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Assignment 5

e Available soon

e \Nork with time series and spatial data
e Shorter assignment

e Due at the end of the semester
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Graph Data

e Fach vertex or edge may have properties associated with it
e May include identifiers or classes

Person Person

name = '"Tom Hanks' name = 'Robert Zemeckis'
born = 1956 born = 1951

ACTED_IN
roles = ['Forrest’]

title = 'Forrest Gump'
released = 1994

DIRECTED

[neo4]
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https://neo4j.com/docs/developer-manual/current/introduction/graphdb-concepts/

Time Series Data

US Treasury bill contracts Australian electricity production
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https://robjhyndman.com/seminars/uwa/

Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Today: Spatial Data

rack hurricanes

Track phytoplankton populations

[L. Battle, 2017/]
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https://courses.cs.washington.edu/courses/cse512/18sp/lectures/CSE512-Interaction.pdf

Split-Apply-Combine

Split Apply Combine
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[W. McKinney, Python for Data Analysis]
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Types of GroupBY in pandas

e Aggregation: agg
- n:1 N group values become one value
- Examples: mean, min, median

* Apply: apply
- n:m N group values become m values

- Most general (could do aggregation or transform with apply)
- Example: top 5 In each group, filter
e [ransform: transform

- n:n N group values become n values
- Cannot mutate the input

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 7



Time series data

e [echnically, it's normal tabular data with a timestamp attached
e But... we have observations of the same values over time, usually in order
e [his allows more analysis
o Example: Web site database that tracks the last time a user logged In
- 1: Keep an attribute 1astLogin that is overwritten every time user [ogs In

- 2: Add a new row with login information every time the user logs in
- Option 2 takes more storage, but we can also do a lot more analysis!

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 8



Features of Time Series Data

® [rend. long-term increase or decrease in the data

e Seasonal Pattern: time series is affected by seasonal factors such as the time
of the year or the day of the week (fixed and of known frequency)

e Cyclic Pattern: rises and falls that are not of a fixed frequency

e Stationary: no predictable patterns (roughly horizontal with constant variance)
- \White noise series is stationary
- Will look the basically the same whenever you observe it

[Hyndman and Athanosopoulos]
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https://otexts.com/fpp2/

Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Time Series Data

US Treasury bill contracts Australian electricity production
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Dates and [imes

e \What is time to a computer”?
- Can be stored as seconds since Unix Epoch (January 1st, 1970)
e Often useful to break down into minutes, hours, days, months, years...
e | ots of different ways to write time:
- How could you write "November 29, 2016"7
- BEuropean vs. American ordering...
e \\Vhat about time zones”

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 11




Datetimelndex

e Can use time as an index

e data = [('2017-11-30", 48)

('2017-12-02", 45)
44)
48)

4

~

('2017-12-03",

('2017-12-04",
dates, temps = zip(*data)
s = pd.Series (temps, pd.to datetime (dates))

L] %

e Accessing a particular time or checking equivalence allows any string that
can be interpreted as a date:

- s['12/04/2017']1 Ors['20171204"]
e Using a less specific string will get all matching data:
- s['2017-12"] returns the three December entries

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 12



Timedelta

e Compute differences between dates

e | vesS IN datetime Module

e diff = parse date ("1l Jan 2017") - datetime.now() .date ()
diff.days

e AlsO a pd.Timedelta Object that take strings:
- datetime.now () .date() + pd.Timedelta ("4 days")

¢ Also, Roll dates using anchored offsets
from pandas.tseries.offsets import Day, MonthEnd

now = datetime(2011, 11, 17)
In [107]: now + MonthEnd(2)
Out[107]: Timestamp('2011-12-31 00:00:00")

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 13



Time Zones

e \\Vhy"/

e Coordinated Universal Time (UTC) is the standard time (basically equivalent to
Greenwich Mean Time (GMT)

e Other time zones are UTC +/- a number in [1,12]
e Dekalb is UTC-6 (aka US/Central)

