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Some briet background

How search moved into analytics
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Search interface 1.0

About 68 500,000 resuts (0.19 seconds)

search box o

y

» Top 10 Eco-Friendly Reasons to Buy Organic Meat & Dairy | Care2 ...
www.care2 comigreeniiving'whry-buy-organic-dary-meat himl - Cached
Leam the top ten eco-friendly reasons 1o buy organic meat and dairy, which include
praventing dalorestation, suppOrting local agricuiture and Not CoNSUMINg ...

Organic Meat - Niman Ranch
www.nimanranch com/organic-meat aspx - Cached
Niman Ranch rases 100% angus cattie on sustanable U S. ranches.

Organic Prairie - Organic Meats - Beef, Pork, Chicken and Turkey ...
organicpraine comy - Cached

Certified. organic beef by an independent cooperative of family farms. La Farge, Wisconsin.

Organic foods: Are they safer? More nutritious? - MayoClinic.com

11 I | * k 1 www. mayocinic commealthorganic-food NUOO2SS - Cached
polivtion. Fammers who grow organic produce and meat don use ..

Rocky Mountain Organic Meats - Organic Grass Fed Beef

www, rockymitneuts. conv - Cached

Rocky Mountain Organic Meats - Procucer of humanely rased ceganic grass fed beef and
organic grass fed lamb dedicated %o providing the best qually organc ...

Applegate Farms Organic Meat and Natural Meats

www.applegatefarms.comV - Cached
Applegate Farms Organic Foods include Organic Meat and Cheese Del products | avalable
rough grocery stones.

Does It Pay To Buy Organic?
www. Dusnessweek. comymagazne/content/, /D388 126 mz070.Mt... - Cached

For organic meat, poultry, eggs, and milk, the drect health benefit is less clear. it mght come
down 10 your willingness 1o pay more 10 avoid supporting ...

Ha /F / Family Farms / /O icF
www. localharvest ong/ - Cached
‘ The best organic (00d 8 what's grown closest 10 you, ... Qrown ood In Your area, where you
can buy produce, grass-fed meats, and many other goodes. ...

||
L

¢4 elastic www.elastic.co



Search interface 2.0

201 Hotels found in San Francisco Showing 1 - 20 Show map

Refine your search: Stars Reviewscore Location

S e a rC h b OX p || ©-9- address, postcode, etc. search | S S ———————————————————————————————
Enter a specific location, including addresses, ' f: S¥ » Villa Florence Hotel #rr## - Very good, 8.2

landmarks or business names, in the space Union Square, San Francisco » Show map

sbove This California boutique hotel located one-half block from Union Square features Italian- FRERNS NI riwtom
design influences in the heart of San Francisco. There is 1 person looking at this hotel.
. More Show prices
Filter by: Latest booking: 1 hour ago @ |
w Star rating
[~ 1star 12 hotels e e e e
" | Hotel Nikko San Francisco k& 5 Very good, 8.5
[ 2 stars 74 hotels Union Square, San Francisco » Show map Score from 537 reviews
[ 3 stars 73 hotels This San Francisco hotel features an on-site restaurant and warmly decorated rooms
with a 42-inch flat-screen TV and a CD player. The Golden Gate Bridge is just 8 miles
I~ 4 stars 33 hotels away. There are 14 people looking at this hotel. More Show prices
[~ 5 stars 7 hotels Latest booking: 1 minute ago @ N
[~ Unrated 2 hotels
¥ Hotel type tnei Vi 2,
Da Vinci Villa & k& - Good, 7.5
[~ Hotel 149 hotels Van Ness, San Francisco * Show map
. [ Hostel 8 hotals Fisherman's Wharf is a 10-minute walk from this hotel in San Francisco, California. The Score from 323 reviews
F a Cet S _ -f a St S u m m a rl e S Of hotel features an outside pool with sundeck, poolside dining and guest rooms with a 37-
> ™ Motel 36 hotels - inch flat-screen cable... There are 2 people looking at this guest house. More Show prlcos
I Resort 1 hotel . Latest booking: 12 hours ago @ /
all the stuff beyond page 1 - Apartment st
] Supat foune 1 hotel Larkspur Hotel Union Square ### “% Very good, 8.0
[ Bed and breakfast 2 hotels Union Square, San Francisco » Show map Score from 261 reviews
Located in downtown San Francisco, this hotel is 2 blocks from Union Square, which
v Facility features shopping and dining. The historic hotel features a bar and rooms with a flat-
~ WiFi —— screen cable TV. There are 3 people looking at this hotel. More Show pri
 Parking 150 hotels Latest booking: 1 hour ago @ '
[~ Airport shuttle A4 hotels |
I~ Internet services 194 hotels - Uni 12 2 2 B Very good, 8.3
I~ Fitness centre 74 hotels Union Square, San Francisco * Show map -
' This downtown San Francisco hotel is 1-block from Union Square and the Hallidie Score from 602 reviews
I~ Non-smoking rooms 171 hotels Plaza, which features a cable car stop. The hotel offers massage services and a tour

