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Today’s Program

Introduction

®* Qur Team
* Our Company > 20 min
* QOur Technology

Introductory Software Demo

* Mapping with BayesialLab and the Google Maps API
Spatial Computation & Optimization

>
* Example 1: Drive Time Bands } 40 min.

* Example 2: Hub Location Optimization
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Your BayesiaLab Team Today

stefan.conrady@bayesia.us  stacey.blodgett@bayesia.us clare.gora@bayesia.us
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Disambiguation

SBAYESIA SBAYESIALAD

Your Decision Partner

Our Company Our Product

The Paradigm

BAYESIAN NETWORKS*

Judea Pearl
Cognitive Systems Laboratory
Computer Science Department
University of California, Los Angeles, CA 90024
Judea@cs.ucla.edu

Bayesian networks were developed in the late 1970°s to model distributed processing in
reading comprehension, where both semantical expectations and perceptual evidence must
be combined to form a coherent interpretation. The ability to coordinate bi-directional
inferences filled a vold in expert systems technology of the early 1980’s, and Bayesian net-
B ay es I a L a b C O m works have emerged as a general representation scheme for uncertain knowledge [Pearl, 1988,

O Heckerman et al., 1995, Jensen, 1996, Castillo et al., 1997].
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SBAYESIALAD

@vﬁsmunﬂ
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Bayesian Networks & BayesiaLab

A Practical Introduction for Researchers

n :

www.bayesia.com/book N ayesian Networks
& BaygsiaLab

* Free download:

* Hardcopy available on Amazon:
http://amzn.com/0996533303
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BAYESIALAD

A desktop software for:

B * encoding
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* editing

* performing inference

° analyzing Z 6'5

* simulating .
y Ma T4
° optimizing

with Bayesian networks.
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Google Maps JavaScript API

= Google APls Q o 0 a2 : §
API APIs & Services Dashboard ENABLE APIS AND SERVICES
«»  Dashboard Enabled APIs and services

Some APls and services are enabled automatically

EE

Library
1hour | 6hours | 12 hours | 1day | 2days 4days 7days | 14 days | 30 days
o Credentials

Traffic Errors Median latency
Requests/sec Percent of requests Milliseconds
1 | 3,000
2.5 0.05
2 ‘ ~| 0.04 2,000
1.5 0.03
1 ‘ ‘ | 0.02 ‘ 1,000 _J |
| | —_—
05 | . | A L, 00t . L : : :
May 16 May 17, 8:23 AM May 16 May 17, 8:23 AM May 16 May 17, 8:23 AM
API v Requests Errors Error ratio Latency, median Latency, 98%
[E pistance Matrix API 33,688 3 0.01% 396 ms 986 ms Disable &
[ Maps JavaScript API 29 o 0% - - Disable ﬂ ]
<l Directions API - — - - —  Disable %%

BayesialLab.com




= Google APIs

Bayesialab Setup

< APl key ( REGENERATE KEY i DELETE
[E| Preferences
- P This APl key can be used in this project and with any API that supports it. To use this key in your application,
api = pass it with the key=API_KEY parameter.
preferences AP Key | A slepeiT0] T8 e Bk "o [ |
Ei'"fe”e'a' Creation date May 15, 2018, 2:42:14 PM
~-Language
----LiceisegServer Created by stefan.conrady@bayesia.us (you)
[#-Display
--Console
[H-Menus APl key
~-Directories |r:|
- Sounds
[+-Editing Name
[#-Discretization .
f-Data For testing and development API key
~-Reporting
- Automatic Layout urposes, you can use the
EHinference ge fgu i AP)I/ ke Long-term, you should
[#-Learni a .
Ay y obtain your own Google API
[=-Toals 0
Statistical Toos key so you are not subject
T to any API call limitations.
Import | Default Values | | Apply |
ok |

BayesialLab.com 14




GIS Mapping with BayesiaLab and the Google API

[l Data Import
The Basics R —
() Disrete All not Distributed
* Bayesialab can display observed or inferred values with ® conruons
coordinates on a Google map. R
() Row Identifier
* Longitude and latitude are used as coordinates. -—

* Longitude and latitude must be defined as continuous
variables and discretized during import, even though they
will be used as undiscretized values for map display.

Cancel I

BayesialLab.com 15




GIS Mapping with BayesiaLab and the Google API

Tools Window Help r GIS Mapping X
Multi-Run » Map Settings
. Map Type |Roads v
Resampling >
o ) ) Latitude | INTPTLAT v
Missing Values Analysis :
Longitude |INTPTLONG HE"
Multi-Quadrant Analysis Shape
Evidence Instantiation @ Fixed | (TR

Accescment (O Discrete | 16+_Mean travel time to work

Size

Dynamic Bayesian Networks  »

(@) Fixed 100
GIS Mapping < (C)Discete | 16+_Mean travel time to work

() Continuous | 16+_Mean travel time to work
Design of Experiments >

T — S B - Fpur attributes can be.
T . () Disgete | 16+_Mean travel time to work dlsplayed per Observatlons:

(@ Continuous | 16+_Mean travel time to work «

Min Mid vax [ S h a pe

opacy « Size
(@) Fixed 1

() Discrete |16+ _Mean travel time to work L CO | O r
(C) Continuous | 16+_Mean travel time to work °