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 14



Resampling

e Could be
- downsample: higher frequency to lower frequency
- upsample: lower frequency to higher frequency
- neither: e.g. Wednesdays to Fridays

e resample method: e.g. ts.resample ('M') .mean ()

freq String or DateOffset indicating desired resampled frequency (e.g., ‘M', '5min’, or Second(15))
axis Axis to resample on; default axis=0
fill_method How tointerpolate when upsampling, asin ' ffi11' or 'bfil1l"; by default does no interpolation

closed In downsampling, which end of each interval is closed (inclusive), ' right' or 'left'

label In downsampling, how to label the aggregated result, with the ' right' or ' Lleft' bin edge (e.g., the
9:30 to 9:35 five-minute interval could be labeled 9:30 or 9:35)

loffset Time adjustment to the bin labels, such as ' -1s' / Second( - 1) to shift the aggregate labels one
second earlier

limit When forward or backward filling, the maximum number of periods to fill

kind Aggregate to periods (' period") or timestamps (' timestamp'); defaults to the type of index the

time series has

convention  When resampling periods, the convention (' start' or 'end") for converting the low-frequency period
to high frequency; defaults to 'end'

[W. McKinney, Python for Data Analysis]

D. Koop, CSCI 490/680, Spring 2020
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Sales Data by Month
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Resampled Sales Data (ffill)
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Resampled with Linear Interpolation (Default)

22.5 - ﬁ
20.0 -

17.5 1

15.0 -

12.5 -
10.0
7.5 -
5.0 A

Jul Jan
2002

Jan Jul Jan Jul Jan
2001 2003 2004

Month

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 18




Resampled with Cubic Interpolation
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Piecewise Cubic Hermite Interpolating Polynomial
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90-Day Rolling Window (Mean)
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Rolling Window Calculations

128 | 7149|134 |11 3|8

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 22



Rolling Window Calculations

128 | 7149|134 |11 3|8

7.8
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Rolling Window Calculations

128 | 71419 (13|14 |11 3|8

7.8
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Rolling Window Calculations

128 | 71419 (13|14 |11 3|8

7.8 7.0
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Rolling Window Calculations

12871419 (134 |11 3|8

7.8 7.0
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Rolling Window Calculations
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180-Day Rolling Window (Mean)
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Data Cubes

J. Han, M. Kamber, and J. Pel

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University


http://hanj.cs.illinois.edu/bk3/bk3_slides/04OLAP.ppt

Data Cube: A Lattice of Cuboids

0—D (apex) cuboid

1-D cuboids

) w‘- : location,supplier
& 2-D cuboids
3—D cuboids

4-D (base) cuboid
[Han et al., 2011]
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Cube Operations

e Roll-up: aggregate up the given hierarchy
e Drill-down: refine down the given hierarchy
e Roll-up and drill-down are "inverses’

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 26



Spatial Data Exploration Motivation

L. Battle

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University


https://courses.cs.washington.edu/courses/cse512/18sp/lectures/CSE512-Interaction.pdf

Nanocubes for Real-Time Exploration of
Spatiotemporal Datasets

L. Lins, J. T. Klosowski, and C. Scheidegger

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University



Goal: Interactive Exploration of Data Cubes

".?" ':s}: ?" :

language

en none es |t

device
- iphone

app

twitter

2012-01-01 2012-04-01 2012-07-01 2012-10-01

Linked view of tweets in San Diego, US

[Lins et. al, 2013]
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Move to Another Location

language
en none 'es

N\

devi
Iphone

2012-01-01 2012-04-01 2012-07-01 2012-10-01

Linked view of tweets iIn Ensenada, Mexico |
[Lins et. al, 2013]
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IPhone vs. Android Map
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Zoom into Chicago

[Lins et. al, 2013]
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SuperBowl in Indianapolis

| e i [ otal count: 1,686,897 of 210,634,624
’% 1 S LR TR
. | . device
w ! WIiNndows
| a pad
= 5 3"} ' android
% , . iphone
none
5 | .
. S g
" -
, K *F

|

— . =0
| | | |
2012-01-01  2012-04-01  2012-07-01  2012-10-01

[Lins et. al, 2013]
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New Year's Eve In Manhattan

