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The Visual Data Science Process

DATA EXPLORATION

Form hypotheses about your
defined problem by visually
analyzing the data.

DATA EXFLORATION
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Interactive Analysis of Big Data M

m What is big data?

Key | Key | Variable 1_| Variable 2 _

Key 1 Value 1 Key 1 Value 1 Value 1
Key 2 Value 2 Key 2 Value 2 Value 2
Key 3 Value 3 Key 3 Value 3 Value 3

.. billions of records .... thousands of variables
- tall data - wide data

[Heer & Kandel, Interactive Analysis of Big Data, ACM XRDS 2012]
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Side Note: Features

m From machine learning / pattern recognition:
s Measurable property of observed phenomenon
s Vectors (can be high-dimensional!)

m In information visualization:

Attributes (columns)
-

m Attributes / variables / (data) dimensions

ltems

(rows) J T

Cell containing value

[Munzner 2014]
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High-Dimensional Data

m Image features

m Natural language processing

m Gene expression data

m Finance / economy
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High-Dimensional Data

m Image features

s ,bag of words”
s Vocabulary of visual words

s Example: MNIST S 0 L.{ /

= 10,000 hand-written digits

s 28x28 pixels = 784-dimensional feature vector
(intensity values) per image -

https://www.tensorflow.org
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High-Dimensional Data

uuuuuuuuuuuuuuuuuu

m Image features =

mmmmmmm

m Natural language processing = & .
m Vector space model: o B T el B
s Dimensions: terms

s Vectors: documents or queries

mt B
m
Jpd- | pedpuwi/Burio/ep zus|god-lun-jsem sjppowoidoy//:dny

Manuela Waldner 8 Wikipedia: vector space model



Natual Language Processing Pipeline m

e.g., ,a°, ,the”

Tokenized EEESTeIoRIYelgs!

Raw text sentence sentences
> sentences removal

segmentation

Normalization

4 tokenization

capitalization lemmatization

Graphics = graphics  visualization = visual better 2 good
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Document-Term Matrix

Bag of words: orderless representation!

m Document is represented by vector of '.l' ‘o
term weights (e.g., number of term B et 0 g e
occurrences) e w2t e
— H EgN ™ 5
_~—in i
— m . l.l-.l
m Word is represented by vector of - EEE ..
d t l ht b f o) .. .-.. = = ] low occurrence
ocument weights (e.g., number o

occurrences in documents)
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Word Embeddings M

= Word2vec Softmax classifier @ @ @ @ -
s Shallow neural network g
= Input: text window 2
(e}
s Goal: prediction of Hidden layer E
nearby words =
s Output: Vector Space 2 9(embeddings

Model of words Projection layer the cat sits on the | mat

| J J
| |

context/history h target w,

https://www.tensorflow.org/tutorials/representation/word2vec
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High-Dimensional Data

m Image features
m Natural language processing

m Gene expression data
s Dimensions: genes
s Samples: experimental conditions / species /...

1 - [} .1'
ik ¥ o e o 4 e S s !-‘-..."‘..d.::.- ke

b = ik i ' | . o 4l - - i 5 L

e

http://cancerres.aacrjournals.org/content/64/23/8558
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Curse of Dimensionality M

m Efficiency of many algorithms depend on the number of dimensions

m With increasing number of dimensions, data becomes sparse

m Distances increase

s Nearest neighbors?
s Anomalies? °© | .

)
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Curse of Dimensionality M

m Efficiency of many algorithms depend on the number of dimensions

m With increasing number of dimensions, data becomes sparse

m Number of required training samples grows exponentially with the
number of dimensions

s Rule of thumb: 5 samples o
O

per dimension minimum %
@, Y )
m Visually inspect the features! 00 m o
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Recap: Multivariate Data Visualization Techniques

m Example: Iris dataset

m 3 species:

Wikipedia: Iris flower data set

s 50 samples per species
m 4 features: length and width of sepals and petals
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Multi-Dimensional Data Visualization Techniques

Parallel Coordinates

Scatterplot Matrix Chernoff Faces
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Scalability problems!