Opacity

k Cancel

BayesialLab.com 16




Introductory Example: Mapp

iIng Commuting Time

| 7] map - m] *
G5 Mappin
pping Canada e
N - Map Settings MANITOBA
ommuting Time by County == .
SASKATCHEWAN NEWFOUNDLAND,
Latitude INTPTLAT v AND LABRADOR
[B7] BayesiaLab - Associated graph 1461 Longitude |INTPTLONG F ONTARIO T
Network Data Edit View Leaming Inference Analysis Monitor Tools Window Help QLEBEL
DO XDDhamrat PPARLLVY 220780 ERF K00 om 500 24 Shape
1 Associated graph 14.xbl * @ Fixed |CIRCLE -
. - MOWTANA ) NB 3
(C Discrete | 16+_Mean travel time to work . hoihN Ottawa Montreal | PE
0 iy
OLTH 1 o w gl w B NESNOvA SCOTIA
Size ) e Mie W) OgEe s
WYOMINE
(®) Fixed 100 PR F
(C Discrete | 16+_Mean travel time to work By
. (O Continuous | 16+_Mean travel time to work
Eas
INTPTLAT
y Color aNA
O Fixed [ :
16+_Mean travel time to . -
- (C Discrete | 16+_Mean travel time to work
work . L
(®) Continuous | 16+_Mean travel time to work :‘% H : i
N Gulf of "
INTPTLONG % Mexico
Min Mid max [ i Mexico
) Cuba
Opadity Mexico City Dominican
@ Fixed 1 LTP i #
; 8 . Guatemala
(O Discrete | 16+_Mean travel time to work ¥ " Honduras I +
(O Continuous | 16+_Mean travel time to work Ricaiis -
< 3 . Caracas
=T Costa Rica Map data ©2018 Google, INEGF  500kmL— 1 Terms of Use
@] D assoca.. | (V)Assoca., | 1) Assoda.. | oK | Cancel Save Ae... Print
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Spatial Learning and Optimization

Optimization Problems Under Consideration

1. One origin, one destination =» Shortest Path Problem
-2. One origin, many destinations =>» Drive Time Bands

3. Many origins, one destination =>» Store Location Problem
-4. Many origins, one hub, many destinations = Hub Location Problem

5. Many origins, multiple hubs, many destinations =>» Multi-Hub Location Problem

Common Objective

* Minimize “cost function,” e.g., travel time, distance, fuel consumption, number of
turns, etc.

|H

* Further assumption: all “participants” have same objective.

BayesialLab.com 19




Drive Time Bands

Computing the “Cost” for One Origin and One Destination

* “Search the Map” = slow, but accurate
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Drive Time Bands

Computing the Cost for One Origin and Many Destinations

* “Search the Map” = slow, but accurate
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Drive Time Bands

Computing the Cost

* “Search the Map” = slow, but accurate

* Great-Circle Distance Computation - Easy and fast to
calculate.

: « “As the crow flies”
d=2r arcsm(\/hav(cpg — 1) + cos(p1) cos(p2) hav(Ay — )\1)) may be an unrealistic

assumption.

— 2rarcsin  [sin? ( Z2=2L ) + cos(p1) cos(ps) sin’ A2 — A » Travel time may be
B 2 ¥ ¥z 2 more relevant that

distance.

BayesialL.ab.com 22




Drive Time Bands

Idea: “Create a Look-Up Table for All Origin-Destination Pairs”

e 29,788 ZIP Codes in the U.S.
* A complete distance matrix would contain 887,324,944 cells.
* Current computation speed with Google Distance Matrix API: 2 requests/sec.

* Estimated computation time: ~14 years.

APPr oxmt¢l

BayesialLab.com 23




Drive Time Bands

Idea

* Approximation through
machine learning.

Proposed Approach
* Utilize database of actual
point-to-point travel data. <

° Learn a Bayesian network
from this dataset.

* Now we can infer the
“cost” as a function of
origin and destination.

BayesialLab.com 24




Drive Time Bands

Workflow in Detail

Take a random sample (~100,000) of origin-
destination ZIP code pairs and calculate routes with
the Google Distance Matrix API.

Perform Augmented Naive Learning.
Evaluate Target Performance.
Associate new data set with points to be evaluated.

Generate map.

BayesialL.ab.com
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|E| Data Import
efine Data
Separators Encoding
[mab [ Semicolon
UTF-8

[Ispace [ Other [[] End of Line Character

Options

0 Consider Identical Consecutive separatars
Missing Values Filtered Values as a Unigue One

0O Consider Different Consecutive Separators
Fv as a Unique One
/A

[] bouble Quote as String Delimiters
Learning/Test

[ Single Quote as String Delimiters

[[] Transpose

Latituds Latitude (2)  City (.

24
24
24
24
24
24
24
24
24
24
24
24

Finish




|E Data Import

Define Variable Type

Type Action

Not Distributed

() Continuous

() Weight

() Row Iden

Longitude Latitude
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8
-89.8

-89.6
<

Columns with Missing Values

All not Distributed

All Discrete

All Continuous

Information

Number of Rows 95710
Not Distributed

Discrete

Continuous

Others

Missing Values

Filtered Values

Previous

100.00%

Finish

Time (h)
1524694444 | A
5313611111
1318111111
2087638883
25.88611111
1167916667
24,59388889
27.59416667
2.9425
19.25972222
4.341944444
1154527778
10.07194444
7.327777778 |~
>




|E Data Import

Data Selection and Filtering

Missing Value Processing Information

Filter Mumnber of Rows 95710 | | 100.00%
Mot Distributed
Discrete
Continuous
Others

Missing Values

Filtered Values

Static Imputation

ynamic Imputation

Time (h) «

15.246554444 | A

5.313611111

13.18111111

20.87638889

2588611111 | v
>

Longitude =  Latitude +
-89.8

-89.8

-89.8

-89.8

-89.8

<

Previous Finish




|E| Data Import

Maximum
Minimum
Threshold Value
Previous

Density Function

Load Discretization:

10000 20000 30000 40000 50000 GODOD 70000 20000 00000

Longitude (2) Latitude (2)  City (2) State (2) Tipcode (2)
38.46
41,52
29,52
40.76

