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What are Computational Notebooks?

™ Lorenz.ipynb o

B + X O M » m Cc » XDownload & & O)GitHub & Binder Code Python 3 O

M 9 rkd own TeXt The Lorenz Differential Equations

Before we start, we import some preliminary libraries. We will also import (below) the accompanying lorenz.py file, which
contains the actual solver and plotting routine.

smatplotlib inline
from ipywidgets import interactive, fixed

We explore the Lorenz system of differential equations:

x=o(y—x)

Markdown Text
Let's change (o, f, p) with ipywidgets and examine the trajectories.
(LaleX) :

from lorenz import solve_lorenz
w=interactive(solve_lorenz,sigma=(0.0,50.0),rho=(0.0,50.0))
w

sigma
beta

rho




Are Computational Notebooks Perfect?
Nope!

» Code Organization
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Are Computational Notebooks Perfect?
Nope!

W hmda.ipynb o)
B+ X0 0O » = C

2. Data Selection

[} [ J
o ( :Od e O rg a n I Z at I O n There are 700k rows, we can focus on a subset of them.

feature_names =

Data analysis is not linear g ) 5

feature_names = line
break

feature_names = feature_names.replace('\n', '').split('|")

feature_name_to_id = {v: i for (i, v) in enumerate(feature_names)}

df = pd.read_csv('./hmda_ny.txt', sep="|")
df.head()

/Users/JayWong/miniconda3/envs/gam/lib/python3.7/site-packages/IPython/core/interactiveshell.py:3166: DtypeWarning: Columns (22,2
3,24,26,27,28,29,30,31,32,33,38,43,44) have mixed types.Specify dtype option on import or set low_memory=False.
interactivity=interactivity, compiler=compiler, result=result)

activity_year lei derived_msa_md state_code county_code census_tract conforming_loan_limit derived_loan_product_type derivet

2020 549300TINI6CL78UD591 39100 NY 36027.0 3.602705e+10 (o Conventional:First Lien
2020 549300TINI6CL78UD591 99999 NY 36039.0 3.603908e+10 Conventional:First Lien
2020 549300TINIBCL78UD591 99999 NY 36017.0 3.601797e+10 Conventional:First Lien
2020 549300TINIBCL78UD591 40380 NY 36055.0 3.605501e+10 FHA:First Lien

2020 549300TINI6CL78UD591 35614 36081.0 3.608105e+10 Conventional:First Lien

5 rows x 99 columns

2.1. Data Specification

Full Specification

Feature Description Values




Design for Better Code Organization

Managing Messes in Computational Notebooks
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ABSTRACT

Data analysts use computational notebooks to write code
for analyzing and visualizing data. Notebooks help analysts
iteratively write analysis code by letting them interleave
code with output, and selectively execute cells. However, as
analysis progresses, analysts leave behind old code and out-
puts, and overwrite important code, producing cluttered and
inconsistent notebooks. This paper introduces code gather-
ing tools, extensions to computational notebooks that help
analysts find, clean, recover, and compare versions of code
in cluttered, inconsistent notebooks. The tools archive all
versions of code outputs, allowing analysts to review these
versions and recover the subsets of code that produced them.
These subsets can serve as succinct summaries of analysis
activity or starting points for new analyses. In a qualitative
usability study, 12 professional analysts found the tools use-
ful for cleaning notebooks and writing analysis code, and
discovered new ways to use them, like generating personal
documentation and lightweight versioning.

CCS CONCEPTS

« Human-centered computing — Interactive systems
and tools; « Software and its engineering — Develop-
ment frameworks and environments.

KEYWORDS

Computational notebooks; messes; clutter; inconsistency;
exploratory programming; code history; program slicing
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Figure 1: Code gathering tools help analysts manage pro-
gramming messes in computational notebooks. The tools
map selected results (e.g., outputs, charts, tables) in a notebook to
the ordered, minimal subsets or “slices” of code that produced them.
With these slices, the tools help analysts clean their notebooks,
browse versions of results, and discover provenance of results.
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1 INTRODUCTION

Data analysts often engage in “exploratory programming”

Fork It: Supporting Stateful Alternatives in Computational
Notebooks
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Microsoft Research

What if
instead...