desk. There are 3 people looking at this hotel. More Show pl’ices
Latest booking: 1 hour ago @

N

[~ Indoor swimming pool 11 hotels

[T Spa and wellness centre 14 hotels

[~ Family rooms 147hotels =~ eSS ? _______________________________________________________

“10 blue links”
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Analytics interface of

S

search selections

‘aggregations”

¢4 elastic
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Optimised for real-time:

Analytics

“Help me find the best “Collectively, what do these
. . documents” documents tell me about my
Business question business?”
Fuzzy matching, relevance Summaries, patterns, trends,
ranking, auto-complete, outliers, visualization

Enablers

filtering (time/geo..)
highlighting..

Caution: performing analytics on
fuzzy sets can cause issues....

¢ o elastic www.elastic.co



Worked examples

Practical uses of aggregations
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UK Housing data

400k documents of this form:

"town": "COVENTRY",
"status”: "A",

"location": {

"lat": 52.401126222,
"lon": -1.568220925
s
"gistriet™s “"COVENTRY"™,
“lecality": ",
"price": 119000,
"housetype": "T",
"oldnew": "N",
"county": "WEST MIDLANDS",
"duration": "F",
"street": "STANDARD AVENUE",
"postcode”: "CV49BT",
"date": "2014-01-31 00:00",
‘paon’ : "121%,
sgonT: "

}

—

S

Postcodes to lat/lon: http://data.gov.uk/dataset/code-point-open
House sale prices: https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads

. . g
¢4 elastic
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http://data.gov.uk/dataset/code-point-open
https://www.gov.uk/government/statistical-data-sets/price-paid-data-downloads

UK Housing data

{
"aggregations" : {
"map" : { "geohash_grid" : { "field":"location", "precision":5},
"aggregations":{
"priceBands":{"percentiles":{"field":"price"}},
"county":{"terms":{"field":"county.raw", "size":1}},
"town" : {"terms":{"field":"town.raw", "size":1}},
"housetype":{"terms":{"field":"housetype.raw", "size":10}
|
}
}
}
5
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UK Housing data : geohash_gria

{
"aggregations" : {
"map" : { "geohash_grid" : { "field":"location", "precision":5},
"aggregations":{
"priceBands":{"percentiles":{"field":"price"}},
"county":{"terms":{"field":"county.raw", "size":1}},
"town":{"terms":{"field":"town.raw", "size":1}},
"housetype":{"terms":{"field": "housetype.raw", "size":10}
|
}
: ¥ Geohash precision
1 determines width of cells
used to organize results
Housetype |Number of sales !_ L ilinitec .-.n((um
median price __2_; “
= lf-m;ngLégi;?; C Taotos Visualization code and KML: https://goo.gl/WkWKmh
_ Image IBCAO ‘ nUU(‘Q C eartr
¢ o elastic www.elastic.co


https://goo.gl/WkWKmh

UK Housing data: percentiles

"aggregations" : {
"map" : { "geohash_grid" : { "field":"location", "precision":5},
"aggregations":{
"priceBands": {"percentiles":{"field":"price"}},
"county":{"terms":{"f1eld":"county.raw", "size":
"town":{"terms":{"field":"town.raw", "size":1}},
"housetype":{"terms":{"fi1eld": "housetype.raw", "size":

¥

A

Median house price used for

cell height
Avoids avg skew by outliers *

Housetype |Number of sales | B Unitec .-.n((um
W Edn A
Detached |6 i

Terraced 2
Semi-Detached |1

median price £460,000

A

|2 Image Landsat
© 2015 Google https://www.elastic.co/blog/averages-can-dangerous-use-percentile

Image IBCAO Google eartt
= —~ !
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https://www.elastic.co/blog/averages-can-dangerous-use-percentile