Longitude Latitude
-89.8 37.44
-89.8 37.44
-89.8 37.44
-89.8 37.44

<

lect Al Continuous ect All Discrete

Previous Finish




|E| Data Import

Longitude i State Longitude (2) Latitude (2) Ci ) e (2) i e(2) Tme (h)

lect Al Continuous ct All Discrete

Previous Finish




[£#] BayesiaLab - Associated graph 5axbl [m| X
Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
DOHS XDBArR PLPHELNVO C20/PO0RERN LOGOON NEON PRPomniF VD
i Associated graph Sxbl * o | |
Joint Probability: 100.00%
Log-Loss: 0
Cases: 95,710
Total Value: -89.271
Mean Value: -17.854 A
TN TN Time (h) Latitude Longitude 52) Latitude (2)
( ) |( ) Mean: 18 133 Dev. 11.532 Mean: 38 133 Dev: 4 636 Mean: 91 11 Dev: 15.538 Mean: 38 136 Dev. 4.629
\ % Value: 1 Value: 3 Value:-91.911 Value: 3
— — 7.99% <=4 1.89% ==27. 3 2.20% <=-122.475 2.64% <=28.545
. . 12.80% ==§ 0.88% ==28.98 1.28% ==-122.085 4.84% ==31.14
Longitude Longitude (2) 15.18% ==12 487% ==31.14 2.42% ==-121.285 3.05% ==32 51
TN 14.65% <=16 3.08% ==32.46 1.16% <=-119.675 1.62% ==32.81
{ ) 12.07% ==20 1.19% ==32.735 7.33% ==-116.945 2.34% ==33.41
\__’ 9.36% ==24 2.47% ==33.31 1.30% ==-115.215 0.74% ==33.495
6.68% ==28 1.09% ==33.495 0.50% ==-114.5895 8.71% ==34.255
Time (h) 6.25% ==32 8.42% ==34.285 2.91% ==-110.135 7.78% ==36.925
™ ™ o 2 3315% Zinads 3% Tioioes | 33am Sianas
== <=- <=
{\ ) (\ ) 0.35% ==40.485 6.01% ==-897.41 2.43% ==37.275
— — hea%'tugf ?61 Dey: 15 505 0.95% <=40.59 4.95% <=-85.765 0.56% <=37.425
. . Mean: 6.91% <=40.895 1.68% «=-05.34 7.97% <=38.605
Latitude Latitude (2) 2.05% 2122475 1.89% ==41.305 5.38% «=-02.185 16.01% ==40.59
119% 13701 251% <=4171 11.16% <=-87 545 6.27% <=40.875
079% 17988 3.69% <=42.065 9.48% <=-B4.155 1.68% <=41.045
738% <=116.67 6.38% ==43.07 0.80% ==-83.98 0.26% ==41.065
025 115865 2.44% <=43.94 8.78% <=-80.825 4.95% =471
107% 112178 2.99% <=44,99 1.09% <=-80.445 3.49% <=42.065
255 110135 1.25% <=45 655 225% <=-50.06 £.86% <=43155
3735 = 105675 0.91% <=46.095 14.14% <=74.315 4.69% <=44.955
240% <=10198 0.35% <=46.285 1483% «=-73.865 6.55% >44.955
530% Dyt 1.73% <=47.29 2.02% «=-7322
1.32% ==-05.51 0.38% <=47 42 370% <=-G9.87
05a% G534 1.49% =47.42 0.95% =-59.87
6.89% ==-81.705
6.89% ==-88.3
2.70% ==-87.665
1.21% ==-87.325
617% ==-B4.765
4.61% <=-83.675
8.38% ==-80.445
2.08% ==-80.1
14.63% <=-74.22
4.63% ==-73.865
213% ==-73.22
3.91% <=-69.87
0.94% =-G9.87
=9 [00| s B
'| |i7] Assodia... | [17] Assoda... |®




|E| Bayesialab - A

Metwork Data Edit

d graph 5.xbl

View Learning Inference Anal

W

Menitor Tools Window Help

DoEs XDheams PRRPAHEULUNXVY a0 srMOREAN LGOS

12 Associated graph Sxbl =

1

Joint Probability: 100.00%
Log-Loss: 0

Cases: 95,710

Total Value: -83.271
Mean Value: -17.854

S L
[ )
b =

Longitude Longitude (2)

©

Time (h)
( Y Y
s/ W
Latitude Latitude (2)

Time [h)
Mean: 18133 Dev: 11.532

Value: 1
7.99% @ <=4
12.80% ==§
15.18% ==12
14.65% ==16
12.07% ==20
9.36% ==24
6.68% ==28
5.25% =32
15.01% =32
Longitude
Mean: 91 ?62 Dev: 15505
Value: -
2.05% <=-122.475
4.19% ==-121.01
0.79% ==-119.68
7.38% =<=-116.87
0.85% ==-115.665
1.07% ==-112175
2.55% ==-110135
213% ==-105.675
2.40% ==-101.98
9.38% ==-95.0845
1.32% ==-95.51
0.69% ==-85.34
6.89% ==-81.705
6.89% ==-88.3
2.70% ==-87.665
1.21% ==-87.325
617% <=-84.755
4.61% <=-83.675
8.38% ==-80.445
2.08% ==-80.1
14.63% <=-74.22
4.63% ==-73.865
213% <=-73.22
3.91% <=-69.87
0.94% =-G9.87

|E| Target Evaluation of Time (h)

Overall Predsion: 65.0601%
Overall Reliability: 65.5115%

Mean Precision: 64.6153%
Mean Reliability: 65.6798%

Overall Relative Gini Index: 89, 2850% Mean Relative Gini Index: 90, 2438%
Overall Relative Lift Index: 87.5530% Mean Relative Lift Index: 88.1161%

Overall ROC Index: 94.6425%
Overall Calibration Index: 95.4383%
Overall Log-Loss: 0.8014

R:0.9699

R2: 0.9407

Confusion Matrix

Occurrences  Reliability  Precision

Mean ROC Index: 95.1219%
Mean Calibration Index: 95.4809%
Mean Binary Log-Loss: 0.1538
RMSE: 2.8221

NRMSE: 5.3598%

Value
<=4(7077)
<=8 (15147)
<=12 (15069)

