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While building and deploying VIL models
is now an increasingly common practice,
interpreting models is not.
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What is interpretability?

Human understanding
of a systems...

No formal, agreed upon definition
[Lipton, 2016]

\

internals
e.g., components

[Gilpin, 2018]

operations
e.g., math

[Biran, 2017]

data mapping
e.d., input to output
[Montavon, 2017]

representation
in an explanation

[Ribeiro, 2016]
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Contribution 1: Interpretability Capabilities

Can we operationalize interpretability?

Formative research with professional data scientists @ &=

e 4 senior ML researchers
« 5 ML practitioners

Prompt: In a perfect world, given a machine learning model,
what questions would you ask it to help you interpret both
the model and its predictions?
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Why does this house cost that much?
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From formative research

Explainable ML Interface Capabilities

Why does this house cost that much?
C1) Local instance explanations

What is the difference between these two?

C2) Instance explanation comparisons

What if | added...
c3) Counterfactuals

What are similar homes?

C4) Nearest neighbors

Where is it wronqg?

C5) Regions of error

What is most important?

C6) Feature importance



From formative research

Explainable ML Interface Capabilities

Why does this house cost that much?
Local instance explanations

What is the difference between these two?
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to a rallying cry for model interpretability. Yet the concept
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Contribution 2: Design Probe

How to test our capabilities?

Goal: understand emerging practice of model interpretability

[Hutchinson, 2003]
Design probe: “instrument that is deployed to find out about

the unknown—returning with useful or interesting data.”
Balance of design, social science, engineering

30



How does our design probe support our capabilities?
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Generalized Additive
Model (GAM)

OverallQual 1l: ®

# Global explanation
# Easy to understand:
# Average math skills

“ Average graphicacy
2 4 6 8 10 ® High accuracy, realistic
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Generalized Additive
Model (GAM)

GAMs are a generalization of linear models. To illustrate
the difference, consider a dataset D = {(x;,v;)}" of N data
points, where x; = (x;1, Xj2, . . ., Xj)) is a feature vector with
M features, and y; is the target, i.e., the response, variable. Let
x; denote the jth variable in feature space. A typical linear
regression model can then be expressed mathematically as:

y = Po+ P1x1+ foxo + -+ PNXN

This model assumes that the relationships between the
target variable y; and features x; are linear and can be cap-
tured in slope terms f1, fs, . . ., Bn. If we instead assume that
the relationship between the target variable and features is
smooth, we can write the equation for a GAM [24]:

y = Po+ [10x1) + f2002) + -+ + fu(en)

Notice here that the previous slope terms f1, f,, ..., fn
have been replaced by smooth, shape functions f;. In both
models f, is the model intercept, and the relationship be-
tween the target variable and the features is still additive;
however, each feature now is described by one shape func-
tion f; that can be nonlinear and complex (e.g., concave,
convex, or ‘bendy”) [28].
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Contribution 3: Evaluation and Investigation

User Study

12 =& data scientists, ~1.5 hours each

Think-aloud + answering questions:

1. data & model questions they wrote before seeing Gamut
2. prepared questions by us

Tutorial = Study — Interview
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What we want to investigate using Gamut

Research Questions

% RQ1. Reasons for Model Interpretability

Why do data scientists need interpretability and how do they use it in Gamut?

% RQ2. Global v. Local Explanations

How do data scientists use different explanation paradigms?

4 RQ3. Interactive Explanations
How does interactivity play a role in explainable machine learning interfaces?
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Contribution 3: Evaluation and Investigation

RQ1. Interpretability Needs and Usage 4

Model building and debugging to boost accuracy.

“l want to understand bit by bit how the dataset features
work with each other, influence each other.”




ity Needs and Usage

tion

iga
1

ion and Invest

Evaluat

3

Interpretab

1on
o

RQ1

Contribut

ing > model deployment

Data understand

“Th

/4

formation

In

Id help me get to valuable nuggets of

IS WOU

which is what [my stakeholders] are ultimately interested in.”

el S S

i

RN S

&

] TR Y

—

2 i
\ RO

PATOLOC
¥

CLINICA

MEDICA

OVENGE SR JSHOD VT &7
R il P 5

m Sle |2p OJSi08S |o 'ugnosep ¢
- e 3

o

i m' »
| i 2 3
i ne
. lzis
e ;
!
ey cH
: =)
m
! | o
? { >
| =
>
g
S 2
X

5
frast
GUINNESS  UBRODEL0S RECORDS ®I

EL RENACIMIENTO .. o Sadiilime

1

SANOIOVHOTAXA Mﬁazﬁg :