Total count: 2,052,349 of 210,634,624

device

windows
pad
android
iphone
none

I
2012-01-01

[Lins et. al, 2013]
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Aggregations on Spatiotemporal Data

e Spatial: e.g. counting events in a spatial region (world or San Fran.)
e [emporal: e.g. queries at multiple scares (hour, day, week, month)
e Seek to address Visual Information Seeking Mantra:
e Overview first, zoom and filter, details-on-demand
e Multidimensional:

- Latitude, Longitude, Time + more

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 35



Data Cube Aggregations

Relation = A Cube on Device, Language 5
Country Device Language ,
US Android en Country Device Language Count
US iPhone ru All All | All 5
South Africa iPhone en All A.xndr oid All 2
India Android en All 1Phone All 3
Australia iPhone en All All en 4
All All ru 1
i All 1Phone ru 1
Aggregation 5 All Android en )
Country  Device  Language  Count All iPhone en 2
All All All 5

Group By on Device, Language | C

Count Device Language Count .
& S8 Equivalent to Group By on

All Android en 2 _
All iPhone en 5 all possible subsets of
All iPhone ru I {Device, Language}

[Lins et. al, 2013]
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Nanocube Queries

e Representing natural language queries as data culbe queries

Natural language query S C t URL

count of all Delta flights R U R  {Delta} | R U /where/carrier=Delta

count of all Delta flights in the Midwest | R Midwest | R  { Delta} | R U /region/Midwest/where/carrier=Delta
count of all flights 1n 2010 R U D R 2010 | /field/carrier/when/2010

time-series of all United flights in 2009 | R U R {United} | D 2009 | /tseries/when/2009/where/carrier=United
heatmap of Delta flights in 2010 D tile( R {Delta} | R 2010 | /tile/tileO/when/2010/where/carrier=Delta

® S = space, ¢ = category, t = time
e R = rollup, D = drill down

o <value> after RD = subset of dimension's domain, U = universe
e Note that time queries are stored In an array of cumulative counts

[Lins et. al, 2013]
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Building a Nanocube

Five Tweets: Location and Device parent-child (same dimension):
1 _ 2 _ o1 3 _ proper | shared
01 o110 . .
o K . content (next dimension):
02 04 A o Q
~ ~~A;ndr0|d iPhone iPhone . proper shared :
® Os5 Android Android iPhone : b4
03 f : " O
facsce( ©) = Andror ; o] [%2f [o102] o rent step
. _ current ste
device Android 01 01 09 01 09 P
gdevice( ® ) = iIPhone 01 02 03 dimension
— boundar
14 4 1,0 - 0,1 1.0 = Y
spatiall spatial2 4 ’ ’ \CR \Q 5 \Q
00,11 | 01,11 | 10,11 | 11,11 - . ok - .
, 01, ,10 10,01 11,01 :
0,1 1,1 ;
& A 00,10 ;01,10 10,1(()) 11,10 n'
° ¥ 0001 | 01,01 | 001 | 1101 .. :
0,0 1,0 . : Android \iPhone iPhone’s  Android’s Android iPh *  Android,
’ ’ P Android IFnone . . f ndaroil IFnone \ iPh \ iPhone * s
00,00 | 01,00 | 10,00 | 11,00 N \ \ : Phgne  Aldroid é k Prone’ | e : :
_ VR y * ¥ : y
Indexing Schema 0o 03| o1 04| 01| loa| |01 02| |o3] los 09 03 O 01 o4| |01 03 04
S = Hgspatiallagspatiau]a [édevice]] 01 02 03 04 01 02 03 04 Os 01 05 03 05

[Lins et. al, 2013]
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Summed-area Table

e Fvery node in the previous figure stores an array of timestamped counts like
this:

0 1 2 3 4 5 6 / 3 9 10 11 12 13 time

query/tseries/1/3/4

start at bin 1, use buckets of 3 bins each, and collect 4 of these buckets

solve using... l

[Lins et. al, 2013]
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Building a Nanocube: Step 1

parent-child (same dimension):