UK Housing data: terms

"aggregations" : {
"map" : { "geohash_grid" : { "field":"location", "precision":5},
"aggregations":{
"priceBands":{"percentiles":{"field":"price"}},
"county":{"terms":{"field":"county.raw", "size":1}},
"town":{"terms":{"field":"town.raw", "size":1}},
"housetype":{"terms":{"field": "housetype.raw", "size":10}

¥

A

Most popular county name is
@ used to pick a colour - reveals
county boundaries *

Housetype |Number of sales B Unitec '-,n((um
Detached 6 A
Terraced 2
Semi-Detached |1

median price £460,000

A

| A Image Landsat
© 2015 Google
Image IBCAO

Google eartt
Tk see http://sooglemapsmania.blogspot.co.uk/2015/05/crowdsourcing-neigshborhood-boundaries.html
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http://googlemapsmania.blogspot.co.uk/2015/05/crowdsourcing-neighborhood-boundaries.html

UK Housing data: terms

"aggregations" : {
"map" : { "geohash_grid" : { "field":"location", "precision":5},

"aggregations”:{
"priceBands":{"percentiles":{"field":"price"}},
"county":{"terms":{"field":"county.raw", "size":1}},

"town":{"terms":{"field":"town.raw", "size":1}},
"housetype":{"terms":{"f1eld": "housetype.raw", " . 10}
%, |

} : - <o
- N Most popular town name
@ reveals most-likely-to-be-
useful label

ASHFORD,

Housetype |Number of sales| o] & Wi .-.n((um
W Edn A
Detached |6 i

Terraced 2
Semi-Detached |1

median price £460,000

A

| A Image Landsat
© 2015 Google =
Image IBCAO Google eartt
_ ~ L
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UK Housing data: terms

{
"aggregations" : {
"map" : { "geohash_grid" : { "field":"location", "precision":5},
"aggregations":{
"priceBands":{"percentiles":{"field":"price"}},
"county":{"terms":{"field":"county.raw", "size":1}},
"town" : {"terms" :{"field":"town.raw", "size":1}},
"housetype":{"terms":{"f1eld": "housetype.raw", "size":10}
. * v\
} _ S A @ League-table of most popular
1 . i -

house types in each cell.

Housetype |Number of salgs
Detached
Terraced 2
Semi-Detached |1

median price £460,000

A

|2 Image Landsat
© 2015 Google

Image IBCAO Google eartt
o — (
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Geo as a common link between datasets: housing ->crime

e "query":{
Medianfhouse]priceskforgdifferenfUKglocations ~ : "filtered” : {
C . Tilter™ 3
¥ ‘ S "bool":{
"should"”:
[{"geo_bounding_box":{"location":{"top_left":{"lat":51.50390625,"lon":-0.17578125}, "bc
{"geo_bounding_box":{"location":{"top_left":{"lat":51.3720703125, "1on":-0.3955078125},
{"geo_bounding_box":{"location":{"top_left":{"lat":51.416015625,"1lon":-0.615234375},"t
]
3
}
}
"aggs” : {
"keywords":{"significant_terms":{"field":"crimeType"} }
}
nousetype TNumber of saiesl el | Crime data (filtered by affluent locations)
Detached 6 8_
Terraced 2 '5
Semi-Detached |1 g
. 3}
median price £460,0 =
3
<
Image Landsat O
© 2015 Google = ©
- Image IBCAO 24 ( -UU(‘QIC eart! (_8
=
=
% Theftup ‘
“ ) ¥ Anti social behaviour
E T down
s “ e
% of all locations with crime type
q . 15 _
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Connected data: Enron emails

el mgela.dav.enron.oom
|

andrea.reed@ ON.CC jlo@cwt.com

[ | : .
gordon.mckillop@enron.com
greg.whalley@enron.com \v

> 4 - \
ravis.mecullough@enron.com 7 et . k
\ ‘
rya&urek@luon.corﬂope.vargas@enron.com ‘

e tt.sefton@enr oa‘ carol.clair@enron.com
Cott.. on.
melba.trevino@enron.com ’
J
brant.vasconc owemn.co‘

julia.murray@enron.com
. joel.ephross@enron.com

bill.bowes@enron.com

michael.galvan@enron.com

annmarietiller@enron.com

kaye.ellis@enron.com
james.harris@enron.com .
mspradling@velaw.com trushar.patel@enron.com

bob.butts@enron.com

ron.baker@enron.com donette.dewar@enron.com

| ‘

sshackl@ect.enron.com

‘ julia.h.chin@enron.com

https://www.cs.cmu.edu/~./enron/

a’ . 16 .
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Connected data: Enron emails

t Sanaseantfond®. ¥ ldentifies the 50 most
"senders": { 4 prolific email senders in
“terms”: { our index
"field": "from",
"size": 50,
“collect_mode”: "breadth_first"
¥s
"aggs": {
"recipients": {
"terms": {
"field": "to",
"size": 50
}
}
}

a’ . 17 .
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Connected data: Enron emails