. P rn miaas Iam(ﬁ&m“mumm

ha | I e [

v ; - m_. aq_mmm.mﬁ_ﬂm —
> i 18 s rndidegees, il
s LU s r

t

s B Gni o i Al i o REEPEE Ay
ol P SN AOAANS NULTERIATTT 7T @t -
T TREEA T T TANVT CIOH TS aceen ven
METIERS des pays de SAVOLE 5

femirta éol Terrer Congs \! =X

TS

~  SYNVIWOH SYZVESYT =
* SYNVIWNH SYZVH SVT =7~
~  SYNVIWNH SYZVH SV =f

— —

jr=n e

FAUNA Tgrics I
FAUNA Iogrics [=]
FAUNA Ipgrics e

FAUNA Ipgicy e ‘

LRI T 31 TR S| O

Al
= B
4 ﬂ FAlpiA o
i

FAUNA Inggics o
FAUNA IBXRicy \ = \
SN ey I+
< LZRICA \ £ \
,>cz> IBekica \2 |
FAUNA Isricy b

:::EES NO1gvziy
WOISK1dNI 1y 34 Vi0d3 11 g
w:_;g:i 2:32@:;5 E

XX omis i3 E

Pl Ol ol <<

I
Ay E

[

@il

[l capiLa NEGRA

in |

= ;

: e
T | Gt =gl
! T aouyed e 35

h"‘

4

g5 THE Milder GARDEN

2

S E———

-
e

~ 05 OIS T IVIUNS N VINOUSIF
y — " o
" 02 OTIOIS T "TVIANDIN VIMOTSTH

TTMEINOIT "TAC VIMOISTH

e—=

SR

|

IR

$eND Se|

e ——

Teaoitasy ROBO PARA A CORONA " @ S

5 1
| gl e
[ o o) v Yy
FrF
L%
3 1
i o 4
S = v e ok o
1
R L 2L
* : -
o | i— o " %
4 ey
=
- + 1
- 1 1
- —— . em———




Contribution 3: Evaluation and Investigation

RQ1. Interpretability Needs and Usage ¢

Hypothesis generation to help build trust.

But... eager to rationalize explanations; troublesome
without healthy skepticism.
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Contribution 3: Evaluation and Investigation
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RQ3. Interactive Explanations #

20 30 40

i
]
n"""“llllllll'!!h
LT
v

Primary mechanism for exploring, I i
comparing, and explaining predictions o

0 50 100 150 20

0

Converse with a model i |

0.2
0
-0.2
-0.4

history of chest pain
1.2

Could not conceive of non-interactive '

0.2
0
-0.2
-0.4

0 500 1000 1500
glucose level

50



Takeaways



Takeaways

% Consider interpretability capabilities for your interfaces
Interpretability is not a singular, rigid concept

51



Takeaways

% Consider interpretability capabilities for your interfaces
Interpretability is not a singular, rigid concept

& Tailor explanations for specific audiences
Balance simplicity and completeness

51



Takeaways

% Consider interpretability capabilities for your interfaces
Interpretability is not a singular, rigid concept

% Tailor explanations for specific audiences
Balance simplicity and completeness

# Design and integrate effective interaction

Interaction key to realizing interpretability & solidify model understanding
[Weld & Bansal, 2018]
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General Linear Model

>/.:/§+ }2,7)(, + /BZXZ T .- 7“/2')(,,,



General Linear Model

y:[é’/’ }2,7)(, + /BZXZ T .- —/~/an

C foraet



General Linear Model

V= b+ Py + /3><Z



General Linear Model

>/.:/§+ }2,7)(, + /BZXZ T .- 7“/2')(,,,

t—‘ .) (\TC( Ce.i?-l—



General Linear Model




General Linear Model

>/.:/§+ }2,7)(, + /BZXZ T .- 7“/2')(,,,



General Linear Model

y:/é’/’ )2,7)(, + /BZXZ T .- 7“/%)(”
\



General Linear Model
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General Linear Model
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Generalized Additive Model

nonlinear, or “bendy”
6\/]0’% ’rmnlons [Jones & Almond, 1992]
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