<=4 (7648)

<=8 (12254) <=12 (14528) <=16 (14024) <

1525

167

<=16 (13525)

<=20 (10240)

<=24(9154)

<=23 (5812) 0 0 2 6
<=32 (5718) 0 0 0 0

<

=N
]
Latitude (2)
Mean: 38 136 Dev. 4629
Value: 3
<=28.545

B L

<=4 <=6 ==12 <=16 <=20
Gains Curve
9% of Time (h) = 32
100

<=24 <=25 =<=32 »32

Lift Curve ROC Curve Calibration Curve

Gini Inclex: 84 66% - Relative Gini Index: 99.61%

a0+
80
704
60
S0
40
30
20
10

0

30 40 50 60 70 B0 a0 100
% total

Options




|E| Bayesialab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GIS\Demo'\Asseciated graph 5xbl — O X

Metwork Data Edit View Learning Inference Tools Window Help

DO $DhBens PRARPEIZXLVY a0 sMNORER M0G0 OOT VBT
] o |

|E| Associate Data
Define Data Structure
Separators Encoding Options
[Jmab  []Semicolon [] Comma [ Title Line
UTF-8 - )
A [Jspace [ Other D [[] End of Line Character |:|
'-'. 0 Congider Identical Consecutive separators
'... Missing Values Filtered Values as a Unigue One
H -
LO n |t u d e te. . NR ~ il ~ 0O Consider Different Consecutive Separators
te . - NR Fv as a Unique One
NC v /A w| Remove
[] Bouble Guote as Stri
ot *e Sampling Learning/Test [ Single Quote as String Delimiters
" N
o | Define Sample | | Define Learning/Test Sets | T
. -
Ll TI me (h, [] Append to Internal Database
.
Data
Latitude Longitude Latitude (2)  Longitude (2)
42,06 -72.67 35.99 -86.9
. 42,25 -72.24 35.99 -86.9

Latitude 42.19 -73.35 35,99 359
42.3 -71.71 35.99 -86.9
42,32 -71.8 35.99 -86.9
42,43 -71.46 35.99 -86.9
42,12 -71.54 35.99 -86.9
42,39 -71.22 35.99 -86.9
42,41 -71.16 35.99 -86.9
41,82 -71.16 35.99 -86.9
41,87 -71.55 35.99 -86.9
41,89 -71.39 35.99 -85.9

Previous Save Finish

[00| s B




|E| Bayesialab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GIS\Demo'\Asseciated graph 5xbl

O *
Metwork Data Edit View Learning Inference Tools Window Help
DOES XDDCFPR PLAHELNOO a2 RNORER LHOGOOEVEOT
ik =Rl
|E| Associate Data
Define Variable Type
Type Action Information
O | Unmatched Coumns | Number of Rows | 1000/ | 100.00%
(O Discrete | “with 2 Valies ‘ Mot Distributed 1] 0.00%
Discrete Q 0.00%
(®) Continuous | All not Distributed ‘ )
Continuous 4| | 100.00%
Lon O weight | All Discrete | Others o|| o.00%
" Learning/Test | All Continuous ‘ Missing Values 0 0.00%
) Row Identifier Filtered Values Q 0.00%
Data
Latitude Longitude Latitude {Z)  Longitude ()
Latitude
Cancel || Previoss || Next | save | Fnsh
BEIE) Jo:0] s
O] D [ e =




|E| Bayesialab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GIS\Demo'\Asseciated graph 5xbl

O *
Metwork Data Edit View Learning Inference Tools Window Help
DOES XDDCFPR PLAHELNOO a2 RNORER LHOGOOEVEOT
ik =Rl
|E| Associate Data
Define Variable Type
Type Action Information
O | Unmatched Coumns | Number of Rows | 1000/ | 100.00%
(O Discrete | “with 2 Valies ‘ Mot Distributed 1] 0.00%
Discrete Q 0.00%
(®) Continuous | All not Distributed ‘ )
Continuous 4| | 100.00%
Lon O weight | All Discrete | Others o|| o.00%
" Learning/Test | All Continuous ‘ Missing Values 0 0.00%
) Row Identifier Filtered Values Q 0.00%
Data
Latitude Longitude Latitude {Z)  Longitude ()
Latitude
Cancel || Previoss || Next | save | Fnsh
BEIE) Jo:0] s
O] D [ e =




|E| Bayesialab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GIS\Demo'\Asseciated graph 5xbl — O X

Metwork Data Edit View Learning Inference Tools Window Help

DO ¥Dhherns PRARPEIZLVY a0 sNORER OG0T NEOT

ik =Rl
[8#] Associate Data X
Associate Nodes
Database Modes (0) Metwork Nodes (1) Assodiated Nodes (4)
-
.. ., . .
. .,
Longitude )
.
' 1
- * . ” B
o
Time (h)
-
Information (2)
i Rows with value greater than 48.94 will be deleted!
. & Rows with value less than -124.12 will be deleted!
Latitude
Database'sMiima | Database'sMaxima | | Networkslimits | | Remove FiteredValues | | Add or Set Fittered States
| Cancel || Previos || Mext | save | Fnsh |
o 00| dhe

@] [)asoda... | (1) Assoca.. ]




[#] EayesiaLab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GIS\Demo\Assaciated graph Sabl [m| X
Metwork Data Edit View Learning Inference Teools Window Help
DOES ADhans PRPLPAHEUNVY @=0sPORYEY LOOGOOO\NEHST
] o |
...'... ..‘...0
Longitude .- Longitude (2)
e et
{‘ [« -
..o" S~ Rename
.‘
.-'..‘ - Copy
Time  oee )
~  Set as Target Node
Monitor
Latitude charts Latitude (2)
Imputation
Select >
Connect L4
Alignment >
Properties >
S = | @ [0:0] s B
O] D [ D o




[#] EayesiaLab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GIS\Demo\Assaciated graph Sabl

Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help

DoES XEREersHm PLPEL MiliRn

w

" Associated graph S.xbl * Resampling H

Missing Values Analysis

Multi-CQuadrant Analysis
Evidence Instantiation

Assessment

[m| X
PRERN FOOOON \EON LRAuENF%"V D
l= & (Em

Jaint Probability: 100.00%
Log-Loss: 0
Cases: 997
Total Value: -89.271
Mean Value: -17.854 ]

Time (h)
Mean: 18.797 Dev: 12.915
8133

: ; Value: 1
Dynamic Bayesian Networks » _ _

Vo L 7.99% @ <=4 = <= 22
/ \\ — N, 12.80% <=8 < = 12
\ GIS Mapping 15.18% <=12 = <= 24

14.65% <=16 < p 11

- Design of Experiments g — 12.07% <=20 = e 73

9.36% =24 = <= 13
. ! ) . 6.668% <=28 P = 05
Lon |tude WebSimulator Editor !It de (2) £.25% «=32 - - 23
~= 15.01% =32 = <= 2.4
Compare ¥ =: <= ég
L 236 Dev: 15.481 - = 49

ean: -91. ev: 15, — )
=S Value: -51.762 < = 16
2.05% <=-122.475 : :f H513

= 4.19% <=-121.01 = .
Tlme (h) 0.79% <=-119.68 : :f gg

- - 7.38% <=116.87 =
/ N N 0.85% <=-115.665 = 8.7
\ \ 1.07% <=-112.175 : 122

2.55% <=-110.135
~_~ ~_ 213% <=-105.675 < 141
2.40% <=-101.98 gg
. . 9.38% <=-85.845 :
Latitude Latitude (2) 132% <9551 37
0.69% <=-95.34 0.9
6.89% <=-81.705 —
6.89% <=-88.3
2.70% <=-B7.665
1.21% <=-B7.325
B.17% <=-B4.755
4.61% <=-B3.675
8.38% <=-80.445
2.08% <=-80.1
14.63% <=-74.22
4.63% <=-73.865
2.13% <=-73.22
391 % <=-G9.87
0.84% >-68.87
< >
=] @ (00| 4« B
|| |i7] Assodia... | [17] Assoda... |®




&2 S\DemolAs b — O X
Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
DoEe BRanHR APLPLPELNVO 220 /PORERVS ROOCPONNEHOT LRLLPouERF%VAE
i Associated graph Sxbl * o |6 e
Jaint Probability: 100.00%
Log-Loss: 0
Cases: 997
Total Value: 89,271
L |
GIS Mapping X .
Heon 58 161 Dev. 4513 Homn- 35390 Dev: 0.000
- ean: 3 EV. &, ean: . ev:
FEDERITEE valug: 39133 value' 38136
o e Map Type |Roads v =4 1.89% <=27.31 2.64% <=28.545 22
/ \\ N 0.88% <=22.38 4.84% «=31.14 12
) Latitude | Latitude v 2 487% ==31.14 3.05% <=32.51 24
\ ) 3.08% <=32.46 1.62% <=32.81 1.1
~__ ~ Longitude |Longitude 0 1.19% ==32735 2.34% «=33.41 73
4 2.47% <=33.31 0.74% <=33.485 13
. . Shape 8 1.09% <=31.495 8.71% <=134.255 05
Lonqitude Longrt de (2) ® e [ 2 8.41% <=34.255 7.78% <=35.025 29
AN 7.74% <=35.35 4.23% <=36.58 24
i : L 3215% <=40.445 2.29% <=36.845 12
O Disarete | Latitude (2) )| 035% <=40.495 243% <=37.275 6.0
0.95% <=40.59 0.56% <=37.425 49
~— T 6.91% <=40.895 7.97% <=38.895 16
] 27 475 2.88% <=41.395 16.01% <=4058 53
. (®) Fixed 100 2101 251% <=41.71 8.27% ==40.875 1.1
Time (h) 1968 3.69% <=42.065 1.68% <=41.045 9.4
P P (O Discrete | Lafitude (2) 1687 6.38% <=4307 076% <=41 085 08
/ N N [le 556 2.44% <=4394 4.95% =41 71 87
(O Continuous  |Latitude (2) 12175 2.99% ==44.99 3.49% <=42. 065 1.0
\ \ 10135 1.25% <=45 555 6.86% <=43155 22
~_ ~_ 05675 0.91% <=46.095 4.69% <=44.955 141
- - Color 0198 0.35% <=46.285 £.50% >44.855 48
. . OFixed [N B5.645 173% <=47.29 20
Latitude Latitude (2) b 51 0.38% AT 37
(O Disaete |Latitude (2) 95.34 . .
B1.705 —
cont T BE s
®) Continuous | Tme (hj . I 5o
B7.325
Min Mid Ba 755
B3675
Opaity B0.445
) BO 1
(@) Fixed 1 Fa32
(O Disaete |Latitude (2) ;gggs
[9.87
(O Continuous | Latitude (2) b.a7
Cancel
< >
= @ (00| 4« B

