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Reducing Data by Filtering




Learning objectives

* Explain the tradeoffs of when to filter, de-emphasize, or aggregate
* Predict what a set of filters returns when combined with AND or OR

* Explain how brushing and linking filters coordinated views

* Recognize when filtering manufactures a finding, and guard against it




why reduce?

* Too many data items and/or too many attributes to focus on what is
important in the data




Filter vs. de-emphasize vs. aggregate

* Filter: remove items; simple, but context is gone

 De-emphasize: grey out the rest (focus+context)

* Aggregate: keep everything, summarized

Original (two groups)

Filter: remove

De-emphasize: grey out
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Aggregate: bin

Munzner 2014



Reducing Items and Attributes
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Filter

* Elements are eliminated to support
dynamic queries
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» Couple encoding and interaction, so S==== » S====
that the user can immediately see the ~ =====
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Filtering today: Our World in Data

Life expectal‘lcy 2023 SELECT COUNTRIES AND REGIONS Sea rch bOX

Period life expectancy is the number of years the average person born in a certain year would live if they experienced the same Q_ Search for a country or region
chances of dying at each age as people did that year. text fl Ite r

Tl Sort by: Life expectancy, 2023 v 5

Y Filter by type: All (210) v Filter by type

United States 79.3 Categorical

Monaco 86.4

San Marino 85.7 ChECkbOX IiSt

Table S Map |~ Line [ Bar

Japan 84.7
S " pick items; sorted, so also top-k
Andorra 84 . .
Switzerland 84 TI me SI Id e r
pustel 2 range filter on year
Singapore 83.7
“ Map/Line /B
ap / Line / Bar
Nodata 50years 55years 60years 65years 70vyears 75years 80 years Spain 83.7 . . .
w2 e — T same filter across linked views
Liechtenstein 83.6
> 1543 @ 2023
France 83.3
Data source: Riley (2005); Zijdeman et al. (2015); HMD (2025);_ UN WPP (2024) - ]
OurWorldinData.org/life-expectancy | CC BY S Beniioadly B i2haicl Bo Bt hecien Norway 83.3

Our World in Data, Life expectancy


https://ourworldindata.org/grapher/life-expectancy?tab=map

Kinds of item filters

* Range: sliders on quantitative attributes (year, price, rating)
e Categorical: checkboxes, toggles, clicking legend entries

* Text search: match names or keywords

* Top-k and threshold: "the 10 largest”, "only p < 0.05"

* Derived attributes: filter on something computed, e.g., "rated above its
genre's median"

* Visual selection: brush a region of a plot or map




Combined Filters

(x19 - = ‘o v 9
s it =T =T
= - N Fme 8 Indiana Jones & the Last Crusade
7 ) S - R R Goldfinger N-moomonm The  Thunderball
- < —p® = - < 5 - TE™ > 8 s e ABCOTGHRMNINE T W2 * ”mwmﬂmm ASCOFGMMIFRS T WS
3 = - _mmmmew wER LS _;_7‘53‘-‘ Actor - ALL Highlander Actor : Connery, Sean
P - =" 2 | [ ; Red Tent, The P
ar W m ST e ST AD € OPGHIMM M T2 Untouchables, Thc ; a
| i SR = == TRss BT ETow | Actress:ALL ‘Longest Day, The "Grent Train Robbery, The Actress : ALL
- = o = Pon Saampsues |lax]pe—] o=
4 . = L - S - 5 .J':.?’s ABC OIGHELM PAS W2 Outland ABCDPMIMFRE WE
- - I a9 - w : ) Director . ALL
_ - - o e _ Dwector :ALL 6 Russis
- ; el - RN wi[— o WIth LOVE Tuan Who Would Be King. The =]
3 o'l  Alasrsi e S - AB € O FGM LM PR S TNE "z. oz & Marian ADC D PG A M TS WS
oy o, - = "3-“ cw.
s R R e - 0 Length 450 - Lenglh 269
- - - = S - .&; - s"-' ld l" O"!ﬂCG. Th‘ [—.’ h'
A RN s - 0 as0
- _ Sl et = 0 450 Sword of the Valiant
SR S o® - "R Ratings WG W PG Famly Bysiness Ratings ® G ™ PG
1 - o - B o (el s " e » PG-13% R o o PG-13w R
- 7 - 25 Tan= e 3 _:’ fi—-ge- Films Shown: 1455 Films Shown: 24
0 - R R L o 2 4 @@
1920 1925 1330 1935 1940 1945 1950 1955 1960 1965 1970 1975 1980 1385 1990 1995 1960 1965 1970 1975 1990 1985 1990 1995

