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COMPLETE
SESSION SURVEYS

YOUR

« Asurvey was placed at your seat. It should take less than 2 minutes to complete OPINION

* Please return your completed surveys AS YOU EXIT the room

+ Surveys are anonymous, and we rely on your opinion for improvement
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STATEMENTS

This presentation includes “forward-looking
statements” within the meaning of the Private
Securities Litigation Reform Act of 1995. These
forward-looking statements may be identified by
the use of terminology such as “believe,” “may,”
“will,” “intend,” “expect,” “plan,” “anticipate,”
“estimate,” “potential,” or “continue,” or other
comparable terminology. All statements other than
statements of historical fact could be deemed
forward-looking, including any projections of
product availability, growth and financial metrics
and any statements regarding product roadmaps,
strategies, plans or use cases. Although Alteryx
believes that the expectations reflected in any of
these forward-looking statements are reasonable,
these expectations or any of the forward-looking
statements could prove to be incorrect, and actual

:NSPIRE
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[FORWARD-LOOKING

results or outcomes could differ materially from
those projected or assumed in the forward-looking
statements. Alteryx’s future financial condition
and results of operations, as well as any forward-
looking statements, are subject to risks and
uncertainties, including but not limited to the
factors set forth in Alteryx’s press releases, public
statements and/or filings with the Securities and
Exchange Commission, especially the “Risk
Factors” sections of Alteryx’s Quarterly Report on
Form 10-Q. These documents and others
containing important disclosures are available at
www.sec.gov or in the “Investors” section of
Alteryx’s website at www.alteryx.com. All
forward-looking statements are made as of the
date of this presentation and Alteryx assumes no
obligation to update any such forward-looking
statements.

#ALTERYX19

Any unreleased services or features referenced in
this or other presentations, press releases or public
statements are only intended to outline Alteryx’s
general product direction. They are intended for
information purposes only, and may not be
incorporated into any contract. This is not a
commitment to deliver any material, code, or
functionality (which may not be released on time
or at all) and customers should not rely upon this
presentation or any such statements to make
purchasing decisions. The development, release,
and timing of any features or functionality
described for Alteryx’s products remains at the
sole discretion of Alteryx.
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With Alteryx, I can...
Have fun at work

When I use Alteryx, I feel...

Smarter than I really am
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With Alteryx, I can solve real problems

When I use Alteryx, I feel empowered |
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10:00 - 12:00
Introductions
Data Investigation
DEVER T ETE )]

12:00 - 1:00
Lunch

1:00 - 2:30
Model building

2:45 - 3:30
Time Series Analysis
Analyzing Results

3:45 - 5:00
Clustering
Deploying Models
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To cover the steps involved with building a predictive model in Alteryx.
How to investigate and prepare your data
The tools available and their configuration
Creating a repeatable process

We do not teach statistics or recommend which models to use

With Alteryx we provide a low barrier to entry of utilizing predictive modeling
Does not circumvent the need for foundational understanding of statistics and predictive modeling

#ALTERYX19

PREDICTIVE
METHODOLOGY

'ENSPIRE #ALTERYX19
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PREDICTIVE LIFECYCLE

Business

Understanding \

Data
Understanding

I I

Deployment

Data

:NSPIRE
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Evaluation Preparation
\ Modeling /
:INSPIRE Cross Industry Standard Process for Data Mining (CRISP-DM) S ALTERYXA10 '3
PREDICTIVE LIFECYCLE (REALITY)
v :usines;
nderstanding
~ Data
. Understanding
Deployment
Evaluation D a t a
"\ ... »~~ Preparation
:INSPIRE Cross Industry Standard Process for Data Mining (CRISP-DM) EALTERYXA10 14
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DATA INVESTIGATION
AND PREPARATION

Data preparation accounts for about 80% of the work of data scientists

What data scientists spend the most time doing

® Building training sets: 3%

Press, Gil. Forbes, Mar. 23, 2016: Cleaning Big Data: Most Time-Consuming, Least Enjoyable Data Science Task, Survey Says

l NSPlRE #ALTERYX19
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BUSINESS
UNDERSTANDING

#ALTERYX19

ICASE STUDY 1:

A quick service restaurant chain has a store that they feel is underperforming.
Given the provided data, they have asked that you perform a linear regression
model on some customer data and determine the “gap” on actual sales versus
modeled sales. Start with data investigation to explore your data set and create
your model(s).

Data available:
Customers matched to HH data for income and size of HH

Objectives:

To find out which customers are over/underperforming based on their spending and modeled
expected sales.

Calculate the “gap” of actual customer sales versus modeled.