|| [ﬁnssoda... | [ﬁ.ﬂssoda... |®




Conrad

OneDrive - Bavesia USA\Studies\GIS\Dema

ssociated araph Juxbl

Metwork Data Edit View Learnin |Z| Map B - %
= %
#
~"j OWe &80 Map Canada N
i Associated graph Suxbl * L = lili\é
J AEEE R MANITOBA
|
7 BRITISH
COLUMEIA SASKATCHEWAN NEWFOUNDLAND
AND LAEBERADOR
A
L Longitudeé%)
ONTARIO QUEBEC 00 Mean: -86.900 Dev: 0.000
Value:-81.911
— 2.20% <=-122.475
.‘/ N, 1.20% <=-122.005
242% <=-121.285
i 1.16% <=-119.675
A o] MOMN T AN A A1 NB L 7.33% <=-116.045
V1% 300 A Oftawa_ Montreal | PE 1.31% <=-115.215
. i T O aEY 0.50% <=-114.585
Longitude - 3 Toronte b AEBNovaiscoTIA 281% <=-110135
e ) M Qs 2.40% <=-105.275
WYOKING - 1.26% <=-103.085
1ED3 e = 6.01% <=-87.41
. 4.95% <=-95.765
n . T 1.68% <=95.34
NEVARR L gk h 5.39% <=-02185
g B! 11.16% <=-87.545
. 9.48% <=-84.155
el A 080% <=-8398
// ~ .55 Vegas s SEERE ; B 8.78% <=-80.825
et drBols el PR 1.09% <=-00.445
\ Yan Diegr | NEW MFX I | N R 2.25% <=-80.08
~_ [ . v a2 14.14% <=-T4.315
— 2 s A 183% <=-73.865
L t't d A 2.02% <=-73.22
3.70% <=-G9.87
atitude ‘wLaon 0.95% >-60.87
F Ca o vA
Gulf of
Mexico
Mexico
Cuba
Mexico City Dominican
B JRepublic
Puerto Rico
G{III!‘EII\!JI
R /"‘!‘?ﬂd",rv'-.."" E Caribbean Sea
Nicaragua
B Caracas
Costa Rica Map data 2018 Google, INEG 500 km b1 Termea of Use
Save As... Print
B >
“~ = o loo| 4 B

|| [Iﬂnssoda... | Llﬂ.ﬂssoda...




Drive Time Bands

Computing the Cost

* “Search the Map” =» slow, but accurate
* Great-Circle Distance Computation =» fast, but inaccurate
° Learn & Infer =» fast and good approximation

BayesialLab.com 41




gAYESIALAB

Spatial Learning and Optimization

Example 2: Hub Location



Spatial Learning and Optimization

Optimization Problems Under Consideration

1. One origin, one destination =» Shortest Path Problem

2. One origin, many destinations =>» Drive Time Bands

3. Many origins, one destination =>» Store Location Problem
-4. Many origins, one hub, many destinations = Hub Location Problem

5. Many origins, multiple hubs, many destinations =>» Multi-Hub Location Problem

General Objective

* Minimize “cost function,” e.g., travel time, distance, fuel consumption, number of
turns, etc.

* Further assumption: all “participants” have same objective.

BayesialLab.com 43




Hub Location Problem

BayesialLab.com

[ map -
o J
Map - -
Victoria™
Seattle
WASHINGTON BAKOTA ™
‘ MONTANA
MINNESOTA : .
Portland Mantreal D t t
t - _ , Mot estinations
. i Ottawa.
SOUTH WISCO | s
DAKOTA \ VERMONT
MICHIGAN Torono g / bk
. . ® NE.GRK HAMPSHIRE
Origins P ;
Chicago o MAS?ATUS TTS
- a A
NEBRASKA RI
PENNSYLV AN e
United S ILLINOIS | INDIANA oo P hi
ni . K g
te tates Kans%s City Indianapolis MARYLA
®  DE
COLORADO i g WEST
KANSEE MISSOURI IRGINIA Gl
- .
L KENTUCKY VIR
FORNIA Las \6egas 2 i
U okLgHoma TE EE NORTH
o WCAROLINA
ARKANSAS Charlotte
~ NEW MEXICO J Atlanta SOUTH
. MISSISSIPPI CAROLINA
ALA
v i "A GEORGIA
aso
T
~Tygsen °‘-.\ TEXAS
BAJA
CALIFORNIA o o ™ Austin . T Jacksonville
. o Houﬂstcn i
CHIHUAHUAL  / “\ ° New Orleans
N~ | San Antonio Orlando
a A o
% COAHUILAY, pa
o 1 RIDA
A L
5, NUEVO LEON N
% = Miami
AJA Monterrey Gulfof i
SINALOA Vexice o
Go gle CALIFORNIA SUR DURAN Meses Map data ©2018 Google, INEGI 200 km L Terms of Use
Save As... Print.



Hub Location Problem

Workflow

* Encode theoretical model of problem domain.
* Define Nodes

* Observed

* Unobserved

* Functions
* Load data for origins and destinations.

* Perform Function Optimization.
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Map of Analytic Modeling & Reasoning

Model Source

Where?

Causal Model
Causal Inference

Attribution

Description | Prediction Explanation | Simulation Optimization

 Association/Correlation  Model Purpose | Causation |

BayesialL.ab.com



Hub Location

Theoretical Model o
Problem Domain

Longitude in

REGIERS

Latitude in

RELIENRS

BayesialL.ab.com

Function Node:
Grand Total

Computed,
unobserved
node

A

phi2

To be
am d\manipulated

Computed,
unobserved
node

To be
manipulated

Qub Latitude (Degreesy

N
o

lambda3

‘ Destinations

Y




Hub Location g

O o
Theoretical Model of / i\ /

Problem Domain 7] Node Editor

Mode Selection: | Distance 1 w Rename
) ----- Values State Names Reference State Filtered State Comment
States Probability Distribution Properties Classes
jstance Probabilistic Determiristic Tree Equation

Equation Type: (@) Deterministic  (_) Probabilistic

YDistance 17 =
2*3955%Asin{sqrt{(Sin{{?phi2?-?phi1?)/2)) 2 +Cos(?phi1?) *Cos(?phi2?) *(Sin({?lambda 27 -?lambda 17)/2)) ~ 2J)

-

erated!

d=2r arcsin(\/hav(cpg — 1) + cos(p1) cos(p2) hav(As — )\1))

1000 | Smoothing: 0| [«]Fixed Seed: 31 Valid:
i ba Distributions & | [Distance 1
: L2 P2 TP 12 A2 — A Efﬁﬁaz?pmba Distributior | [lambda1
2rarcsin| , /sin ( 5 ) + cos(1) cos(yp2) sin ( 5 Contous ot o
Arithmethic Functions lambda2
k Transformation Functions phi2
Conversion Functions
Trigonometric Functions
Relational Operators v
£ >

BayesialL.ab.com



Hub Location O O O

lambda1 ambda2 lambda3

Theoretical Model of
PrObIem Domain Hub Longitude (Degrees)

[#] Node Editor X
Mode Selection:  Total Distance R Rename ‘ }

Total Distance istance

Egquation Properties Classes Comment

#Total Distance? =
MeanValue(?Distance 17)-+MeanValue(?Distance 27)

Please validate formula!