Titus Barik

titus.barik@microsoft.com
Microsoft Research

Robert DeLine

rob.deline@microsoft.com
Microsoft Research

Sesesessstesaiassasascnannar

Figure 1: A user makes progress in a notebook (left) to test a hypothesis. They then wonder how an alternative approach may
have worked out (middle). They fork their existing code in the middle of their notebook, starting their new exploration next

to the old (right).
ABSTRACT

Computational notebooks, which seamlessly interleave code with
results, have become a popular tool for data scientists due to the
iterative nature of exploratory tasks. However, notebooks provide a
single execution state for users to manipulate through creating and
manipulating variables. When exploring alternatives, data scientists
must carefully create many-step manipulations in visually distant
cells.

We conducted formative interviews with 6 professional data
scientists, motivating design principles behind exposing multiple
states. We introduce forking — creating a new interpreter session
— and backtracking — navigating through previous states. We im-
plement these interactions as an extension to notebooks that help

I ® |

data scientists more directly express and navigate through decision
points a single notebook. In a qualitative evaluation, 11 professional
data scientists found the tool would be useful for exploring alter-
natives and debugging code to create a predictive model. Their
insights highlight further challenges to scaling this functionality.

CCS CONCEPTS

« Software and its engineering — Development frameworks
and environments.

KEYWORDS

Alternatives, computational notebooks, exploratory programming,
code history



.. Sticky Cells?

Exploratory Data Analysi .
RRRLE STy R ny=ls Exploratory Data Analysis

In this section, we explore the house price dataset. ) ) )
In this section, we explore the house price dataset.

plt.hist(features, bins=40)
features = df_house['SalePrice’] plt.title('Distribution Plot')

Plt-h%st(fea"cures_,, b%ns=46} plt.show() ™ hmda.ipynb X | [ lending-club-data.ipynb X | [ lending-club-model.ipynb X = [A] lending-club-explain.ipynb X
plt.title('Distribution Plot"') features = np.log(df_house['SalePrice'])

I Distribution Plot B + XOFC » 8 C» Cde -~ Users can Jaunch
L. . features = np.sqrt(df_house['SalePrice']) 175 [ S .
Distribution Plot . {74
0.02 Stdgy (,e“': {Tom t \(7
df_house.head() 150 & 'ﬂ
Id MSSubClass MSZonin 0.00 v v v ' ! ! ! ! -to make eﬂ\ Mt
g LotFrontage LotArea ¢ 125
1930 1940 1950 1960 1970 1980 1990 2000 2010
0o 1 60 RL 650 8450 100
1 2 20 RL 800 9600 [50]: ¢ = 'fico_range_low'
75 overlay_hist(c)
2 3 60 RL 68.0 11250 - e —
3 4 70 RL 600 9550 50 40 Q Ma.lkdomn
4 5 60 RL 84.0 14260 fico_range _low
.Insigl'lts

\. Featurre. leackage when intevst-
df_house.columns.tolist().index('ExterQual')
features = np.log{df_house['SalePrice']) df_house.iloc[:, 27] 1 'ate is inclu&ei

plt.hist(features, bins=40) df_house = df_house.replace({'Fa': 'lFa’',

plt.title('Distribution Plot') "TA': '2TA', - l Penalj:y.te!m ale mostly 0

plt.show() 'Gd': '36d', ]

o ‘ "Ex': '4Ex'}, None) -\\\
Distribution Plot |

140 def fillna(col):

120 # Replace the na value to none if it is categorical data 650 700 750 800 850 EM_
if col.name not in numeric_feature_set:

col.fillna('None', inplace=True) It is interesting that we have both the lower bound and the higher bound for the FICO score :
Auvko-Tun (@)

features = df_house['SalePrice’]

50

5 rows x 81 columns

05 100000 200000300000400000 500000 600000700000 400 500 600 700 800 900

# Replace the na value as @ if it it s numerical data
else: diffs = df['fico_range_high'] - df['fico_range_low']

col.fillna(®, inplace=True) ( el
Counter(diffs) I COJE l

return col

, Counter({4.0: 1344216, 5.0: 185})
df_house = df_house.apply(lambda col:fillna(col))

The range is either 4 or 5... We can take either low/high as the FICO socre, or we can take tl

&e df['fico_score']l = (df['fico_range_high'] + df['fico_range_low']) / 2
Aage hi : df.drop(['fico_range_high', 'fico_range_low'], axis=1, inplace=True)
/ e”'?m usevs @n creaie U%‘S Gan Ld\