sl Year of Production Comwiprd (€ ) 10 HER

e T T AT o

Jal  Year of Production Copwrert (C) 1953 MO

IR TN i v | ncvon | MR (SeeF | st IEETE

Ahlberg 1994


http://www.powershow.com/view/1595f5-MmY3N/Visual_Information_Seeking_Tight_Coupling_of_Dynamic_Query_Filters_with_Starfield_Displays_powerpoint_ppt_presentation
http://www.powershow.com/view/1595f5-MmY3N/Visual_Information_Seeking_Tight_Coupling_of_Dynamic_Query_Filters_with_Starfield_Displays_powerpoint_ppt_presentation

Dynamic queries: combining filters

 Year slider: 1980 — 1995

Jaws 1975 Thriller
* Genre: Action

Raiders of the Lost Ark 1981 Action + How do they combine?
Ghostbusters 1984 Comedy

Die Hard 1988 Action

Groundhog Day 1993 Comedy

Speed 1994 Action

Titanic 1997 Drama

The Matrix 1999 Action



Dynamic queries: combining filters

R T < o

* Yearin [1980, 1995] AND Genre =

Jaws 1975 Thriller Action

Raiders of the Lost Ark 1981 Action * 3 of 8 movies pass

Ghostbusters 1984 Comedy * Each added filter can only shrink
Die Hard 1988 Action the result

Groundhog Day 1993 Comedy

Speed 1994 Action

Titanic 1997 Drama

The Matrix 1999 Action



Dynamic queries: combining filters

I N T

Thriller

Jaws 1975
Raiders of the Lost Ark 1981
Ghostbusters 1984
Die Hard 1988
Groundhog Day 1993
Speed 1994
Titanic 1997
The Matrix 1999

Action
Comedy
Action
Comedy
Action
Drama

Action

OR (disjunctive)
* Yearin [1980, 1995] OR Genre =
Action
6 of 8 movies pass

Each added filter can only grow
the result

Common convention: AND across
widgets, OR within a widget
(checking two genres shows both)




Interaction via brushing and linking

* Brushing a range in one view filters every other view
* Grey bars keep the unfiltered distribution as context

e Try it: Vega-Lite crossfilter example (brush any chart)
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600 600 120
500 500 - 100
7 7 0
c = c
= 400 = 400 = 80
* 300 * 300 * 60
200 - 200 40
100 - 100 - 20-
0 F-FFI Y 1 1 1 1 0 T T T T T FEI!IE|=I=I=| T T T 1 0'_7_7_7_7_7_7_?_1_?-Hq-7.-7-.7..".7..7q
0 500 1,000 1,500 2,000 2,500 -60 =30 0 30 60 90 120 150 180 0 2 4 6 8 10 12 14 16 18 20 22 24
distance (miles) arrival delay (minutes) departure time (hour)

Becker & Cleveland 1987; crossfilter (Square, 2012); Vega-Lite


https://vega.github.io/vega-lite/examples/interactive_layered_crossfilter.html
https://vega.github.io/vega-lite/examples/interactive_layered_crossfilter.html
https://vega.github.io/vega-lite/examples/interactive_layered_crossfilter.html
https://vega.github.io/vega-lite/examples/interactive_layered_crossfilter.html

Filtering at scale: latency matters

* Dynamic queries only work if feedback feels immediate

* Prior work shows that adding 500 ms of delay made people explore
less

* Performance is part of the design, not an afterthought
* Linked brushing over millions of rows needs precomputation

Liu & Heer 2014



Attribute Filtering

Wang 2003



Choosing which attributes to keep
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scatterplots by shape (clumpy,
striated, outlying) Cars: all 15 attribute pairs ranked by |r|. Top row is redundant (cylinders, displacement, weight
move together); bottom row carries independent information.