— Five Tweets: Location and Device Q
proper | shared .
01 content (next dimension):
O
¥ O O
09 04
proper | shared
)
. > O
03 D
updated in
ldevice( O ) = Android current step
ldevice ( @ ) = iPhone . .
device( @ ) dimension
/ / boundary
____ ‘tspatiall spatial2
00,11 1 01,11 10,11 | 11,11
0,1 1,1 w/
00,10 H56)1,‘10 10,10 | 11,10 AndrOId 1
(@) (@) 1
= . 00,01 | 01,01 | 0,01 11,(.)1 :
0,0 1,0 .
00,00 | 01,00 | 10,00 | 11,00 I

Indexing Schema

S = [ [gspatial].) Espatial2]7 [gdevice] ]

[Lins et. al, 2013]
D. Koop, CSCI 490/680, Spring 2020 ;
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Building a Nanocube: Step 2

parent-child (same dimension):
—  Five Tweets: Location and Device Q
proper | shared .

O

01 : 2 0,1 “‘ content (next dimension):
® O u Y
0
1 04 ‘\‘ proper sharedc;)
[ ) s
) 1) 1
03 i 01,10 O
' updated in

gdevice( O ) = Android

current step
gdevice( ® ) = iPhone

dimension
boundary

_ gspatiall EspatialQ

00,11 | 01,11 L 10,11 | 11,11

Android iIPhone

0,1 1,1

00,10 |H1,10 ] 10,10 | 11,10
o K o)

°
00,01 | 01,01 | f0,01 | 11,01

0,0 1,0

00,00 | 01,00 | 10,00 | 11,00

Indexing Schema

S = [ [gspatial].) Espatial2]7 [gdevice] ]

[Lins et. al, 2013]
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Building a Nanocube: Step 3

parent-child (same dimension):

proper | shared

O

content (next dimension):
proper? shared?
v

updated in
current step

dimension
boundary

—  Five Tweets: Location and Device r

~ < Android iPhone ’

iPhone % 01
| j

_ _f_pguﬂ L lapatianz |

" amm"

’
>l ldevice( O ) = Android

00,11 | 01,11 | 10,11 | 11,11
0,1 1,1
$ . 00,10 f1,10 [ 10,10 f 11,10
[ ]
00,01 | 01,01 | ?o,01 | 11,01
0,0 1,0
00,00 | 01,00 | 10,00 | 11,00

Indexing Schema

S — [ [gspatiall 3 espatialQ]a [ﬁdevice] ]

[Lins et. al, 2013]
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Building a Nanocube: Step 4

parent-child (same dimension):

proper | shared

O

content (next dimension):
proper? shared
v

updated in
current step

dimension
boundary
—  Five Tweets: Location and Device r
01
¢ 5
()
L [9)
O3 5
edevice( ©) ) = Android
Edevice( o ) = iPhone
__1 gspatiall ! Espatia12 L
00,41 | 01,11 | 10,11 | 11,11
0,1 1,1
$ £ 00,10 [01,10 | 10,10 | 11,10
00,01 | 01,01 | fo.01 | 11.01
0,0 1,0
00,00 | 01,00 | 10,00 | 11,00

Indexing Schema

S — [ [gspatiall 3 espatialQ]a [ﬁdevice] ]

[Lins et. al, 2013]
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Building a Nanocube: Step 5

parent-child (same dimension):

proper | shared

O

content (next dimension):

‘ proper? shared?
@ O

updated in
current step

dimension
boundary
[~ Five Tweets: Location and Device '_
01
-\, ¢ X
/ _ Android iPhone 02 04
iPhone Android o
%,
ldevice( O ) = Android
Edevice( o ) = iPhone
02 3 5 0]‘ 04 01 02 __| fspafciall l_ Kspatia12 L
T —— 00,11 |1 01,11 | 10,11 | 11,11
0,1 sl
o £ 00,10 01,10 | 10,10 | 11,10
O1 O2 03 04 Og5 01 09 R el D
00,00 | 01,00 | 10,00 | 11,00

Indexing Schema

S — [ [gspatiall 3 espatialQ]a [ﬁdevice] ]

[Lins et. al, 2013]
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Nanocubes Discussion