T] J Sk, to the +he mm\uh’“m __(ode c = 'fico_score' F‘o&k‘"& cells ave COTMGH,QJ with

overlay_hist(c)
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bit.ly/stickyland

pip 1nstall stickyland

Break the Linear Presentation of Computational Notebooks

I} Notebook Cell [5) sticky Dock Sticky Cell

df. () \ Code-1 X | +

age workclass fnlwgt education educationnum I + @
| " df-head
I .
E|24] . ad
I
.

age workclass fnlwgt education edu

|

Drag 3 Ce” here or createa 0 39 State-gov 77516 Bachelors

—>

new one . Self-emp-

1 50 . 83311 Bachelors
not-inc

Select new cell type ~ Create i 38 Private 215646  HS-grad

53 Private 234721 11th

[) Floating Cell

> % auto—run‘)
df.head()

age workclass fnlwgt education educationnum maritalstatus occupation relationship race gender capitalgain capitalloss hoursperweek nativecountry income

O 39 State-gov 77516 Bachelors 13 Never- Adm- Not-in= v hite Male 2174 0 40 United-States <=50K
married clerical family

Self-emp- 83311 Bachelors 13 Married-civ- Exec- Husband White Male 13  United-States <=50K

1 50 . .
not-inc spouse managerial

Private 215646  HS-grad Divorced  Handlers- Not-in-\y pite Male United-States <=50K
cleaners family y
7,




" example-adult.ipynb jaal

B + X O » m C » Markdown v [ ¥ Python 3 (ipykernel) O

1.2. Data Engineering
In this section, we delete or transform some features before training the binary classifier.
1141]: intersted_feature = 'age'

11431: overlay_hist(df, intersted_feature)

Num of unique values: 73

age
0.05 - e >50k
o <=50k
0.04 -
0.03 A
0.02 -
0.01 A k
0.00 - ’
20 30 40 50 60 70 80 90
l The distribution difference between these two groups on age is quite significant.

26]: overlay_hist(df, 'workclass')

Num of unique values: 9



M| image-augmentation.ipynb X

B + X O » m C » Code v 3

& Python 3 (ipykernel) O

[ ]: |def rotate(image):
"""Rotate the image"""
aug = iaa.Affine(rotate=(-10, -9)) New X
image_aug = aug(image=image)
return image_aug

def add_noise(image):
"""Add random noise on the image"""
aug = iaa.CoarseDropout(0.02, size_percent=0.5)
image_aug = aug(image=image)
return image_aug

Drag a cell here or create a
new one

def corrupt(image):
"""Corrupt the image"""
aug = iaa.MultiplyHueAndSaturation(mul_hue=4)
image = aug(image=image) }:
aug = iaa.MultiplyHueAndSaturation(mul_hue=4)
image = aug(image=image)

*
i
I
I
i
I
I
I
I
i
I
I
: Select new cell type v Create
return image i
f
I
lQ
N\

- 1: image = load_random_image(dataset)
plt.imshow(image);

- |: image = rotate(image)
plt.imshow(image);

. 1: image = add_noise(image)
plt.imshow(image);




(= example-ml.ipynb °
B + XD 5 » = C » Markdown v [J $ Python 3 (ipykernel) O

Binary Classification on Adult Dataset New x|+

In this notebook, we explore the Adult dataset and train a simple binary classifier.

[7]: import numpy as np
import pandas as pd
import gamchanger as gc¢

from matplotlib import pyplot as plt

from sklearn.model_selection import train_test_split

from collections import Counter

from interpret import show

from interpret.glassbox import ExplainableBoostingClassifier

Drag a cell here or create a new one

Select new cell type v  Create
%config InlineBackend.figure_format = 'retina’

'https://archive.ics.uci.edu/ml/machine-learning-databases/adult/adult.data’,
sep=', ',

engine='python',

header=None

|

!