—— setosa
—— versicolor
—— \irginica
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Example: Scatterplot Matrix m

19 dimensions ~100 dimensions

cd[ pai tri jou com gre bin mea mon pro wac ep[ age pos pos ear ewva lon cli

2, - e S

[Yang et al., 2003] é
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Approaches M

m Feature selection

m Selecting a subset of existing features without a transformation
s Using multi-dimensional data visualization techniques
m Feature extraction
s Transforming existing features into lower dimensional space
s Using 1D / 2D (/3D)/nD visualization technique
m Hybrid approach
m Selecting a subset of existing features

s Transforming feature subset into lower dimensional space

Manuela Waldner 18



Feature Selection M

m Selecting a subset of existing features without a transformation

m Dimensions (or dimension pairs) are ranked based on
quality metric:

s Number of outliers

m Correlation between pair of dimensions
s Image-based

m ...

m Quality metrics can be combined
m Visualizing one / two / multiple dimensions of the samples

Manuela Waldner 19



Rank-by-Feature Framework

m Exploratory analysis of multidimensional data

m Based on ranking criteria, axis-parallel projections are ranked

s 1D ranking criteria: Normality or uniformity (entropy) of distribution,
number of potential outliers, number of unique values

Order by Score Overview Ordered List Make Views| Trarspose - | I o
[ Normality Ra| 3991 | Rank | Column Name Min| Q1(.. | Median| 3. | Max| Mean| Stdev| o] |=
: 1 UACC2837 2996 0198 0030 0262 1394 -0005 (0460
Omribus Mofents Test 2 UACCI30 2996 0094 0122 033% 29% 013 0418
3 LACCS02 2996 0223 0020 0191 1934 0024 0425
4 UaCCingsy -2986 -0.078 0166 0412 2512 0153 0478
5§ LACCI0N2 2996 0288 0000 0207 2083 0058 (0523
6 M33007 29% 0198 0068 0300 2875 0052 0508
7 SRSS 29% 0198 0010 0265 2830 0040 0519
8 HACCI273 -29586 0151 0104 0353 2533 0083 054 -
9 M3047 2996 0128 0086 0322 2995 009 0427 s
10 UACCOS! 29% 0223 0049 0278 2497 0005 0505 N
;268 11 LACCS03 29% 0223 M0 0191 2322 -0008 0387 _|
12 UACC3093 SN 2996 -0.30 0041 0270 2965 -0054 061
13 wM1791C 2996 0151 0122 0419 2995 0118 0568
14 UACC2534 29% 0323 0117 0215 29% 0079 0572
15 M32.001 WAEN 299 0323 0030 0166 2582 0073 0562
16 HACCS27 i -2 996 0261 0030 0300 2023 -0001 055
17 Had 2996 0446 0105 0191 2110 0153 0579
18 UACCIS29 29% 0223 0010 029 29% 0032 0544
19 LACCIZS6 Sl 255 0235 0058 033 2780 0047 0534 3 53
20 A3 ) 23% 0274 0030 0378 2743 0005 0541 B
2N TCMA 2996 0371 0185 0182 2562 0170 0616 ﬂ
A% [nda Talal N lnd NoAdA™ A0 (el bl Tn [a e [nla nE™MN

Manuela Waldner 20 [Seo and Shneiderman, 2004]



Rank-by-Feature Framework

m 2D ranking criteria:

s Correlation coefficient, least squares error for linear regression /
curvilinear regression, number of items in region of interest,
uniformity of scatterplots