"aggregations": {
"senders": {
"terms": { . ol

,,,,,,,,,,,,,,

"field": "from",
"size": 50,
"collect_mode": "breadth_first"

b

aggs™: 1 For each sender, identifies
recipients”: {

"terms": { /their most common

"field": "to", correspondents
"size": 50

a’ . 18 .
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Connected data: Enron emails

{
"aggregations": {
"senders": {
"terms": {
"field": "from",
"size": 50,
"collect_mode": "breadth_first"
}s
aggs”: {
‘recipients”™: {d==="""|ine thickness is a simple
"terms": {
"field": "to", count of shared documents,
"size": 50 but there’s more...
}
}
¥ »  /\ .
}
}
}

a’ . 15 .
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Connected data: Enron emails

"aggregations": {
"senders": {
"terms": {
"field": "from",

"size": 50,

"collect_mode": "breadth_first"

}s
"aggs": {
"recipients": {
"terms": {
"field": "to",
"size": 50
}“aggs” 4.}

¢4 elastic
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Connected data: Enron emails

{
"aggregations"”: { S
"senders": { Important Opt|mlsat|0n!
"terms™: { This line is the difference
"field": "from", bet .
"size": 50, e we.en..
"collect_mode": "breadth first" < 1) Building a network of the
oo whole business, then
aggs": { . .
"eocipionts®: 1 pruning selections or
"terms": { 2) Finding the top 50 email
“field": "to”, senders first then
size": 50 : :
} gathering only their
} connections.
) } The final results are the same
} (50 senders x 50 recipients)
¥ but the interim working state

is vastly reduced.

21
www.elastic.co
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Recommendations: MovielLens data

"movie": [260, 500, 1080...]
"user": 8353

http://files.grouplens.org/datasets/movielens/ml-10m-README.html

a’ . 22 .
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http://files.grouplens.org/datasets/movielens/ml-10m-README.html

Random samples should hold no surprises

[356]Forrest Gump (1994) Expected 1190, got 1217 (1217/6831 vs 12165/69796)

e 17% of all people like “Forrest Gump”
e |n a random sample of people, 17% of
them will also like “Forrest Gump”

I of random sample who liked movie

N\,
l—g"

% of all users who liked movie

Dull. But in non-random samples something interesting happens.....

a. . 23 .
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Non-random sample: people who liked “Talladega nights”

[8641]Anchorman: The Legend of Ron Burgundy (2004) Expected 1, got 55 (55/271 vs 374/69796)
Find all people who

Summarise how their
movie tastes differ from
everyone else

2}
L
- - (@)
; liked movie #46970 c /
m /7
;quer'y" : -§ //
4]
"terms":{"movie": [46970 G _ ”
! { : 1} _rc—‘: <0.5% of all people like “Anchorman
"aggS" : { g
"ke?'/wgr'd§;f { B o In the set of “Talladega-likers”, 20% of them
ignificant_terms": = g w ”
"field": "movie", o like “Anchorman
"n_ .2 n ., Q.
size": 50 %
¥ g .~ ..a huge uplift in popularity from the norm!
, } o 5%
= )
o
©
X

% of all users who liked movie

0 . 24 _
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Problem: avoid analysis of poorly focused sets

If my movie tastes include StarWars
I’'m likely to match a lot of users

//talladega, blades of glory and r wars
var movieSelections=[46970, 52245, 260];
var querylJson=

{
"query"
{
"terms" :{"movie": movieSelections }
¥s
"aggs” : {
"keywords": {
"significant_terms": {
"field": "movie",
"size": 50,
"exclude": movieSelections
}
}
}
}

¢4 elastic

[1196]Star Wars: Episode V - The Empire Strikes Back (1980)

% of all users who liked my movies

25

Big samples dilute any
signal and bend
-~ suggestions towards the

. /line of “normal”

% of all users who liked movie

www.elastic.co



How do we get a smaller, representative sample of users?