|

i

|

|

|

|

|

1

1

|

!
|
[2]: df = pd.read_csv( |
|
IQ
N\

)

column_names = [
'Age', 'WorkClass', 'fnlwgt', 'Education', 'EducationNum',
'MaritalStatus', 'Occupation', 'Relationship', 'Race', 'Gender’,
'CapitalGain', 'CapitallLoss', 'HoursPerWeek', 'NativeCountry', 'Income'
]

df.columns = [n.lower() for n in column_names] I
df.shape

[2]: (32561, 15)
[3]: df['target'] = [0 if 1 else 1 for 1 in (df['income'] == '<=50K')]

[4): train_cols = df.columns[08:-2]
label = df.columns[-1]
x = df [train_cols]
y = df['target’']

x_train, x_test, y_train, y_test = train_test_split(x, y, test_size=0.2)

[5]: ebm = ExplainableBoostingClassifier(n_jobs=~1)
ebm.fit(x_train, y_train)

[51: ExplainableBoostingClassifier(feature_names=['age', 'workclass', 'fnlwgt’',
‘education’', ‘'educationnum’,
'maritalstatus', 'occupation',
'relationship', 'race', 'gender',
‘capitalgain', ‘'capitalloess’,
‘hoursperweek', 'nativecountry’,
‘relationship x hoursperweek',
‘age x relationship',

'age x capitalloss'’,
'maritalstatus x hoursperweek’,
‘educationnum x occupation',
‘age x fnlwgt'...
feature_types=['continuous', 'categorical’,
‘continuous', 'categorical',
‘continuous', 'categorical’,
‘categorical', 'categorical’,




How Did We Implement It?

- Develop

Drag a cell here or create a new one

Select new cell type v Create

- JupyterLab API

Markdown-1 (— M %)

. Native Look > <

Adult Features

The Adult dataset has 14 features.

The output variable is binary ( 1ncome > 50k ).

4



Reflection: Ul Toolkits are Helpful

Code-1 X | +

» Text Editor is Not that Simple » & 4 autorun @D

inport] [nunpy] fas

import [time

E log_loss(, @):

Compute the log loss of scalar predicted proba p and true class label vy.

oFFSET -

- Numerous Edge Cases Feturn (3% . oo 5 OFSED) & (1 2 5 oo = BFFSE)

0.01005033575249134

0.6931471803599453

4.605170175988091
§x0'01005®33575249134




Future Work

Topological Auto-run of Sticky Cells

Separate Code State in StickyLand

Generalize to Other Computational Notebooks

Evaluation of Usability and Utility
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+ auto-run @D %+ auto-run + auto-run @D
. draw_error_hist(cur_feature) # Step 2: Specify a select query x_test.iloc[interseted_index, :].head()
ML Error Analysis Dashboard
Correct v.s. Wrong Classifications across Age # Here we focus on mis-classified samples age workclass fnlwgt education educationnum maritalstatus occupation relationship race gender
: : : : : | Wrong # who are older than 35 years ) )
In thl.s.das.hboard, we |theract|ver diagnose a binary 0.040 Correct 20132 48 Fedegr;l\-/ 215389 HS-grad 9 Marnig;zl;: Trar::;;té Husband Black  Male
classification model trained on the Adult dataseta 0.035 - interseted_index = np.where(
2N L A L 13680 57  Private 31532 Bachelors 13 Married-civ- Transport- ., ond White  Male
0.025 x_test[cur_feature] >= 35, spouse moving
Eoceal e ° . VR A Self-emp- Assoc- Married-civ-
v 0.020 ) 30314 59 ) 349910 12 Craft-repair Husband White Male
» -+ auto-run _ inc acdm spouse
0.015 - ) [0].tolist()
# Step 1: Specify our interested feature 0.010 . . 28622 57 Private 201991 Bachelors 13 Married-civ- Prof- Husband White  Male
log = 'The query has {} results. spouse specialty
# Let's explore age feature first 0.005 - print(log.format(len(interseted_inde Some- Married-civ- Other-
cur_feature = 'age’ 0.000 - 18927 35 Private 322171 I 10 . Wife White
9 P 20 30 40 50 60 70 80 ' The query has 678 results. . college Spouse service
X
<+ auto-run @D - auto-run
ebm_local = ebm.explain_local(x_test.to_numpy() [interseted_index, :1, gc.visualize(ebm, x_train[:1000], y_train[:1000])
y_test.to_numpy() [interseted_index],
name="'EBM')