.ENSPIRE #ALTERYX19
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DATA

UNDERSTANDING

iINSPIRE #ALTERYX19 19
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DATA INVESTIGATION
PHASE GOALS:

Find out what’s useful (significant)
Get rid of what’s not useful
Clean up the data

Consolidate if necessary

EN'SPIRE #ALTERYX19 22
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EXERCISE:
DATA INVESTIGATION

& PREPARATION

Feel free to follow along with the completed
workflow, or build out along side us!

01 spend data investigation.yxmd

INSPIRE #ALTERYX19 24
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DATA INVESTIGATION:

\\\\\\\\\\\\\

lllll

Provides info on each field in our data, -
useful to find: -
* Fields with missing values (NULL) /

*  Constants (fields with same value for _
every record) Unique Values=1 '

e Zeros in numeric data? (Min=0) \ l . .
*  Numeric Fields w/ few unique values, . S . . . —

1s it categorical?

Frequency of Ed_Attain_Ref Values
eColjis:

*  Values w/ small counts, should they
be combined with other categories?

nnnnnnnnnnnn
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DATA INVESTIGATION:
* Same information as browse tool, " e .
but in one consolidated view : Data
*  Provides values as data, which can =
be used in calculations /
N I N -
B ok L L |
- Interactive
L
iNSPIRE -

]
THINGS TO LOOK FOR:
Usage ACTION:
1 .
Constants: A field where every | 1 Remove field because it has no
' ; predictive value
row contains the same value. |
1
1
o Record # Age Find missing value, Remove record or
Missing Values: NULLSs 1 _| Impute value (zero or average)
2
3
la
5
Zeros: : s -| Awareness: Will cause error if a log()
transformation is done on that field.
i:'oEuN,.ﬁLE.!DRZMEQ #ALTERYX19 28
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Imputation (47) - Configuration X
Imputation Options
4 Fields to impute All Nore
IMPUTATION ¢
[] AGE_REF
@ [] FAM_SIZE
L 0
Nulls are invalid in data (not a number)
$0 income/family size (maybe use average?) coming e 1o repace
Imputation allows you to keep the record for your O ity
analysis and replace the NULL value with either the field ® User specified value
average or another value. oooo0 |2
Many R based tools will error if you pass a NULL value. Replace with value
(®) Average
(O) Median
() Mode
(O User specified value..
|:| Include imputed value indicator field
ifuNﬂﬁLE!DRmED #ALTERYX19 29
DATA INVESTIGATION:
]
Scatterplot of Income versus Spend
Used to display data for 2 variables:
* Analyze the relationship between )
the 2 variables -
* For example: — | 17
]
- Income vs. Spend i 2/
[
#NSPIRE #ALTERYX19 30
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ALTERYX
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NSPIRE
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S 7)-Config n v Scatterplot of Income versus Spend
Configuration Plot elements Style options Graphics Options .Linear regression line
(D E] Least-squares (regression) line 2 § 4
<ﬂ> [ smooth line " ) Spread
©
Span for smooth
P 50 = fog .
® = - £ 271 Smoothcurveline
|z Show spread 8 & ’
i
E] Marginal boxplots i § i
D Jitter X °
[ sitter v
[] Log X axis o
[ Log ¥ axis oes00 26405 4405 5e05 8e405
D Plot by groups... v ncome
) -[D—_n o v o
iziNAﬁLE.ElDRmEg #ALTERYX19 31
DATA INVESTIGATION: Three Outputs
Record Field_Mame Field_Value Frequency Percent Data
. . . 1 Responder Mo 2243 8354
Provides info on each field in our 2 Responder ves 430 1606
data, useful to find:
Record Table
/ Ed_Attain_Ref
* Counts and percentages of each Vi Py P o ey Gk P
. O O " =5 Report
value in a field
—
* Dig deeper to explore initial
ﬁndings from \ Ed_.Attain_Ref
[ —
EvaNAg:LEI!DRmEB #ALTERYX19 32
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One Output
. Plot of Means for Spend by Ed_Attain_Ref Levels
Compare two variables:
5 e
*  Response field: numeric or binary ’/ A
categorical vs. categorical field gl
*  For example: H -
- Spend versus educational attainment @ g ] -
- -‘-—-‘\___7.'"
5 \
K ]
Blch‘elcl"s Gfadilel Hm'lad LT:‘!S NDS::hDDl SGmeCt‘:UAssoc
Ed_Aftain_Ref
#NSPIRE #ALTERYX19 33
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f Mesns(36)-Configurstion v I Plot of Means for Spend by Ed_Attain_Ref Levels
Configuration  Graphics Options g o
< H
< Response field ~ ®
& Spend ~ ‘/J.
E) The response field should be continuous or binary categorical [e.g., o -
® yes/nal. 2
® |:| The response field is binary categaorical.... -
c -p-
Select a categorical field to group by g_ §
Ed_Attain_Ref - L -
Error bars .Q\_' G
®
(® Standard error e
2
() standard deviation 2 1
() confidence interval... '§
O Mone T T T T T T
Bachelor's Grad/Prof HSGrad LTHS NoSchool SomeCol/Assoc
v
@ Ed_Attain_Ref
.
..
“#iNSPIRE #ALTERYX19 34
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ALTERING VALUES TO
PROVIDE ORDER FOR

