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What influences the heating behavior of people?

What do people eat?
Health Psychologlsts

z o*: Motives for particular dish?
Peter
Emma

? Impact of surrounding?




Background and Dataset
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Visual Data Exploration

O User interaction

Visualisation

Mapping

Transfarmat on

Model

visualisation

Model
building

Data

mining

Models
Parameter
% refinement

Automated Data Analysis

Knowledge

Feedback loop

Q Automatic handling and aggregation of mixed data types
G Simplification of complex data transformations

! Automatic pattern identification and highlighting

@' Automated reliability analysis (of visual patterns)
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Comparison of different meal types
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Comparison of different meal
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Comparison of different meal types
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Comparison of different meal types
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Comparison of different meal types
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Comparison of different meal types
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Subspace with mixed data types
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Subspace with mixed data types
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Interaction within the SMARTable

Select Properties of the Visualization Information about the current dataset

Select Dimension to Aggregate Select Dimension *

« Dataset Name: smartfood2012-vast-english-for-smanexplore

25 -158-- 2 _yast for-sm e
Select Dimension 2nd Aggregation [0pional] 0 BTCTEaEToN . + Database Name. 2018-07-25-15-46-18—-smartfood2012-vasi-english-for-smartexplore

ADD EMPTY DIMENSION GROUP

REMOWVE SELECTION

19



Normalizing Strategies

Normalize per dimension -- Useful for dimension with different scale
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Drill-down: Stacked SMARTable
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Drill-down: Stacked SMARTable
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Similarity Search
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Reliability of visual patterns

rank 1-100
rank 101 - 200
rank 201 - 300
rank 301 - 400
rank 401 - 500
rank 501 - 600
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rank 901 - 1,000

rank

rank
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Can we trust the patterns which we perceive?
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keal [737.98,982.56[ (10.5%)

above 1000 kcal (4.396)
motive TN, ingredients

Visible patterns

- (linear) correlation between kcal and all nutrition

- meals with low calories are related to the motive health and weight control
and the ingredient is mainly fruits
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Statistical significance of a dimension

Are all these descriptors i
significantly different from each other? — l

Typical example: ANOVA
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Statistical significance of a descriptor
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|s this descriptor significantly different
from the entire dimension?

Typical example: t-test

)
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Statistical significance of descriptors and dimensions

kcal [4.25,248.83[ (19.6%)
keal [248.83,493.40[ (40.0%)
keal [493.40,737.98] (25.5%)
keal [737.98,982.56[ (10.5%)

above 1000 kcal (4.336)

motive nutrition ingredients
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Assumption-based (automatic) selection of statistical test

NUMERICAL DIMENSION

Independent samples Dependent samples
DISTRIBUTION «olmogorov-Smimov DISTRIBUTION kolmogorov-Smirmov DISTRIBUTION kolmogorov-Smirmnov DISTRIBUTION kolmogorov-Smirnov
- Mann-Whitney . Kruskal-Wallis . : _ ) ; K
arbitra ry Effect size: corr. coeff. r arbltrary Effect size: corr. coeff. r arbitra ry ggggf;é?clﬁstcoeﬁ. r arbitra ry E;Lec?glae?c;rgioeﬁ. r
; T-test, independent : ANOVA
homoscedastic homoscedastic . . - R m. ANOVA
normal EﬁeTt rs]\ze: Cohens d normal ! Effect size: partial Fta? normal gﬁgisgzgegfhlﬂggt normal yes Ef?e[:)c?:tzi:dpamal Etg
. Welch Test q Brown-Forsythe Test !
heteroscedastic Effect size: Cohens d heteroscedastic Effect size: partial Eta? no Eﬁl;{tngz_;?)lgial Eta?
Le test '
VARIANCE Levene test VARIANCE teveneles SPHERICITY Mauchly-Test

(only when samples small / different size)

SIGNIFICANCE OF ONE DESCRIPTOR SIGNIFICANCE OF ONE DIMENSION SIGNIFICANCE OF ONE DESCRIPTOR SIGNIFICANCE OF ONE DIMENSION

« Appropriate test is automatically selected by data/distribution properties
« Based on the rules by Andy Field [1]
« Similar rules for categorical and binary dimensions

1] A. Field. Discovering statistics using IBM SPSS statistics. sage, 2013 31



Future Work based on expert user feedback

» Support hypothesis generation
by including automatic algorithms e.g., subspace clustering

- More data types

e.g., time series, etc.

« Layout flexibility
change back and forth between classical approaches and the SMARTable

- Data analytical provenance
add explicit gallery view
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