GAM CHANGER Align ML Model Behaviors with Human Knowledge

show(ebm_local)

age - 0.707 v  Original % Move Metrics Feature History
Select Component to Graph

original last = current === editing Global Selected Slice
231 : Predicted (0.0) | PrScore (0.824) | Actual (1.0) X w 25 ]
Accuracy origin last current
2 —
EBM [231] 0.88
. 0.88
e I I N T score , W 0.88
1 il
H 1 T o-o —° -—
Predicted (0): 0.824 | Actual (1) 0.176 °M\..° % 3 + v X Balanced Accuracy
L 05- = S\\D 0.8048
8 b @ m—b ._.j ._'.____..:-_----__-__--_'; 08048
Intercept NN 9 0 — e oty S : T e— I 0.8048
gender (Male) [ O T—
workclass (Self-emp-inc) [ ]
occupation (Sales) 1 -0.5 1 e J
capitalgain (0.00) [ ROC AUC
relationship (Not-in-family) 1 0.9229
age (75.00) [ =14 0.9229
age x fnlwgt =
education (Some-college) O 0.9228
maritalstatus (Widowed) H 1.5+
age x relationship g . .
maritalstatus x hoursperweek 1 , : , 1 : : : 1 , : : , : ——  Confusion Matrix
fnlwgt |(|981%8-88; = 52 64 66 68 70 72 74 76 78 80 82 84 86 88 Predicted Yes  Predicted No
capitalloss (0.
age x capitalloss M age 159 159 82 82 Actual
nativecountry (United-States) [ 159 82 Yes
-2 -1 0 1 2
38 721 Actual
38 38 721 721
E Drag to marquee select, Scroll to zoom 6/1000 test samples selected Interpolated 7 bins in place O C B




Align ML Model Behaviors with Human Users' Knowledge
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Natural Language

Computer Vision

Audio Signal
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Not so ubiquitous in

Why? | don't know

| won't use you
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Intelligible

Explainable Boosting Machine

Prototypes

Feature Visualization

Counterfactual

Visual Analytics

—

Distillation

Saliency Map

TCAV

<
m InterpretML

LIME
SHAP

19



"New problems" after interpretability

Why? Ah, because Helght? Not
‘ the age.. Also, the what | expected

height...

20



Medical Data Example

. Generalized additive model (GAM)
. Glass-box model
- Easy to understand

= Po+ 1 (x)+ H(x0) + -+ [,(x,)

. Continuous, categorical, interaction

21
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Pneumonia Risk
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Pneumonia Risk

Age

DANGER!
Mysterious Drop
R I | I I | I I I I
30 40 50 60 /70 80 90 100
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Real Needs for

Fix undesirable behaviors

Remedy mistakes in the dataset

Fairness and Bias

Regulatory Compliance

Teato |



Visualization Tools for

EBM [0]

ExplainableBoostingClassifier_0

CapitalLoss x HoursPerWeek

4
Q
=
—
Q
(a
)
-
3
O
L

1000 2000 3000

CapitalLoss

4000
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Visualization Tools for

Normalize axes

GrlivArea
100.000

50.000

°

Hide all histograms

FirstFIrSF
100 000

Hide zeroline

OverallQual

190,005

TotalBsmtSF

100,000
50000

°

YearBuilt

100,000
50,000
°

=
50000 l

BsmtUnfSF

100,007

50,000 -

YearRemodAdd
100,000

Showing 111901119

1800 1,000 1520 1990 1960 1560 2000

MiscVal

«-nonal

CLEAR FILTERS

3616.13818...

85596377

Feature space

118187022

118235997

3490.9027..., 118266194,
30788 m@mmn
21389.481. 1846303

1193.40473

34246963

6624.0685.

18882.381.

11849362
118501411

1.1850592...

SORT BY NEIGHBORS

Sort waterfall linear

Instance 1006

SuMMIT
Tt B
A ‘.‘Embeddi'ng View

»

tench

3 barracouta

$ sturgeon

MODEL DATASET CLASSES INSTANCES
InceptionV1 ImageNet 1,000 1,281,024

CLAS

tench 1300

C Attribution Graph View

mixed5b & 4 = = 254 @ L] §

mixed5a @
hands holding fish

mixed4e£ - ; ) —

\

person
mixed4d ﬁ )

mixed4c %

n FBLearner Workflow Library Projects Tools v Help v
ActiVis: Visualization of Deep Neural Networks #15782570