® Save space by organizing the data in a manner that takes advantage of data
sparseness

e | mited to one spatial dimension, one temporal dimension
* Precompute once, then exploration has low latency
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Example: American vs. Delta

fps(1,10.60s): 29.00 28.30 26.10 #1asks: siacked liles =0

i I !

iseries =0

res_mem = 68M

pending liles =0

0 0.1 0.2 0.3 0.9
Ame,tica.n_,A N 29/9’1.;(‘)9-22 19h - 2008-04-05 22h S.um: 1140 Val: 0 Delta A 200_1 09’22 19h - 2008-04-05 22h Sum: 1208 Val: O
v H St John' St John
, $ y ‘1 ERIC A 3 $
» " . & ) .
Minneapolis’ ) : ‘ Minneapolis*® h . & JHalifax
| Chicago, ¥ . ' Sston
: Grsat Graat .
% , Sait [ake" Derr UENE. |l t e s <w York % _ Salt Lake oDermr U_nldi-t e A w -2w York
b . fad L 4 rmladelphaa fad g o 0 rmladelphla
san Francisco v Ollenta e ¢ .Na hington D.C. San Francisco. Vogas X St Nashington D.C
Los Angeles St 2 Los Angeles £STt apts l"h.. ’
San Dreqt Phoenid €l Paso @ ‘c aresion  Bermuda San Diege Phoenix JEl Paso D“l & 2 P aiesion  germuda
Hous'2q. Houstn, S
Mexico "\ Mexico q‘.ﬁama
LaPaz, ™ - Bahamas LaPaz, ™ Bahamas
MeXlCO ﬂa:«aqa M QXlCO Havana
(;uadala;ara C‘ty Cuba Guadala;am C Cuba
o & o San Juan o fih & ] San Juan
i ‘. *# Jamaica - - \ ﬁ‘ Jamaica '
" #Honduras w fHonduras
A
“ American% (sum: 13.4k) M A
L W 18
“Delta% (sum: 15.2k ) o WN‘JL l"\u\
( ) N AN A "’ M,
i o
e 15
w 4 v\,.
12
NY - .
9
mﬂﬁ\.ﬂw’%. 6
1987 21:46 Nov 06, 1992 08:31 Dec 29,1997 20:16 Feb 21,2003 08:01 Apr 14,2008 20:46

D. Koop, CSCI 490/680, Spring 2020

One value per 1w

[Lins et. al, 2013]

@ Northern Illinois University 46



Example: Cell Data Records

o G R Total count: 1,043,884,027 of 1,043,884,027

ot et

Duration

over_60_min
30 _to_ 59 min
10_to_29 min
o to 9 min

1 _ to_ 4 min
under_1_min

-0
I I | I I |
10-06-272010-07-042010-07-112010-07-182010-07-252010-08-01

[Lins et. al, 2013]
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Example: Cell Data Records

Total count: 1,490,178 of 1,043,884,027

Duration

over 60 _min
30 _to_ 59 min

under 1_min

| | | | | | =0

10-06-272010-07-042010-07-112010-07-182010-07-252010-08-01

[Lins et. al, 2013]
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TopKube: A Rank-Aware Data Cube for Real-Time
Exploration of Spatiotemporal Data

F. Miranda, L. Lins, J. T. Klosowski, and C. T. Silva

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University



TopKube: What about Top-k and Rankings?

® Aggregates are interesting

e Also, often Interested In top-k answers given particular criteria
e . .Or rankings
e Search over time and space but find specific examples

e [opKube Is a rank-aware data structure that computes top-k queries with
low latency so Interactive exploration Is possible
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Example: Basketball

e Shots by time, number of points scored, and location on the court

team player tme pts Xx y

CLE L. James 5 0O 13 28
BOS R. Rondo 5 2 38 206
CLE L. James [ 3 42 35

e Query: Ranked list of the 50 players who took the most shots

- SELECT player,count (*) AS shots FROM table GROUP BY player
ORDER BY shots DESC LIMIT 50

e Query: Rank the top 50 players by points made:

- SELECT player, sum(pts) AS points FROM table GROUP BY player
ORDER BY points DESC LIMIT 50