ALPHABETICAL ORDER

DESIRED ORDER

Plot of Means for Spend by Ed_Attain_Ref Levels

2000
1

i

= L\\\. /

K1

T T
Bachelor's Grad/Prof HSGrad LTHS NaSchool SomeCollAssoc
Ed_Attain_Ref

Spe

Spend

1600 1800 2000

800 1000 1200 1400

Plot of Means for Spend by Ed_Attain_Ref Levels

T
2HS 3Some_Col 4Bachelors
Ed_Attain_Ref

#NSPIRE
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ALTERING VALUES TO
PROVIDE ORDER FOR

ALPHABETICAL ORDER

Bachelor’s Degree
Grad / Prof Degree
HS Grad

LT HS
No Education

Some College / Assoc

#ALTERYX19

35
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ALTERING VALUES TO
PROVIDE ORDER FOR

ALPHABETICAL ORDER

5 Bachelor’s Degree
6 Grad / Prof Degree
3 HS Grad

2 LT HS
1 No Education

4 Some College / Assoc

ALTERING VALUES TO
PROVIDE ORDER FOR

Bachelor’s Degree
Grad / Prof Degree
HS Grad

LT HS
No Education

Some College / Assoc

#ALTERYX19

1 No Education

2 LT HS
3 HS Grad

4 Some College / Assoc
5 Bachelor’s Degree
6 Grad / Prof Degree

37

ALPHABETICAL ORDER DESIRED ORDER

NSPIRE
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ALTERING VALUES TO
PROVIDE ORDER FOR

ALPHABETICAL ORDER DESIRED ORDER

Plot of Means for Spend by Ed_Attain_Ref Levels Plot of Means for Spend by Ed_Attain_Ref Levels

2000
1

1800
1

1500

1600
1

Spend
-
Spend
1400
L

1000
L

1200
1

1000
1

500
L

800

T T T T T T
Bachelor's Grad/Prof HSGrad LTHS NaSchool SomeCollAssoc
Ed_Attain_Ref

T T T T T
1LTHS 2HS 3Same_Col 4Bachelors SGraduate

Ed_Attain_Ref

siN@PIRE #ALTERYX19 39
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Assodiation Analysis (44) - Configuration A x FC(USEC’ Aﬂﬂ’ijS on Ffeld HO(E, Spend
Configuration Association Measure p-value
[ Target afield for more detailed analysis Income 0.520218 000000000 ™ I{eport
oot o Age -0.100922 0.00019412 ***
argetnel Family_Size 0.089071 0.00101225 **
Spend v

The target field should be numeric or binary categarical (g4, yes/na). Correlation Matrix with ScatterPlot

The target level of interest if the target field is binary categorical (g, yes)

Fields (select two or more) Il Hone

Interactive

Measure of association

(@) Pearson product-moment correlation
(O Spearman rank-order correlatian

() Hoeffding's D statistic Age

Hotel_Spend

NISP|RE #ALTERYX19 40
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Focused Analysis on Field Spend

Pearson Correlation Analysis

YOU - AMPLIFIED - 2019

Impute

Filter
- Remove Nulls for Region variable

Formula

Recap - What did we do to prepare for o

- Replace 0 values for Income variable with average

first model

- Create new variable for families, if MC with Children then 1, else 0
- Create new variable for education, if Bachelor’s degree or higher then 1, else 0

Write out results to yxdb file name “RE_Sales Modellnput.yxdb”