0 Computation,Graph

I =| dropout_0

e

0 Neuron/Activation B1. Neuron Activation Matrix View

 Somax

B2. Projected View

118809851 N 6 1 6 30 = stingray

INPUT IMAGE ATTRIBUTION BY FACTORIZED GROUPS

Dodrio Exploring transformer models in your browse

MIXED4A MIXED4D Source  Target

Current Sentence Dependency List ¥  Show Comparison Syntactic Relations >

 Convolutional Elastic Explanation

1 relu_21 intermediate » conv_2_2

© groups is badly edited |, often awkwardly |directed| and suffers from the addition of |a| wholly unnecessary pre - credit |sequence| designed to give some of the characters a ' back story
advmod pum':t advmod cc k det advmod l ptlmct compound k acl mark obj l det L amod
aux:pass advmod J case ) compound advcl’ case ) punct

conj obl amod nmod det }
conj appos -

O Overview

L
-
s,

Semantic Attention Graph Attention Head Overview £ Show Detail

D. Color & Size Encoding

Layer 1 v+ Head 7 v
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Design Principles for Model Editing

Diverse Editing Methods

Communicating Feedback

Reversibility and Documentation

Low Barrier to Entry

Y

46



Diverse Editing Methods

[Monotonically Increase]

[Interpolate in-place]

E [Align to the left]
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Communicating Feedback

Model Performance

How would it affect the accuracy?
How would it affect my protected group?

O=O~

Effect Feature History

Global Selected Slice

Accuracy origin last current
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0.903
0.88

Balanced Accuracy
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<) Hredicted |
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Communicating Feedback

Feature Correlations

Other proxy features?
~eatures need to edit next?

original
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Reversibility and Documentation
{_} Select Effect Feature  History

Igi . BUN_level 20:49 AUg 4, 2021
original last emm current == editing

Made 38 bins (69.5 <=x <
r | 134.5) monotonically

» Values and knowledge change ncreasing
over time il
BUN_level 20:49 Aug 4, 2021
- Disposable experiment e
p $» bins (69.5 <= x < 134.5) by
’ ey 0.43.
- Collaborative edltlng 9667463 OO W
BUN_level 20:49 Aug 4, 2021
oo Interpolated 38 bins (69.5
® | <=x<134.5) in place.
N p—
OOW
git commit -m "Change Age's effect for people older than 85" BUN level 20:49 Aug 4. 2021

1

oo Set 38 bins (695 <=x<
134.5) to score 0.8776.

271623a (HEAD) 09w
s selected O C B




Low Barrier to Entry

train_cols = df.columns[0:-1]

label = df.columns[-1]

X = df[train_cols]

y = df[label].apply(lambda x: @ if x == " <=50K" else 1) #Turning response into @ and 1

seed = 1
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.20, random_state=seed)

No need to install/write code [ il ool ot (e oot D

ebm.fit(X_train, y_train)

Out[2]: ExplainableBoostingClassifier(feature_names=['Age', 'WorkClass', 'fnlwgt',
'Education', 'EducationNum',

Fit Into the current workflow o et v

'CapitalGain', 'CapitallLoss',
'HoursPerWeek', 'NativeCountry',
'Relationship x HoursPerWeek',
= 'Age x Relationship',
Private and secure
'MaritalStatus x HoursPerWeek',
'Occupation x Relationship',
'Occ. ..
feature_types=['continuous', 'categorical’,
u u 'continuous', ‘'categorical’,
Democratize responsible ML
'categorical', 'categorical',
'categorical', 'categorical',
'continuous', 'continuous',
‘continuous', 'categorical’,
'interaction', 'interaction',
'interaction', 'interaction',

'interaction', 'interaction',
A 'interaction', 'interaction',
'interaction', 'interaction'],
WA .\./ GAM Changing

n_jobs=-1, random_state=1)

Then we can start to investigate, validate, and edit the trained EBM model using GAM Changer.