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University 51



Ranking by Shot Location

1. Anthony Parker [ 93 1- Jamal Crawford [N 113
2- Rasual Butler 84 2. Arron Afflaloc 108
3. Mickael Pietrus I 84 3. Rashard Levis NG 98
4 Jeff Green e 82 4. Martell wWebster D 96
- Ir Jared Dudley _ 80 e Joe Johnson _ 86
6. Jason Richardson _ 80 6. Rasual Butler _ 8s
7. Carlos Delfino [N 76 7- Jason Terry 81
8. George Hill NN 75 8. Anthony Parker [ 80
- - Shane Battier _ 72 9- Danilo Gallinari _ 78
10. Joe Johnson _ 71 10. George Hill _ 75
11. Matt Barnes I 68 11. Ray Allen N 69
12. Brandon Rush e 67 12. steve Blake I 68
13. Mo Williams — 65 13. Mickael Pietrus _ 63
14. Steve Blake 63 14. Mo williams 63
15. Arron Afflalo N 63 15. Keith Bogans [INGNNGN 63
16. Charlie Bell I 63 16. Anthony Morrow I 62
17. Courtney Lee _ 62 17. Mike Bibby _ 62
18. Stephen Jackson _ 61 18. Al Harrington — 62
19. Marvin Williams D 61 19. Shane Battier D 61
20. Ray Allen 60 20. Carlos Deltfino [N 61

[F. Miranda et al., 2017]
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JTopKube vs. Nanocubes

e Product bin: the combination of selections from dimensions
e Nanocubes maps each product bin ((01,10), iPhone) to a time series

[3 —> ((tl,vl),(tz,vl +v2),...,(tm,v1 —|—...—|—Vm))

e [opKube maps each product bin to rank-aware multi-set

j
ﬁ —> {lst ((ql,vl,crl),...,(qj,vj,Gj)),sum: Zvi}
=1
e 0_IIs the ith smallest key that appears In product bin
e v | IS the value of the measure for key g_I In the product bin

® 0_I IS the index of the key with its largest value
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Example: One Spatial Dim. and A,B,C events

[F. Miranda et al., 2017]
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FProblem: Lots of BiIns!

448 260 223 . 206
54
-
248 e
0 Y
.
. 213
224

218 West 35th

W

Y Street o <,
James Farley
. Post Office

vl

gy Nelson Tow

203

201

XX) X -
420 ~
430 439
433
o The How
Museum of
421 Y(xk
29 & |
i15 o
F 0 .
~
AN
302 Hotel Pen
1
303
a0 W’
383 0
JN)
South
ing 9 it Saint Francis
367
372 252 i of Assisi Schot
r— 3 4 ] - y'a y
Frend House Hey ST N o Od
~. . MN. AE. . ,AL >7 s rea 200 >

—

[F. Miranda et al., 2017]
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Three Algorithms to Merge Bins

e [hreshold: don't do a full scan, use extra information about ranking

o Sweep: Use a priority queue where the product bin with the current smallest
key IS on the top

® Hybrid:

- Threshold has best theoretical guarantee but some sparse cases can be
faster

- Use Sweep on small input lists, Threshold on denser problem
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Top-edited Wikipages in Nevada and Mississippil

Cwo me Cwo /me
Baton_Rouge,_Louisiana 323 Reno,_Nevada 303
University_of_Mississippi... 230 Early_Christianity 284
Mississippi 216 Comparison_of_the_AK-47_and_M1... 273
Jackson,_Mississippi 208 Las_Vegas_Academy 225
Louisiana_State_University... 189 Timeline_of_Christianity... 216
Mississippi_State_University... 169 Las_Vegas 204
WVLA-TV 158 Council_of_Jerusalem 192
Ole_Miss_Rebels_football... 155 Paul_the_Apostle 190
ol List_of_Star_Wars_books... 131 University_of_Nevada,_Las_Vega... 189
Louisiana 122 Nevada 188
New_Orleans_Saints 107 Antinomianism 188