&

Samples: 1 Fixed Seed: 315 Validate

Discrete Proba Distri » | [Distance 1
Continuous Proba Di Distance 2
Spedal Functions phi2 phi3
Inference Functions
Arithmethic Function
Transformation Func
Conversion Functior
Trigonometric Funct ¥

< ? Hub Latitude (Degrees)

oK Cancel
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- Node to be
Hub Location S
Theoretical Model of
PrOblem Domain Hub Longitude (Degrees)

Value to be
minimized

Node to be Phis
optimized

Hub Latitude (Degrees)
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|E Bayesialab - C\Users\StefanConrady' OneDrive - Bayesia USA\Studies\GI5\2 Hub Lecation\Hub Radians Reference 2xbl — m} *
Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
DoES XBEs s Visual =20 AMNORNERAN ROOCOENEON PRLLPumRxF%VTE
1~ Hub Radians Reference 2.xbl Report > ===
Jaint Probability: 100.00%
MNetwork Performance > Log-Loss: 0
Cases: 625
Target Optimization b Total Value: 2,546,527
o T Mean Value: 254.653 A
hit hi3
Tree Mean 0 684 Dev: 0.069 Vean 0684 Dev 0068
—_— Genetic Shift+F —_ Walue: 0.681 Value: 0.689
s ) e ) 0.02% <=045 0.02% =045
\_ _J — 0.02% <=05 4.01% =05
4.01% <=055 0.02% <=0.55
lambda ambd lambda3 15.99% <=06 5.00% <=0.6
27.97% <=0E5 8.00% <=0.65
15.99% <=07 27.97% <=0.7
8.00% <=0.75 35.96% <=0.75
8.00% <=08 156.99% <=08
19.98% <=0.85 0.02% <=0.85
0.02% =085 0.02% =085
Hub Longitude (Degrees)
lfe’lmbda11 839 Dev: 0.217 ‘Feﬂmbdagl 649 Dev: 0.318
ean: - av: ean’ - ev:
i — Value: -1.838 Value: -1.650
e >l - 2398% =209 10.00% <=2.09
— — 12.00% <=-1.98 10.00% <=-1.98
) Total Di 8.00% <=187 10.00% <=-1.87
istance otal Distance istance 4.01% <=-176 10.00% <=-1.76
23.98% <=-1.E5 10.00% <=-1E5
27.97% <=154 10.00% <=-154
0.02% <=-1.43 10.00% «=-1.43
0.02% <=-132 10.00% <=-1.32
0.02% <=1.21 10.00% <=-1.21
0.02% =1.21 10.00% =1.21
Ve ] —, lambda3 Rﬂhiz
) ) Mean' -1 385 Dev 0.092 Ran 0649 Dev 0143
_ N4 _ Value: -1.394 Value: 0.650
0.01% <=21 10.00% =045
phi1 phi2 phi3 001% <=2 10.00% <=05
0.01% <=19 10.00% <=0.55
0.01% <=18 10.00% <=0.6
0.01% <=17 10.00% <=0.65
0.01% <=16 10.00% <=0.7
15.99% <=15 10.00% <=0.75
31.96% <=-14 10.00% <=08
: 31.96% <=1.3 10.00% <=0.85
Hub Latitude (Degrees) 19.38% <=12 10.00% >0.85
0.01% =12
= @ |20/ s = B
." MHubRa... |A




|E Bayesialab - C\Users\StefanConrady' OneDrive - Bayesia USA\Studies\GI5\2 Hub Lecation\Hub Radians Reference 2xbl — m} *
Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
DoES XBEs s Visual =20 AMNORNERAN ROOCOENEON PRLLPumRxF%VTE
1~ Hub Radians Reference 2.xbl Report > ===
Jaint Probability: 100.00%
MNetwork Performance > Log-Loss: 0
Cases: 625
Target Optimization b Total Value: 2,546,527
o T Mean Value: 254.653 A
hit hi3
Tree Mean 0 684 Dev: 0.069 Vean 0684 Dev 0068
—_— Genetic Shift+F —_ Walue: 0.681 Value: 0.689
s ) e ) 0.02% <=045 0.02% =045
\_ _J — 0.02% <=05 4.01% =05
4.01% <=055 0.02% <=0.55
lambda ambd lambda3 15.99% <=06 5.00% <=0.6
27.97% <=0E5 8.00% <=0.65
15.99% <=07 27.97% <=0.7
8.00% <=0.75 35.96% <=0.75
8.00% <=08 156.99% <=08
19.98% <=0.85 0.02% <=0.85
0.02% =085 0.02% =085
Hub Longitude (Degrees)
lfe’lmbda11 839 Dev: 0.217 ‘Feﬂmbdagl 649 Dev: 0.318
ean: - av: ean’ - ev:
i — Value: -1.838 Value: -1.650
e >l - 2398% =209 10.00% <=2.09
— — 12.00% <=-1.98 10.00% <=-1.98
) Total Di 8.00% <=187 10.00% <=-1.87
istance otal Distance istance 4.01% <=-176 10.00% <=-1.76
23.98% <=-1.E5 10.00% <=-1E5
27.97% <=154 10.00% <=-154
0.02% <=-1.43 10.00% «=-1.43
0.02% <=-132 10.00% <=-1.32
0.02% <=1.21 10.00% <=-1.21
0.02% =1.21 10.00% =1.21
Ve ] —, lambda3 Rﬂhiz
) ) Mean' -1 385 Dev 0.092 Ran 0649 Dev 0143
_ N4 _ Value: -1.394 Value: 0.650
0.01% <=21 10.00% =045
phi1 phi2 phi3 001% <=2 10.00% <=05
0.01% <=19 10.00% <=0.55
0.01% <=18 10.00% <=0.6
0.01% <=17 10.00% <=0.65
0.01% <=16 10.00% <=0.7
15.99% <=15 10.00% <=0.75
31.96% <=-14 10.00% <=08
: 31.96% <=1.3 10.00% <=0.85
Hub Latitude (Degrees) 19.38% <=12 10.00% >0.85
0.01% =12
= @ |20/ s = B
." MHubRa... |A