GAM Changer expects:

51



GAM CHANGER: Editing Generalized Additive Models with
Interactive Visualization

Zijie J. Wang® Alex Kale? Harsha Nori® Peter Stella* Mark Nunnally* Duen Horng Chau'

Mihaela Vorvoreanu® Jennifer Wortman Vaughan® Rich Caruana’
!Georgia Tech University of Washington *Microsoft Research *NYU Langone Health

GAM CHANGER Aiign ML Models with Human Knowledge G Metric Panel B Feature Panel
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R
@
R
c
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S
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@
c
a

ROC AUC 330116 O W
0.8758
08755 S -
0.8756 i Set 6 bins (95.5 X) to

! score 0.4574.
Confusion Matrix | Conservative (preferredlI
redict redicted N
124 124 432

125

51 4393 Actua Interpolated 6 bins (81.5
49 51 4395 4393 N <= x < 87.5) in place.

Drag to pan view, Scroll to zoom 623/5000 test samples selected = Interpolated 6 bins in place v ¢ @ 727806d (HEAD) wow

Figure 1: GAM CHANGER empowers domain experts and data scientists to easily and responsibly align model behaviors with
their domain knowledge and values, via direct manipulation of GAM model weights. For example, [J the GAM Canvas enables
doctors to interpolate the predicted risk of dying from pneumonia to match their domain knowledge of a gradual risk increase
from age 81 to age 87. GAM CHANGER promotes accountable editing and elucidates potential tradeoffs induced by the edits. i)
The Metric Panel provides real time feedback on model performance. B The Feature Panel helps users identify characteristics
of affected samples and promotes awareness of fairness issues. To enable reversible transparent model edits, (&) the History
Panel allows the doctor to compare and revert changes, as well as document their motivations and editing contexts.

ABSTRACT 1 INTRODUCTION

Recent strides in interpretable machine learning (ML) research re- It is crucial to understand how machine learning (ML) models
veal that models exploit undesirable patterns in the data to make pre- used in high-stakes settings (e.g., healthcare, finance, and criminal
dictions, which potentially causes harms in deployment. However, justice) make predictions (Fig. 2A). Recently, researchers have made
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STickYLAND: Breaking the Linear Presentation of Computational
Notebooks

Zijie J. Wang Katie Dai

W. Keith Edwards

Georgia Tech Georgia Tech Georgia Tech

jayw@gatech.edu kdai7@gatech.edu

keith@cc.gatech.edu

I3 Notebook Cell () sticky Dock Sticky Cell

5@224]:

Code-1 X |+

» + “Hnauto-run @D
df.headﬁP

age workclass fnlwgt education edu

Drag a Ce” here or create a 0 39 State-gov 77516 Bachelors

new one

>

Self-emp-

1 50 :
not-inc

83311 Bachelors

Select new cell type v  Create 2 Private 215646  HS-grad

3) Floating Cell

v
> = auto—rune

df.head()

Private 234721 11th

age workclass fnlwgt education educationnum maritalstatus occupation relationship race gender capitalgain capitalloss hoursperweek nativecountry income

Never- Adm-

0 39 State-gov 77516 Bachelors 13 . X
married clerical

Self-emp- 83311 Bachelors 13 Married-civ- Exec-

1 50 - :
not-inc spouse managerial

Handlers-

2 38 Private 215646 HS-grad 9 Divorced
cleaners

NOGin- \yhite  Male 2174 0 40 United-States  <=50K
family

Husband White Male 0 0 United-States <=50K

Not-in-

. White Male 0 0 United-States <=50K
family

Figure 1: The STiIcKYLAND user interface persists on top of a computational notebook, creating an always-on workspace for data
scientists to display text and execute code. (A) A user can drag an existing Notebook Cell to (B) the Sticky Dock that mounts on
the edge of the notebook. (C) It creates a Sticky Cell that stays at the same location even when the user scrolls the notebook. (D)
The user can further convert this cell to a Floating Cell that floats on top of the notebook with customizable position and size.

ABSTRACT

How can we better organize code in computational notebooks?
Notebooks have become a popular tool among data scientists, as
they seamlessly weave text and code together, supporting users
to rapidly iterate and document code experiments. However, it is
often challenging to organize code in notebooks, partially because

always shown on the screen, users can quickly access their notes,
instantly observe experiment results, and easily build interactive
dashboards that support complex visual analytics. Case studies
highlight how our tool can enhance notebook users’s productivity
and identify opportunities for future notebook designs. StickyLAND
is available at https://github.com/anonchi/stickyland.

bit.ly/stickyland

pip install stickyland

Keith Edwards

Katie Dai
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Georgia
Tech.