//talladega, blades of glory and star wars
var movieSelections=[46970, 52245, 260];

Search relevance ranking/information theory to the rescue:

IDF (Inverse Document People who share my rarer choices (Talladega) are ranked more highly than
Frequency) people who share my mainstream tastes (Star Wars)

TF (Term frequency)  People who have watched a movie choice many times are preferable to those
who have only watched it once

norms (length People who have a short list of movies that match are better than those with
normalization) encyclopaedic lists

coord (coordination People who share many of my choices are better than those with only a few
factor)

o . 26 |
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Putting search and analytics together..

[8641]Anchorman: The Legend of Ron Burgundy (2004)

/’
//talladega, blades of glory and star wars /
var movieSelections=[46970, 52245, 260]; Q .
var queryJlson= 3 o
{ - y
"quer'y" : n ¥ 4
{ D e
"terms" :{"movie": movieSelections } = p i
_8 ”
"aggs" . { g / 4
"sample": { n /
"sampler": { 2.0 adds relevance ranked 3)) 7
}"Sha'"d—sne": 200 search for numeric fields S Ry
u’ - .c_U
aggs": { = _“ Faster*, more relevant
"keywords": { = / .
et g PicariLtemats 4 @ ~~ suggestions based purely on
"field": "movie”, Q1. 4 “people like you”
"size": 50, o~ |« .
4 e . . X 4 (30 ms total search time)
exclude"”: movieSelections /
} \ ! 5 4
'
In 2.0 we can perform /

2.0 exclusion lists are much
more efficient % of all users who liked movie

analytics on a sample of
only the most relevant

documents
a . 27 _
¢ ¢ elastic www.elastic.co



Great, but..

There are limits to aggregations...

a’ . 28 .
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Amazon marketplace reviews

Q: Is this a fraudulent review?

{
"reviewerId": "A3JTCSIWNELJIWP",
"rating": 5,
"vendorId": "A2YTGD9Q0O9QRNWU",
"reviewText": "Prompt safe delivery of sealed DVD",
"date": "2006-09-07 18:32",
"vendorName": "foobardirect”
}

A: We can't tell unless we understand people’s behaviour over time...

a’ . 29 .
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Answer: reorganize content around people

Time-based event indexes

Usual stream of events

Periodic extracts sorted
by entity ID and time

Entity-based summary indexes

30 Copyright Elastic 2015 Copying, publishing and/or distributing

without written permission is strictly prohibited www.elastic.co
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An "entity-centric” moadel

Play along! Code + data here: bit.ly/entcent

AmazonReviews AmazonReviewers
(an event-centric index) (an entity-centric index)

reviews.csv loadEvents.sh builldEntities.sh

Review event fields o  Drops and creates reviewers index. Reviewer entity fields
e rating e  Uses Python client to query and scroll listof ~®  POsitivity
e seller reviews sorted by reviewerld and time * num sellers reviewed
° reviewer e  Python pushes _update requests to ~400k * last30reviews
e date “Reviewer” documents each containing e profile ("newbie”, “fanboy” etc)
bundles of their recent reviews using bulk
indexing API

e  Shard-side Groovy script collapses the
multiple reviews into a single reviewer JSON
document summarising behaviour

51 Copyright Elastic 2015 Copying, publishing and/or distributing

without written permission is strictly prohibited www.elastic.co
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http://bit.ly/entcent

Anatomy of an entity indexing groovy script

e o e e | 0@l StOred state

1f("create" .equals(ctx.op)){
//initialize entity state

doc.profile = "newbie"; e Initialize |f new dOCUment

doc.totalNumReviews = 0;

}

// Append the new events into entity summary
for (review in events){

doc. total NumReviews++; 4+ Loop to consolidate latest events
-

// Re-assess reviewer profile
doc.profile = "newbie";
i1f(doc.totalNumReviews > 5){
doc.profile = "regular";
if(doc.positivity > 50){
if(doc.numVendors == 1){
doc.profile = "fanboy";
}

} else {
i1f(doc.numVendors == 1){
doc.profile = "hater";
} else {
doc.profile = "unlucky";
}

}

Re-run risk profile logic

}

 —

& q Store the scriptin ES HOME/config/scripts/foo.groovy

52 Copyright Elastic 2015 Copying, publishing and/or distributing

without written permission is strictly prohibited www.elastic.co
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Insight: which sellers have a lot of fanboys?