Order by : scores Overview Ordered List Make Views | Y r
[Correlation Coefficient ~| |HOMEVALUE2000 osse | Rank| X axis | axis |__Score < [a] g
o  INCOME1999 118 PRCNTES+ POPDENSITY2000 N
Linear correlatiphbetween two vars PRCNTCOLLEGE2000 119 PRCNTES+ BELOW18 0,178
| PRCNTHSGRADS2000 120  FARMACRES  POPCHANGE 0190}
121  FAAMACRES  INCOME1939 [ -0.10q]
LIFEEXPECTANCY 122 PRCNTES+ INCOME 1339 [ 0,207 g
qDies tre B AN |
POPCHANGE | 0237 =
125 POVERTY1393 BREASTCANCER EERZA =
POPDENSITY2000 {26 LUNGCANCER PRCNTCOLLEG.. YA Z
. |BELOW18 127 POVERTY1393 POPCHANGE [ 027 =
128 PRCNTES+ PRCNTCOLLEG... 0,203 o

BERRNEMPLOYE. 193 LUNGCANCER PRCNTHSGRAD
Pﬂfmi'éﬂ‘:;a {30 POVERTY!3 PRCNTCOLLEG. .
131 PRCNTES+ POPCHANGE
POVERTY1933] |132  PRCNTES+  HOMEVALUEZ000
133 POVERTY1999 HOMEVALUE2000
134 PRCNT&S+ PRCNTBELOWIS
POVERTY1993  INCOME 1593
LW v 1Y FHLMN ol

-4 59

FOVERTY1393

s
5 .

0706
> POVERTY1993
v -> PRCNTHSGRADS 2000
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Interactive Dimensionality Reduction

m Predefine number of dimensions to be visualized

m Based on quality metrics

| = Select Number of Variables -E),

<]
= | .. Information lost (%) —“
: [

i .

Pattein wei
Cluster

m Correlation between
dimensions

wi capita. Intam ltuu C Official N‘sh:b' n dimcd  Exdernal de b‘L B&adthrmd bt &Ml par capita, Inflation, GDF &Hhu ll‘l Esa twh I-ﬁ: P {cumant GNI, AHas GMI, PPP( Fepulation,
(ulu par 1 ple) developmant mtancas m-MII. net  total (DO g { ANz mathed ( Awflatsr e (% of G uss) mathad [ auitent tetal

--qjums.u.o 1) s () wwmawwamwr-p& (7 6w cja- @) Ame S M C T s (D) ame

m Preservation of outliers
s Cluster quality

m Assigns importance to
each dimension

Number of displayecf variables

'[Johansson and Johansson, 2009] é
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Class Consistency

m Given: points in high-dimensional space with external class labels

m Class consistency: classes are mapped to regions that are visually
separable (~ ratio of data points closest to their class centroid)

m Example: N . :
s 3 classes of wine (color) . . at ..,
. . . 8 . | ® Ve ..?:. E . .. *
s 13 attributes describing REERYES S A b .,,5:.:, T
EF’* ¢ '.:‘ o« o’ B Emu_
chemical properties w-g; . 2 - ﬁ:fl
LY é‘o. o o . "
1 - e @ S o B B0 o o008
:dx'.'::f.‘ ’
(a) DSC=90 (b) DSC=49

[Sips et al., 2009] é
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Feature Extraction M

m Transforming existing features into lower dimensional space

m Dimensionality reduction
m Linear
m Non-linear

m Using 1D / 2D (/3D)/nD visualization technique
m Interactive visualizations can be used to steer feature extraction

Manuela Waldner 24



Dimensionality Reduction

m Linear projection

m Linear transformation projecting data from high-dimensional space
to low-dimensional space

s Example: find subset of terms accurately clustering documents

s Techniques:
s Principal component analysis (PCA)
s (metric) multi-dimensional scaling (MDS)

Manuela Waldner 25



Singular Value Decomposition (SVD)

X =Uxv?T
m U: term-concept matrix

m V': concept-document matrix

m k largest singular values and
corresponding singular vectors

from U and V/:

m Concepts are base vectors of
semantic space

m Latent semantic indexing =
dimensionality reduction by SVD

Manuela Waldner 26
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Principal Component Analysis

m SVD on centered data

m Projecting data onto lower dimensions (= principal components)

m First principal component: as much variability of the data as
possible

m Principal components are orthogonal W]