Seo & Shneiderman 2005; Wilkinson et al. 2005



Scagnostics: ranking plots by shape

* Nine measures of shape, computed  ©Outlying Skewed Clumpy
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Tukey & Tukey 1985; Wilkinson et al. 2005



Controlling filtering: 2 approaches

Widget-based filtering Visualization-based filtering
search, type filter, checkboxes, time slider hover a legend bin to keep only that range
+ precise and discoverable + faster; your eyes stay on the data

SELECT COUNTRIES AND REGIONS

Q

Tl Sort by: Life expectancy, 2023 v 5

Y Filter by type: All (210) § 7 ’ <ab - 7
United States 79.3 \ ﬁ ‘, ] | ‘7 ~ v S
Monaco 86.4 N \D
San Marino 657 SN - ] Z
Japan 84.7 . A ,Jf - . &V, :_

South Korea 84.3 T B ‘

Andorra 84 3

Switzerland 84 ~

Austra lia 83.9

Singapore 83.7 Y

Italy 83.7 ‘No data 50 years 55 ﬁears 60 ﬁears 65 years 70 years 75 years 80 years

Our World in Data, Life expectancy grapher


https://ourworldindata.org/grapher/life-expectancy?tab=map
https://ourworldindata.org/grapher/life-expectancy?tab=map

Controlling Filtering: scented widgets

* information scent: user gets sense of data

* GOAL: lower the cost of information foraging through better cues

DatasetA |=
. DatasetB = ¢ [ LocationA 22)
‘ .  Datasel C ¢ [ Location B @)
| Option A  DatasetD [ Y LocationC @)
] Option B Dataset [ LocationD ®©)
Il I ' ! ol ] Option DatasetF | |
. swle’ =i ,,4 -”_-_- —=_ o -d =l —— | Datas.eto ;L Cfeatedby-'
| Option D alve of dataset admin member visitor
I I0n. sorvisis 18 recency rating  ordered rank v visited (3) number of edits

Willett 2007



Controlling Filtering: interactive legends

e controls combining the visual representation of static legends with
interaction mechanisms of widgets

* define and control visual display together
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Careful to show what was filtered out

e Say how much is hidden: "54 of 392 cars shown"
* Keep filtered items as faint context when there is room

* Show active filters as removable chips

Filtered silently Filtered with context
Which cars? How many are missing? o 54 of 392 cars shown
45 1
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But filtering can manufacture findings...

* xandy are pure random noise
* Trying combinations of age, region, and income filters finds a subset with r = -0.55

* Every filter you try is an implicit hypothesis test: try enough and you will find a pattern

All 300 points: r =-0.02 Age 28-41, region E, income 2 $25k: r =-0.55 (n = 16)

y (random noise)
o .
y (random noise)
[ ]
[ ]
o °
° [ ]
[ ]
&
[ ]
[
[ ]
[ ]
[ ]

x (random noise) x (random noise)

/Zgraggen et al. 2018



Guarding against false findings

* |In a user study, most "insights" reported during visual exploration were false
discoveries

* Remedies
* Decide the question before you start filtering

* Hold out data: explore on one half, confirm on the other
e Count your looks: report how many filters and views you tried

* Treat a filtered pattern as a hypothesis, then test it

/Zgraggen et al. 2018



Takeaways

* Reduce by filtering (remove), de-emphasizing (keep as context), or aggregating
(summarize)

* Filters combine: AND across widgets, OR within a widget

* Dynamic queries need immediate feedback

* Filter attributes like features: drop constant and redundant ones

* Widgets are precise; visualization-based filters are fast & in context
* Always show what was filtered out

* Every filter is a hypothesis: confirm before you report

* Next: aggregation
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