1,000 —

0 T T T T T T T T T
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

[F. Miranda et al., 2017]
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Geolocated Flickr tags in Africa

africa [N 652 africa [N 7.051

namibia [N 275 freewheely.com [N 6816

afrique [ 258 bicycle [N 6.147

253 angola |8 1,146

198 cameroon 917

west africa | 156 cameroun 911

square I 125 ib B 783

iphoneography 124 gabon 779

square_format | 123 roads B 536

instagram_app 123 ghana J} 518

dakar B 122 senegal 500

[Sun Feb 24 00:00:00 2013, Sun Apr 20 01:00:00 2014) [Sun Jan 1 00:00:00 2012, Sun Feb 24 00:00:00 2013)
25.0k /\\
20.0k
15.0k
10.0k
5000
0
12w Sun Jan 1 00:00:00 2012 Sun Sep 9 01:00:00 2012 Sun May 19 01:00:00 2013 Sun Jan 26 00:00:00 2014

[F. Miranda et al., 2017]
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Top Hashtags in Paris related to Charlie Helbdo

4000

-
o
o
x .
- = mjm mim m - -
|
1
|

Ov | I——
6h Thu Jan 1 04:00:00 2015 FriJan 9 16:00:00 2015

3. Select this Spike and Observe Top-10 Hashtags

1. #jesuischarlie 4,456

2. #charliehebdo 4,199 4000
3000

2000
1000

0. #charliehebdo 418 0
6h Thu Jan 1 04:00:00 2015 FriJan 9 16:00:00 2015

9 relcsoiieeciarlie ey 4. Select Charlie Hebdo’s Top Hashtags and
Observe its Temporal Volume Pattern

. Miranda et al., 2017]
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GitHub Top commits near urbban centers

i - * K o 4% 2 me 4 %o me 4 %2 me
» 1 . .. , D S : "/ ) dotfiles O 4102 — dotfiles . 10022  — dotfiles [ 8908
-{‘- e .. ¢ ® .9,; o s o ." homebrew 1780 rust 2341 postgresql 2122
- ! : A .f » e 41;?' . 4 Fii chef 1297 llvm-project... 2321 mongo 2107
v... o oV .t ':.0 . LA Synapse-Repo... 1155 llvm-project... 2306 pubsub 1761
'.‘ y : X . ‘f R :-;:;"' mapnik 110 titanium_moob... 2266 docs 1243
. B ...‘. 7 :'."." :. - NzbDrone 1057 git 2031 neon-rtk-gps... 1222
R ¢ il :f' rails 961 node 1837 pandas 1175
2 ; ‘ zamboni 843 gaia 1830 homebrew 1165
Sal e SynapseWebCl... 793 wireshark-ht... 1745 julia 1102
rubygems 790 spark 1741 sample_app 973
mozilla-cent... 758 phabricator 1720 astrometry.n... 948
beets 738 mozilla-cent... 1709 .emacs.d 947
leiningen 728 zamboni 1631 VTK 921
guzzle 717 gecko-dev 1531 website 858
e groovy-eclip... 707 docs 1522 Cinder 749

[F. Miranda et al., 2017]
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Evaluation

1ms 10ms 100ms 1s 10s 100s
| | | | | |
1.0 74 4 PostGIS — 100%
Threshold Algorithm
> _| m Sweep B o
= 08 7 m Hybrid 0.75 80%
_8 i -ybr!d 0.50
e 06 ] = -ybrld 0.25 | 600/0
0
)
2 3
5 04 — — 40%
D)
&
S 0.2 — — 20%
0.0 — — 0%
| | | | | |
0 1 2 3 4 5

ogso(milliseconds) F. Miranda et al., 2017]
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ForeCache

L. Battle

D. Koop, CSCI 490/680, Spring 2020 Northern Illinois University


https://courses.cs.washington.edu/courses/cse512/18sp/lectures/CSE512-Interaction.pdf

Tile Storage in ForeCache

. ZOO M LEVEI Middleware Cache
Viewport

| Stored in
Main l I:I .

memory

Tile Fetch

Tiles Stored on
disk in DBMS

[Battle et al., 2016]
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ForeCache

e Predict which tiles a user will need next and prefetch those
Use common patterns (zoom, pan)
Use regions of interest (ROISs)

ROI TILES e

L-é*“” R '
= -
R |

o
l "-ls I

[Battle et al., 2016]
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