Wikipedia:

. . | SRR A 5y U PSR SRRt SUSURUUVE SOOI SURTRNOS SRR
principal | | | |
COMPONENt —4
analysis _ I S S S S S S

-8 -6 -4 =2 0 2 4 6 8 10
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Visualization of Projected Data

. ‘.. * ,". L3 N
[tem n Item n L) RE 5

m Scatterplot visualization: [Brehmer et al,, 2014]

s Color-coded according to classes

(if available)
s Well suited to:
s Detect / verify / name clusters S . . .
s Detect outliers . ..' ST T

s Match clusters and classes
http://projector.tensorflow.org/

m Example: Iris data set (PCA)
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PCA with Star Glyphs (Iris Dataset)

Manuela Waldner 30
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Interactive PCA-based Visual Analytics m

PC1
Projection Eigenvectors
. V]
onto first ~ " as parallel
two 0 coordinate
eigenvectors axes
PCa []
PC5 [
Dimensions
Of the PCs []
original data .
Pearson
mcg gvh lip chg aac alm?1 alm2 lg.qa |T.;L : : z o ;;i Correlation
[Jeong et aI., | | | | 0-.-3? 0:02 :;.31 hg D‘ E——— Of Va ria ble
EuroVis 2009] E p22 po7 po7 J004 fa wine. ,,.,g .
. . - D40 P17 P10 001 p28 Rl ,ﬁ pa | rS ﬁ
Manuela Waldner 100% 100% 100% 100% 100% 100% 100z |D17 012 006 =005 P25 im2 | .




Star Coordinates M

m Curvilinear coordinate system

m Iltems represented as points: c C
8
s Sum of all unit vectors on each C,
coordinate u; = (Uy;, Uy;) dp ds
o | d
= Multiplied by value of data element 7 Z ’
d; for that coordinate Cs
O P-(x y) = .
: - Cs dis
Ox T Zl 1qu( ji — mlni); KCJ/
: d di
0, + i 1uyl( i mmi) _ Cs A

[Kandogan, 2000] é
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Star Coordinates

® setosa

0 I”S dataset' ® versicolor

petal length (cm) .
@ virginica

petal width (cm) zepal length (cm)

zepal width (cm)
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Star Coordinates M

m Transformations of axes:

s Scaling length of axis

origin
— changing contribution e\
. . L5 TR
of dimension % AN
s Rotation of axis vector
. - :'h.r
—> change correlation SRR I
with other columns T
s Switching off coordinates R B T
- “feature selection” T et

[Kandogan, 2000] é
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Dust & Magnet

= pust & Magnet [Zlﬁl E| £ Control
file View Magnet Help

m Dimensions: magnets

. M ¢ roduct 19
m Items: dust particles H—

m Based on attraction .
forces Fop —

®
o " °
o ° Cereal |Product 19 [Total Whol... Special K
Manufactur..Kellogg's  |General Mill Kellogg's
L] ype |Cold (Cold Cold
® e g o ies 100 100 110
3 |3 6
X 0 1 0
° . 320 200 230
... ¢ iber(@) 1.0 3.0 1.0
* o o Carbohydr... 20.0 16.0 16.0
o9 o [] Sugar(g) |3 3 3
® Potassium... 45 110 55