Search the reviewer 187 Expected 0, got 10 (10/36 vs 1066/400090)
profiles for all the fanboys %
{ )
"query": { / %
"match": { -k
"profile”: "fanboy" O
} )
¥i O Seller #187 has more than his ’
"aggs": { % fair share of “fanboy” reviewers
"interestingSellers": { o }
"significant_terms": { cg
"field": "recentReviews.vendorId" o~

}
} \
}

} dentify which of the g
sellers they buy from are
unusually represented

% of all reviewers

33 Copyright Elastic 2015 Copying, publishing and/or distributing

without written permission is strictly prohibited www.elastic.co
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Drilling down into seller #187's fanboys

Fanboy #345086
Fanboy #345085
Fanboy #345084

Fanboy #345083

Fanboy #345082

Fanboy #345081

Fanboy #345080

Fanboy #345070

Fanboy #345069

Fanboy #345068

Nov
.2007

¢4 elastic

Dec

34

| Jan
2008

Suspiciously
synchronised
behaviour

Copyright Elastic 2015 Copying, publishing and/or distributing

without written permission is strictly prohibited www.elastic.co



UK car roadworthiness test: raw data

"TestClassID": "4",
"town": [
"Glasgow"
1,
"Colour™: "RED",
"TestResult": "F",
"VehiclelID": "29563",
"FuelType": "D",
"Make": "MERCEDES",
"TestMileage": 80571,
"CylinderCapacity”: "2685",
"PostcodeArea”: "G",
"location": {
At S, BENSeT
"lon": "-4,271848"
},
"TestDate": "2013-07-31",
"Model": "CLKZ270 CDI ELEGANCE A",
"FirstUseDate": "2005-03-16",
"TestType": "N",
"ID": "70605",
"yearlyMileage": 8952
}

— TE—

http://data.gov.uk/dataset/anonymised mot test

a’ . 35 .
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http://data.gov.uk/dataset/anonymised_mot_test

Derived car attributes

Car attributes derived from 3 test result documents

: mile-o-meterRewind

Mile-o-meter reading

Test date

¢4 elastic 36 www.elastic.co



Miles driven vs number of days for fix

2012 cars days for fix vs miles driven

9k
8k

7

-

.y

Q: Why is there an unexpected
peak in milesDrivenWithFailure
around the 6-month mark?

A: Taxis

S

6
5
4

3
10 20 30 40 50 60 70 80 9 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240 250 260 270 280 290 300 310 320 330 340 350 360
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http://localhost:5601/#/visualize/edit/2012-cars-days-for-fix-vs-miles-driven?_g=()&_a=(filters:!(),query:(query_string:(query:'-badReading:T')),vis:(aggs:!((id:1,params:(field:milesDrivenWithFailure),schema:metric,type:avg),(id:2,params:(extended_bounds:(),field:daysForFix,interval:10),schema:segment,type:histogram)),listeners:(),params:(addLegend:!t,addTooltip:!t,mode:stacked,shareYAxis:!t),type:histogram))

Who drives failed cars?

¢4 elastic

Table of cars driven long distances after failures

Top 20 unusual terms in MakeModel.raw

VOLKSWAGEN SHARAN S TDI 115 AUTO
LONDON TAXIS INT TXII SILVER AUTO
LONDON TAXIS INT TX4 SILVER AUTO
LONDON TAXIS INT TXII BRONZE AUTO
LONDON TAXIS INT TX1 BRONZE AUTO
LONDON TAXIS INT TX1 SILVER AUTO
LONDON TAXIS INT TX4 BRONZE AUTO
FORD GALAXY 16V AUTO

LONDON TAXIS INT TX4 GOLD AUTO
LONDON TAXIS INT TX1 BRONZE

Count of documents ¢

247
125
107
103
93
94
75
70
45
52

Taxis are the most signiticant
car-makes involved in
continuing to drive long
distances after MOT failures
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http://localhost:5601/#/visualize/edit/Table-of-cars-driven-long-distances-after-failures?_g=()&_a=(filters:!(),query:(query_string:(query:'milesDrivenWithFailure:%5B3000%20TO%20200000%5D%20-badReading%20-unclassified')),vis:(aggs:!((id:1,params:(),schema:metric,type:count),(id:2,params:(exclude:(flags:!()),field:MakeModel.raw,include:(flags:!()),size:20),schema:bucket,type:significant_terms)),listeners:(),params:(perPage:10,showMeticsAtAllLevels:!f,showPartialRows:!f),type:table))

In summary

e Averages are misleading - see percentiles

e Consider the fuzziness of the set you
analyse

* Significance != popularity
e Consider memory use (breadth_first)

* Re-organise log data into entity-centric
indexes for deeper insights into user
behaviours
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Questions?

@elasticmark
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