wrong, but models that know when they are wrong, are useful.
— Dustin Tran, 2020
* Generalisation and transfer learning

e Safety

* Active Learning onty 6% of

* Reducing overreliance and trust ssthmatics elighle
* Fairness

* Interpretability '

* Causality l

Don’t apply model to patients outside study
group
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Uncertainty estimation: Bayesian Methods

* Bayesian methods represent uncertainty using a distribution over
parameters:

Posterior Prior
p(0]X)  p(X|6) (6)
Likelihood

[ikelihood (\ Posterior

Prior
/}( —_\
7
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Uncertainty estimation: Bayesian Methods
Model: A probabilistic model is a joint distribution of outputs y and parameters @ given

inputs x. p(y7 0 | X)

Training time: Calculate the posterior, the conditional distribution of parameters given

observations.
p(y.0|x)  ply|x)p(0)
p(y | x) fp ,0|x)de

p(@|x,y) =

Prediction time: Compute the likelihood given parameters, each parameter configuration of
which is weighted by the posterior.

py1x.D) = [ ply |x.0)p(8]D)d0 ~ 3 ply |x.6°)
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Epistemic Uncertainty

Many models with varying parameters
may fit the training data well.

* Uncertainty about the choice of
model that generated our data is
known as epistemic uncertainty.

 Model uncertainty is reducible:
* it decreases with more data
(subject to model identifiability)
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Aleatoric Uncertainty

* Uncertainty about the data is known as
aleatoric uncertainty.

A. HEALTHY

B. DISEASED

« Data uncertainty is irreducible”:
e Persists even under infinite data
* “Can be reduced by using additional
features/views

\Hemorrhages

.;

e Labelling noise (e.g. human disagreement)

 Measurement error (e.g. imprecise devices)

* Missing data (e.g. partially observed features
or hidden confounders)

Diabetic retinopathy detection from fundus images - Gulshan et al, 2016
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Applying Bayesian Methods in Practice

e Using Bayesian models to make inferences can help us reason about
uncertainties in different scenarios.

* If such a model makes inaccurate predictions and has high epistemic
uncertainty, one may prefer to use another model to make predictions.

* However, if a model makes reasonable predictions, but has high
aleatoric uncertainty, one needs to be very careful who the model is
applied to as it may be unsafe beyond the data distribution.
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Learning to Defer to Humans in Uncertainty

* Human expertise is valuable in high-risk Kemel Action
settings such as healthcare.
h( POMDP Action ): oal
 Domain experts can often provide '
additional knowledge that can help Statistos
rEduce uncertalntles for rare Cases or Combining Kernel and Model-based RL for HIV Therapy Selection — Parbhoo et al, 2017, AMIA
outlier patients. e Ee = E
L ZE
* Though prior works have explored ways e = SIE
to combine humans and models, none of === .o
these account for uncertainty and long- '?"-' ‘s‘— B e

term effects.

Consistent Estimators for Learning to Defer to an Expert — Mozannar et al, 2020, ICML
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Quantify where a N\ S Ve Model chang/’ng
model cannot be ’ | ' dynamics and

s R S IOl : | |
trusted ~ A i i / uncertainty
B

\ ¢
m \
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£
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o .
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=) L\
PN

Quantify impact of
delaying deferral A

Pre-emptive deferral __. Late deferral Laterdeferral No deferral
Time

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Quantify where a N\ S Ve Model chang/’ng
model cannot be ’ | ' dynamics and
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Quantify impact of
delaying deferral A

Pre-emptive deferral __. Late deferral Laterdeferral No deferral
Time

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Help - | need somebody! Deferring to Humans in Uncertainty

Quantify where a I \ RN bs Model changing
model cc - 5 Avnnamirce and

trus The effect of a wrong action may only be nty
observed after a delay. Decisions to defer must
account for propagated uncertainty and
potential future deferrals.

-

= e 2 i ' 5
NN
Quantify impact of § f | . i i ’

delaying deferral A

Pre-emptive deferral __. Late deferral Laterdeferral No deferral
Time

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.

26.10.22 Help - | Need Somebody! Deferring to Humans for Sequential Decision-Making in Uncertainty



Modeling Changing Dynamics

Step 1: Learn a model of non-stationary dynamics {M:}:

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Modeling Changing Dynamics

Step 1: Learn a model of non-stationary dynamics { Mz}

ee0e o000 o000
o&f o&f o
O O O
1 to t3
Step 2: Use posterior sampling to capture uncertainty over models M ~ p(:|D)

o “l

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Sequential Learning to Defer (SLTD)

Step 3: Quantify the impact of delaying deferral

| M M
EMNpt(|D) ;[1(V7rtark(:t),mix(t+) < V”TO(t’;,mix(t_i_) o C)]
Defer later Defer now

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Sequential Learning to Defer: Algorithm

Algorithm 1 Sequential Learning to Defer

Input: D*, behavior policy mg, target policy ma;.
Estimate Posterior Distributions {M; £ p;(-|D*)}L_, (posteriors over rewards not shown here)
Initialization: Deferral function g, (s,t) =0 foralls€ Sandt € {1,2,---,T}.
for n € BOOTSTRAPS(D*) do
Sample My, £ {My, ~ p(|D*)}Vt € {1,2,---,T},Vk € {1,2,---, K}
forte {T,T—-1,---,1} do

for s € S do
Compute V,,Jt\;‘r(t)‘mixm), Vm%mixm) —cvM
Griar (5:8) < & o pt e (D) L Virmi mixtey < Viothmincesy — ©))
end for
end for
end for

return g, (s,t) = 1(gn,,. (s,t) > 7)Vs,t € S x {1,2,---,T}

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Decomposing the uncertainty at deferral