Vitamin (%) |100 |100 125

Sugar

[Ji Soo Yi et al., 2005] #
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Dimensionality Reduction

m Linear dimensionality reduction
s Assumes that there is a lower dimensional linear subspace
s Finds a linear projection of the data
m Non-linear dimensionality reduction

s Low-dimensional surface embedded non-linearly
in high-dimensional space (,,manifold®)

m Preserves the neighborhood information

s Locally linear

,,SWiss roll“

s Pairwise distances http://scikit-learn.org
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Pairwise Similarities m

m Cosine similarity: T
m Corpus is represented by a set of vectors in vector / /ﬁ/}fi‘"ﬂ
space (axes: terms) /’%}/
= Document similarity is defined by cosine similarity o ——"1"7,.
between the document vectors Cosine similarity usteated. s(ds dg) — cos

http://nlp.stanford.edu/IR-
book/html/htmledition/dot-products-1.html

m Document similarity matrix

Im5
060

ocument

21 M 1818 Y6514 1311w I & T 65 43 2 0
NN EEN ]
I Y ||

-§_ NN SN e

IIIIII HNEENEEEE EEE BN
HEEN

: INNEEN NN NN EEE

B0 a2

https://github.com/utkuozbulak/unsupervised- :
learning-document- =
clustering/blob/master/README.md
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Multi-Dimensional Scaling m

m Computation of low-dimensional embedding Y
that best preserves pair-wise distances between
data points X

m Cost = Zl<](dl] — 51])

2

O dij: Xi—Xj

" O = ||Vi —Yj

https://github.com/utkuozbulak/unsupervised-
learning-document-
clustering/blob/master/README.md

m Euclidean distances: MDS equivalent to PCA

Manuela Waldner 39 #




Visual Analysis of Dimensionality Reductions

m Example: OECD
countries:

m 36 countries

g 8 dimensions

MDS projection

Manuela Waldner
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[Stahnke et al., 2016] j




Visual Analysis of Dimensionality Reductions

m Inspection techniques: dimension heatmap on projection

Manuela Waldner
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EQHE i tion Desplay dendrogra

!!!!!!!!
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‘ Educational attainment

" ‘ Employees working very loi
. Life expectancy

r Life satisfaction

l Self-reported health
‘ Student skills

. Time devoted to leisure an
‘ ******* education

rm | Display errors € Display labels

ng hours

d personal care 1342

[Stahnke et al., 2016]
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Visual Analysis of Dimensionality Reductions M

m Inspection techniques: projection errors

White traces: .
higher similarityin\.A o

high-dimensional -
space

Gray traces: lower

similarity in high-
dimensional space .

Manuela Waldner 42 [Stahnke et al., 2016] j




Visual Analysis of Dimensionality Reductions

m Inspection techniques: comparison of group selections

Manuela Waldner

South America 3 samples
Northern Europe 9 samples

Educational attainment 50 77
Employees working ve... 18 6.2 Elisi
Life expectancy 75 81 o |
Life satisfaction 71 7.4 Vs
Self-reported health 65 77 1
Student skills 420 500

Time devoted to leisur... 14 15

Years in education 16 19

43

[Stahnke et al., 2016]
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m t-Distributed Stochastic Neighbor Embedding

m Input: matrix of pair-wise similarities

s Similarities presented as joint probability matrix P:

_exp(— |[xi—x; |* /26%)
Yiz1exp(— || xg—x; || /202)

Pij

s Low-dimensional conditional probability matrix Q using Student-t
distribution: 2\ —
(14 lyi—y; II7)~

g = _
S Tk (4 e =y )

[van der Maaten and Hinton, 2008]
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m Goal: find a low-dimensional data representation that minimizes
the mismatch between p;; and q;

m Minimization of sum of Kullback-Leibler divergences over all data
points using a gradient descent method:

i
C=KL(P| Q)= ):):;;Ejmgq—f.

m Can be implemented via Barnes-Hut approximations

[van der Maaten and Hinton, 2008]
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Tensorflow Embedding P
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rojector: word2vec 10K

Search by

molecule ~ male * word ~

word molecule

count 501 neighbors @ @ 10c
distance COSINE EUCLIDEAN

Nearest points in the original space:




Hybrid Approaches M

m Dimensionality reduction often unwanted because domain
knowledge is required to understand which dimension
combinations make sense

m Combination of feature selection and feature extraction
m Feature selection:

m User selection based on visual analysis

s Quality metrics
m Feature extraction is performed on selected dimensions
m Using multi-dimensional data visualization techniques
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Example: SeekAView

m Example: 1995 US FBI Crime report (147 dimensions, 2000+ items

SeekAView W Sort: Entropy aFiIter_ Selection Shape (KLD) 9 -. clear focus Mode: Replace B auto scale || cluster Stack; (= " | ViolentCrimesPerPop
| : 4
F 5 [
FaACepetDiacK e 2 Scale: Log B
[ | . e | et i Log
& COMMmUNTyTama sate RemtHighQ racePHisn MegRant PatimmicRecid PaBornSamestate Rertedian CnDcclowQuent PovacMoreiMos
fracePctHisp rem. from view
rracePctWhite ProusOwnOcc FetForeignSarn PeCmimigRacl OwnDocMacval PotParsCwnOooUp : rabobPerPog PrEmpiMan OwnOccHICuan MecOmnCestPriing PriSameHousess quartiles
'RacialMatchCommPol show selection
FemalePetDiv PctusaPubTrars MalePctDivorce TotaPoaD pawinving Petiosiiar PoHousNoPhone RentLowQ PoHousless 38R PeimmigRecs delete
rapes
rapesPerPop BctCeoupMartProl PrmvatHSGmac PoOcauEMany Prfamarer ActUnemployed FoameCtyes astaulRerPos PaWorkMom raEOCIACK PaEmpiay
RentHighQ T ] 1 _nth. P U U U . B
PeritSorMare assauts PriPoplnceroy MedRertPciHousing PetRecimmics PetRecimmicd PersPerilentOoHos autoThe’t Rumimmig racePctAsian
RentLowQ
I - _d~, | e i ] i i 4 {
RentMedlan Prriacentimmic PetRecimmig 10 BotioriMar YoundKids meaFaming PerTeoniPar PovacamBoarcec . POUlmmagRecent PatasBormiverMar robbecies oW Waoe ]
D> |
RentQrange y_ - | e _ SR | A bl
MR aheaiar autaThenPerFo arEansPerPan owndccQrange PotLessinGrace HousVacing W, VowiCrmePefon @  pHCADING PerYOURGRQSIFH rabesPePIn
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Predictive Models

Machine Learning Techniques p .
UNSUPERVISED p
LEARNING
Group and interpret ﬁ CLUSTERING }
e \ Prediction of
MACHINE LEARNING discrete
) CLASSIFICATION responses
SUPERVISED \
LEARNING
el by o oo Prediction of
input and output data .
. REGRESSION continuous
Model trained on known ) { responses

input and output data to
predict future outputs

4\ MathWorks
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Predictive Visual Analytics M

m Why do we need visualization?
s Evaluate: Validation and comparison
s Train: Model improvement and training

s Make predictions
s Al interpretability and explainability
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Predictive Visual Analytics M

m Why do we need visualization?
s Evaluate: Validation and comparison
s Train: Model improvement and training

s Make predictions
s Al interpretability and explainability
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Evaluation of Classifier Accuracy m

m Confusion Matrix

Confusion matrix, without normalization

12
setosa 0
10
]
=]
o .
o versicolor
[~
=
-4
virginica - 0 L5
T —-0
setosa

T
versicolor virginica
Predicted label

https://scikit-learn.org/stable/auto _examples/model_selection/plot_confusion_matrix.html
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Training point e

Testing point e

https://scikit-learn.org/stable/
auto_examples/classification/
plot_classifier_comparison.html | &

Manuela Waldner

Evaluation of Classifier Accuracy: Scatterplots

Input data

Nearest Neighbors Naive Bayes Linear SVM




Convolutional Neural Networks

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected
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Convolutional Neural Networks

