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Answering how and why

How does the model form its predictions?

Why did the model make a particular
predictione
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Who cares?

Internal stakeholders
« Modellers & reviewers / audit

» End-users and others affected
by the model (e.g. the
sales/marketing team for @
pricing model)

External stakeholders
 Regulators

« Customers

« Competitors

Models require trust

Do you trust the model to deliver the right
business outcomes if deployed?

* Are the key modelled relationships likely to
persist into the future?

« Are the outcomes fair and reasonableg
« Are there reputational risks?

« Does the model comply with regulations or
support such compliance (e.g. ‘Right to an
explanation’)
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Models fit to simulated data, loss calculated out-of-sample
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# Define the explainer
expl <- explain(model, data, y, predict_fun, link)

DALEX

Descriptive mAchine
Learning EXplanations

# Then produce the explanations
variable_importance(expl, loss_ fun)

variable response(expl, variable)

A package to e>.<pl.(:1in black- prediction_breakdown(expl, obs)
pox model predictions 1

Implements a variety of e L
methods for global and — =
local explanations

Model

Available on CRAN for R e . N \

i
!
Type = ‘
|
|

github.com/pbiecek/DALEX

7000
Drop-ott loss


https://github.com/pbiecek/DALEX
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Example: credit default

« Data from Kaggle: Give Me Some Credit
https://www.kaggle.com/c/GiveMeSomeCredit/data

— Target: did the individual experience financial distress in next 2
years

— Predictors: age, income, number of dependents,
number of fimes 30-59/60-89/920+ days past due in last 2 years,
unsecured loan utilisation, number of open loans

« Models fit: a GBM and a deep neural network


https://www.kaggle.com/c/GiveMeSomeCredit/data
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variable_importance()

A measure of the
contribution of each
variable to the model

Measured using drop-out
loss (permutation loss):

* Randomly permute a
predictor’s values

» Score the model and
measure the change in
loss

» Repeat for each predictor

vil <- variable_importance(gbm_explain, loss_fn)
vi2 <- variable_ importance(net_explain, loss_fn)
plot(vil, vi2)

_baseline_
freq_90days_late
freq_pastdue_30_59
freq_pastdue_£0_89

age

monthly_income
open_realestate_loans
open_loans
unsecured_loan_utilisation
delinquency_num

_baseline_
freq_90days_late
freq_pastdue_30_59
freq_pastdue_G0_89
age

miss_income
monthly_income
open_realestate_loans
open_loans
miss_depend

‘ ! ‘
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variable_importance()

A measure of the
contribution of each
variable to the model

Measured using drop-out
loss (permutation loss):

* Randomly permute a
predictor’s values

» Score the model and
measure the change in
loss

» Repeat for each predictor

vil <- variable_importance(gbm_explain, loss_fn)
vi2 <- variable_ importance(net_explain, loss_fn)
plot(vil, vi2)
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. pdl <- variable response(gbm _explain, “age”, “pdp”)
varlqble_response() pd2 <- variable response(net_explain, “age”, “pdp”)
Plots the relationship plot(pdl, pd2)

between the prediction and
the chosen variable(s)

Variable response

Implements 0075

« Parfial Dependence Plots Type
(shown right) 0 B

- Accumulated Local s Model
Effect plots (numeric DN
only)

0.025

«  Merging Path plots
(factors only)

20 40 80 80 100
age



Data Analytics Seminar

Reinvigorating the Usual “ Actuaries
31 October 2018 * Actuaries Institute, Sydney A InStltUte

. pdl <- variable response(gbm _explain, “age”, “pdp”)
varlable_response() pd2 <- variable response(net_explain, “age”, “pdp”)
Plots the relationship plot(pdl, pd2)

between the prediction and
the chosen variable(s)

Variable response

The models
treaf older ages 1.
quite differently — + e

Implements 0075

« Partial Dependence Plots
(shown right)

== 0.050

Model
-+ GBM
—— NMet

e Accumulated Local
Effect plots (numeric
only)

«  Merging Path plots
(factor only)

An SME may be
"% able to advise
which is better

20 40 80 80 100
age
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e obs <- data[row_number, ]
predlchon_breqkdown() pl <- prediction_breakdown(gbm_explain, obs)

Summary of the confribution plot(pl)
of each factor to the final

prediction e

final_prognosis 0.723

. +open_loans = 11 -0.004

Greedy calculation: s e 0,002

. +gpen_realestate_loans =0 -0.001
« Variables are removed « miss._depend=0 0
from model one at a time, [ =
C]nd deViOﬂOn in pred|CT|On +unsecured_loan_utilisation = 0.9999999 0
+delinquency =0 0

recorded +dependents = 1 0.003

. +age = 36 0.014

° vorIOble removed GT eGCh + monthly_income = 4166 0.029
step is that which gives the CEImIE el 0.04
+freq_pastdue_60_89 =2 0.243

smallest incremental e o e —
deviation (ntercept) 0

0.00 0.25 0.50 0.75 1.00
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e obs <- data[row_number, ]
predlchon_breqkdown() pl <- prediction_breakdown(gbm_explain, obs)

Summary of the confribution plot(pl)
of each factor to the final

prediction e

final_prognosis 0.723
. +open_loans = 11 H H -0.004
Greedy calculation: B This loan is 0002
. +0pen_rea|elstate_loans=U I||<e|y 'I'O -0.001
 Variables are removed + miss_depend=0 . 0
. + debt_ratio = 0.188384929 experlence 0
from model one af a time, S e 0
C]nd deViOﬂOn in pred|c1’|on +unsecured_loan_utilisation = 0.9999999 - 0
recorded o Past due =
»  Variable removed at each o, RS
step is that which gives the e pasie 30,56 -3 key reason. p' oo
. +freq_pastdue_60_89 =2 0.243
smallest incremental e 900iage. Iote - 6
deviation b
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. exp <- lime(data[, -c(“target”)], model.gbm)
A brief look at LIME val <- explain(obs, exp, n_labels = 1, n_features = 4)

Local Interpretable Model- plot_features(val)
agnostic Explanations

Case:1
Label: p1

Provides interpretable proabity: 0.7

Explanation Fit: 0.037

explanations for the
predictions of black-box -

classification models

1 =freq_pastdue_30_59

Learns an interpretable
model in the region locally
around the prediction

Feature

3400 = monthly_income == 4331

AVG”Oble for R Ond PyThon 1.34e-01 = debt_ratio <= 2.13e-01 ‘

qgithub.com/marcotcr/lime

Weight

. Supports . Contradicts



https://github.com/marcotcr/lime
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. exp <- lime(data[, -c(“target”)], model.gbm)
A brief look at LIME val <- explain(obs, exp, n_labels = 1, n_features = 4)

Local Interpretable Model- plot_features(val)
agnostic Explanations

Case:1
Label: p1

Provides interpretable Probabit: 079 History of frequent

past due loans

explanations for the
predictions of black-box -
o k and a moderate
classification models .
iIncome level

support a higher

1 =freq_pastdue_30_59

Learns an interpretable

Feature

model in the region locally _ likelihood of
around the prediction B distress
A\/O”Oble for R Ond PYThOn 1.34-01 < debt_ratio <= 2.13e-01 ‘ A |OW number Of
qi-l-hub.com/marco'l'cr/“me -0.06 -0.03 .0.00 0.03 Open |O(.]ns

eight contradicts

. Supports . Contradicts


https://github.com/marcotcr/lime
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Thank you