* The outcome we are interested in is

sT ar  [HT T r
Blrrlsuomed = [ [ [ [ rtsriar) TT plvlue ot 6i(susae))mo(an s )p(OuDdst 1daldu, ,,d67,
Heg+1 Oty t/=tg+1

Stg+1 Y Aty

Decompose

7

yar(TT|Std7 ,DZ = Eutd ~p(pty|D) [Var(TTLutdv Stas D)] + Varutd ~p(pt,|D) (E[TTWW Sta» D])

-~

TV . -~
Total Uncertainty Irreducible/ Aleatoric Uncertainty Epistemic/Modeling Uncertainty

* First term averages over the variance due to ¢, and captures aleatoric uncertainty
at t4

* Second term captures variance conditioned on knowledge of the model or epistemic
uncertainty at deferral time.

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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What can these uncertainties tell us?

* High Epistemic Uncertainty:
* Uncertainty of model’s prediction is high

* Possible improvement if additional data in this region could be collected to
improve the reducible sources of uncertainty.

* High Aleatoric Uncertainty:

* There is high variability in the patient’s dynamics that may need to be
managed with careful interventions or is otherwise not manageable.

* Aleatoric uncertainty is important for safety

* Based on uncertainty, expert may choose to deviate from practice and/or get
second opinions.

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Toy Demonstration

* Given 8 states: s6 has reward -5; while others have reward +1
e Each sample starts at sO and progresses to s7
e Two actions: a0 decreases chances of landing in s6; al increases this

* Target policy mqr increases the chances of landing in s6 from {s2, s3,
s4} at times 3-8.

* Non-stationarity increases over time, while rewards are positive in {s2,
s3, s4} so that poor outcomes only manifest in the future.

* A pre-emptive deferral policy should defer between times 3 and 8.

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Optimizing for long-term outcomes learns qualitatively
different deferral policies

1.0+

SLTD os]

0.0

1.0+

SLTD-Stat. o5 5 ; ;
0.0 _.—_._‘_ ._l_-:_ _—._.___

0 0 0

o
o
o

1.07

SLTD-One Stepos;

0.0

o
o

0

o

0 0

» Timet

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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SLTD’s policy improves long-term outcomes

Moethod Synthetic Diabetes HIV - Case Study I
Value Defer Value Defer Value Defer
(mean + 2 s.e.) Frequency (mean + 2s.e.) Frequency (mean + 2s.e.) Frequency
SLTD 8.029 + 0.039 0.509 36.931 + 0.166 0.396 14.792 + 0.267 0.342
SLTD-Stat. 5.588 + 0.048 1.000 34.326 + 0.172 1.000 11.020 + 0.230 0.629
SLTD-One Step 5.578 + 0.050 1.000 36.819 + 0.23 0.412 9.671 £+ 0.129 0.531
SLTD (K=1) 8.011 + 0.025 0.511 36.678 + 0.289 0.297 9.311 + 0.162 0.517
SLTD-Stat. (K=1) 5.575 + 0.036 1.000 34.320 £+ 0.175 1.000 8.659 + 0.027 0.571
SLTD-One Step (K=1) | 5.595 + 0.038 1.000 36.482 + 0.284 0.328 8.640 £+ 0.104 0.318
Augmented-MDP 3.044 + 0.023 0.512 13.273 + 0.126 0.000 N/A N/A
Mozannar et. al. 6.369 + 2.226 0.468 -15.155 £+ 0.675 0.010 3.820 + 0.231 0.291
Madras et. al. 5.731 + 0.223 1.000 35.388 £+ 0.475 0.332 3.330 £+ 0.481 0.400
Ttar -1.80 + 0.071 N/A 13.202 £ 0.162 N/A 5.837 £ 0.171 N/A
o 5.485 + 0.035 N/A 34.241 £+ 0.151 N/A 14.124 + 0.592 N/A

26.10.22

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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SLTD produces better outcomes with fewer deferrals
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Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Deferring early potentially reduces overall uncertainty
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Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Decomposing the uncertainty can help us interpret why we
need to defer

Defer Time Total Modeling Mean
T Uncertainty Uncertainty Outcome

Synthetic data 3 26.190 0.233 3.42
Diabetes 3 3418.17 34.160 73.669

Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo®, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Summary

* High stake decisions have long-term consequences and are often
applied in exceptional situations where generalisation is hard

* Our work provides a means of quantifying risk in sequential settings,
such that one may defer to a domain expert where necessary.

* Based on the uncertainty, one may also learn when to collect more
data or retrain the model.

* Future work may explore how this uncertainty can be incorporated
into an active learning setting to improve model performance or
identify areas such as dead-ends.
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Late deferral Later deferral No deferral

Time

Pre-emptive deferral

Help — | need somebody... Not just anybody!
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Pre-emptive learning to defer for sequential decision-making in uncertainty —Parbhoo”, Joshi* and Doshi-Velez 2022, arXiv preprint.
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Summary

* High stake decisions have long-term consequences and are often
applied in exceptional situations where generalisation is hard

* Our work provides a means of quantifying risk in sequential settings,
such that one may defer to a domain expert where necessary.

* Based on the uncertainty, one may also learn when to collect more
data or retrain the model.

* Future work may explore how this uncertainty can be incorporated
into an active learning setting to improve model performance or
identify areas such as dead-ends.
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