Feature maps

What has the network learned?
* Similarities
e Qutliers

* Ambiguities

Convolutions Subsampling nnected

Nicolas Grossmann 57



Inspecting Training Effects [Rauber et al. 2016]
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Predictive Visual Analytics M

m Why do we need visualization?
s Evaluate: Validation and comparison
s Train: Model improvement and training

s Make predictions
s Al interpretability and explainability
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Train Naive Bayes

Class 1

Class Associations

I N N N B O
0.4 0.2 0.1 0 0.1 0.2

Class 5

Class 2 -

Class 4
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Train Naive Bayes M
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Predictive Visual Analytics m

m Why do we need visualization?
s Evaluate: Validation and comparison
s Train: Model improvement and training

s Make predictions
s Al interpretability and explainability

The extent to which a cause and effect The extent to which the internal

can be observed within a system mechanics of a machine learning system
can be explained in human terms

Manuela Waldner



Interpretability M

m Partial dependence plot

m Assessing influence of a feature on the prediction
s Shows marginal effect a feature has on predicted outcome
s Based on averages in training data:

Q o O
8 3 o
& = S 3 S = Bl & & S B 5
=T M 5 ¥ =T (18] 6 c =T i} E c
- )0 ol 20
a 20 100f L | 130| H |
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Partial Dependence Plot

4000 -

2000 +

Predicted number of bikes

Manuela Waldner

0 10 20 30
Temperature

4000 -

2000 +

N

L M

0O 25 50 75 100
Humidity

4000 -

2000 +

| I

0 10 20 30
Wind speed

https://christophm.github.io/interpretable-ml-book/pdp.html
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Interactive Partial Dependence

m Interactively testing scenarios:

Age

Manuela Waldner

BMI

68

Glucose

EEEE Risk

[Krause et al. 2016]
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Interactive Partial Dependence
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SIEMELIIY,

m Feature visualization:

Edges (layer conv2d0) Textures (layer mixed3a) Patterns (layer mixed4a) Parts (layers mixed4b & mixed4c) Objects (layers mixed4d & mixedde)

Feature visualization allows us to see how GoogleNet[], trained on the ImageNet[2] dataset, builds up its understanding
of images over many layers. Visualizations of all channels are available in the appendix.

Manuela Waldner 20 https://distill.pub/2017 [feature-visualization/ é



SIEMELIIY,

m Feature visualization:

Dataset Examples show
us what neurons respond
to in practice

Optimization isolates the
causes of behavior from
mere correlations, A
neuron may not be
detecting what you
initizlly thought

Baseball—or stripes? Animal faces—or snouts? Clouds—or fluffiness? Buildings—or sky?
mixedda, Unit & mixed4a, Unit 240 mixedda, Unit 453 mixvedda, Unit 492

Manuela Waldner 71 https://distill.pub/2018/building-blocks/ #



SIEMELIIY,

m Feature visualizations and attribution maps:

Manuela Waldner

For instance, by combining feature visualization (what is a
neuron looking for?) with attribution (how does it affect the
output?), we can explore how the network decides

between labels like hog and dalmatian.

CHANNELS THAT MOST
SUPPORT ...

feature vizualization of channel

net evidence

for "hog"

for "dalmatian” -2.13 -0.56

HOG ¥

1.77 1.85

1.10 -1.18

-0.67 0.67
72

used to classify a "hog". A
dot detector is contributing
highly to a "dalmatian”
classification.

DALMATIAN ¥

209 295
-0.94 146
115 1.49

https://distill.pub/2018/building-blocks/




Visual Data Science - Summary M

m Data exploration / scalable visualization

s Perceptual scalability: model-based / aggregate visualization

s Interactive scalability: online aggregation, aggregate queries, data tiles
m Feature engineering / high-dimensional data visualization

m Feature selection

s Feature extraction (dimensionality reduction)

s Hybrid approach
m Predictive visual analytics

s Supervised machine learning (regression, classification)

s Evaluation, training, interpretability & explainability

Manuela Waldner 81
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