|E Bayesialab - C\Us

Metwork Data Edit View Learning Inference Analy

s\StefanConrady\OneDrive - Bayesia US

1dies\ G543 Hub Location\Hub Ra

Menitor Tools Window Help

ns Reference 2xbl

Do XHhEand PRPLPEALZKVY &=207POREAN HOOPOENNEHON PLPuExF%vail

1~ Hub Radians Reference 2.xbl

@,

lambda

'

@)

phi1

istance

Total Distance

Nz
phi2

Hub Latitude (Degrees)

[ [nint Drahahilie 100 0002

Genetic Optimizatien of Functions

" Function
k. 4 Target |Total Distance -

’ Value i}
Ontions

Restrict Search to the Selected Mode

Search Method

() Hard Evidence

Value/Mean Variations in % of

(® Mean ()Domain () Progression Margins
() MinXEnt (@) Binary () Value Shift

Intermediate Points 0=

[] Direct Effects

Genetic Settings

Mumber of Kingdoms 55
Population Size 0=
Crossover Rate (%) 10

Gene Mutation Rate (%) 2535

Selection Rate (¥&) 501+

Fixed Seed: 315

Genetic Stop Criterion

Consecutive Number of Generations Without Improvement
() For Each Kingdom
(®) Across all Kingdoms

Output

(7) Store the n Best Solutions in Evidence Scenarios

(®) Store All the Solutions in Evidence Scenarios

(®) Replace Evidence Scenarios

() Append to Evidence Scenarios

save All Generated Solutions

0K Cancel

n: 0684 Dev: 0.068
e 0.689

g

m

AN AN N AN
L | [ T T 1
Sooooooo
DJ‘\J"\I%U‘JU’IUW.&-

i
o
o
o

=085

da2
n -1.649 Dev: 0.318
e -1.650

n: 0649 Dev: 0.143
e 0.650

g

m

AN AN N AN
L | [ T T 1
Sooooooo
DJ‘\J"\I%U‘JU’IUW.&-

i
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o
o

Erowse
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o
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|E| Bayesialab - C\Users\StefanConrady\OneDrive - Bayesia USA\Studies\GI5\3 Hub Location\Hub Radians Reference 2xbl

— O *
Metwork Data Edit View Learning Inference Analysis Menitor Tools Window Help
DoES XPhEersH PRPPEILNVY @20 RO0REHAN hOOOOENEON PRLPugR[FWvE
] o |
Joint Probability: 1.95%
Log-Loss: 5.68
Cases: 12,22
Total Value: 1,584.895
Mean Value: 158.439 =
lambda2 Hub Lon%mude IE]Degreesa3
T - - ean: -1.515 Deyv: 0.057 Mean: - ey 420
|E| Optimization Report of Total Distance (Hub Radians Reference 2) Value -1.515 (+0.135) Value: -86.687
0.00% ==-208 0.00% ==-1183
Analysis Context 0.00% ==-198 0.00% ==-1128
moss | 22 o | o s
— 0.00% ==-165 0.00% ==955
Initial State 27 50% |0 ==-154 21.12% ==-8918
Value 72.50% [T <=-143 53.14% ==-841
0.00% <=-132 25 74% =784
26067017 0.00% <=121 0.00% =727
0.00% =121 0.00% =727
Search Method: Value/Mean Variations in % of M bilities (Binary)
hi2 Hub Latitude { Degrees%
ean: 0709 Dev_ 0026 Mean: 40 637 Dev: 1 929
Value: 0.710 {+0.080) Value: 40.691
0.00% <=0.45 0.00% <=26.5
0.00% <=0.5 0.00% <=28
0.7089 (0.0596) 0.00% <=0.55 0.00% <=315
0.00% <=0.6 0.00% <=34
0.7089 (0.0596
J L 0.00% <=0.65 0.00% <=36.5
SO 6) 29.43% [ <=0.7 18.37% <=39
70.57% [ ==0.75 45 64% <=415
e 0 =
- i ==, i <= )
lambda2 | phi2 Score Value 0.00% ~0.85 0.00% =465
0.7089(1,633.5593] 1,633.5583 (-973.1433) ) )
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Hub Location Problem
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Upcoming Events

Webinars & Seminars:

* Junel Webinar: Health Outcomes Research

°* June 19 Seminar in Chicago: Knowledge Discovery in Financial Data

Register here: bayesia.com/events
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BayesiaLab Courses Around the World in 2018

* June 26-28 * QOctober 29-31
Boston, MA Chicago, IL
* July 23-25 * December 4-6
San Francisco, CA New York, NY
BAYESIALAB
° August 29-31
Introductory
London, UK

Course
* September 26-28 m
New Delhi, India

Learn More & Register: bayesia.com/events

stefan.conrady@bayesia.us 58




BayesiaLab Trial

Try BayesialLab Today!

* Download Demo Version:
www. bavesialab.com/trial-download

* Apply for Unrestricted Evaluation Version:
www.bayesialab.com/evaluation
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User Forum: bayesia.com/community

BAYESIALADB
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Q This Category - Search Log In Register

& BayesiaLab Seminars

Latest New Top

Webinar on Diagnostic Decision Support with Bayesian Networks ©0 b0 ® 0
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Thank You!
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