DATA INVESTIGATION & PREPARATION

L. . Association Measure p-value
Association Analysis Results: Income 0.505370 0.00002+00 ***
Colbeg 0.265151 0.0000e+00 ***
. . MCwChldrn 0.187470 1.1919e-12 ***
Association measure-strength of the AGE_REF -0.099309 1.8380e-04 ***
. . . FAM_SIZE 0.089070 7.9938e-04 ***
relationship between 2 variables (-1 to 1)
Full Correlation Matrix
T ot s : Spend Income AGE_REF FAM_SIZE ColDeg MCwChldrn
P-value — Statistical Slgmﬁcance Spend 1.000000 0.505370 -0.099309 0.089070 0.265151 0.187470
Income 0.505370 1.000000 =0.132323 0.192446 0.328096 0.273593
: M 3 AGE_REF -0.099309 -0.132323 1.000000 -0.328755 -0.106623 -0.321402
Correlatlon atrlc FAM_SIZE 0.089070 0.192446 0.328755 1.000000 -0.056316 0.540003
ColDeg 0.265151 0.328096 0.106623 -0.056316 1.000000 0.126255
MCwChidm 0.187470 0.273593 -0.321402 0.540003 0.126255 1.000000
Matrix of Corresponding p-values
Spend Income AGE_REF FAM_SIZE ColDeg MCwcChldrn
Spend 0.0000e+00 1.8380e-04 7.9938e-04 0.0000e+00 1.1919e-12
Income 0.0000e+00 5.9344e-07 2.9088e-13 0.0000e+00 0.0000e+00
AGE_REF 1.8380e-04 5.9344e-07 0.0000e+00 5.8872e-05 0.0000e+00
FAM_SIZE 7.9938e-04 2.9088e-13 0.0000e+00 3.4221e-02 0.0000e+00
ColDeg 0.0000e+00 0.0000e+00 5.8872¢-05 3.4221e-02 1.9123e-06
MCwChldrmn 1.1919e-12 0.0000e+00 0.0000e+00 0.0000e+00 1.9123e-06
-
..
sis
#NSPIRE #ALTERYX19 a1

Starting with the dataset, “Restaurant Sales.yxdb”, we did the following actions to get the data ready for modeling

SNSPIRE
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MODELING -

PREDICTIVE TOOLS

NSPIRE
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INSPIRE #ALTERYX19 46
YOU - AMPLIFIED - 2019
Business
Understanding \
Data
Deployment Understanding
Dat:
Evaluation Preparati
l iINSPIRE #ALTERYX19 a7
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Create Samples (37) - Configuration * I x
CREATE SAMPLES
Estimation sample percent
70 =
* Designed for sampling data set for modeling Saldation samp e percent
estimation and validation .
The total of the estimation and validation percentages should be less than or
equal to 100, 1f the sum is less then 100, then the residual percentage is placed in
® Generates 2 or 3 random Samples the haldout sample. Using the default settings, 34% of the records are inthe
_ Estimation _ data used to create model (1_99%) ;s;:;nrfcls;\ds;ag\aﬁf while the validation and holdout sample will have 33% of the
- Validation — data used to validate model (1-99%)
Random seed
- Holdout — any remaining percentage of records 1 =
from estimation and validation
(]
o
#NSPIRE #ALTERYX19 a8
YOU - AMBLIFIED - 2018
Three Outputs
MName Object
LINEAR REGRESSION JETT I ETTTT N e
=
Report for Linear Model SLG_OPS
| Basic Surmmary
Call:
. . Imiformula = R_G ~ SLG + OPS, data = inputsSthe.data)
* Aka Linear model or Least squares regression Residuas
T L
* Creates linear model to determine expected value of target / e —
* Numeric target (i.e. spending) T L T T T T Report
. Residual standard e.\rmr: 0.13342 0n 27 degre.es .ol freedom
* Model output can be saved for later execution Fdeic 1573 on 3000 27 O, pvase 1552013
Type Il ANOVA Analysis
* Report output for review/analysis oG ‘
S‘\’g‘:‘?‘iac:nce codes: 0 0.05%'01"'"1
.v
- Interactive
#NSPIRE #ALTERYX19 49
VOU - AMPLIFIED - 2078
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REPORT

LINEAR REGRESSION

[ Tabie |{Repor |

Lof1Fields o7 |

Records1tol0 b M

Im(formula = Spend ~ Income + AGE_REF + FAM_SIZE + ColDeg + MCwChldrn, data = the.data)

g Residuals:
° Min 1Q Median 3Q Max.
-4986 -645 -333 368 9365
g Coefficients:
! Estimate Std. Error t value Pr(>|t])
(Intercept) 590.363914 2.057e+02 2.8703 0.00422 **
Income 0.007228 7.197e-04 10.0431 < 2.2e-16 ***
AGE_REF 0.893107 2.979e+00 0.2908 0.76439
FAM_SIZE -24.103665 3.484e+01 -0.6919 0.48922
ColDeg 366.307432 1.059e+02 3.4603 0.00057 ***
MCwChldrn 411.032781 1.246e+02 3.2996 0.00102 **
Significance codes: 0 "***' 0.001 "**' 0.01 ™' 0.05".'0.1"'"'1
g Residual standard error: 1187 on 701 degrees of freedom
Multiple R-squared: 0.2293, Adjusted R-Squared: 0.2238
F-statistic: 41.72 on 5 and 701 DF, p-value: < 2.2e-16
N Type IT ANOVA Analysis
0 Response: Spend
Sum Sq DF F value Pr(>F)
Income 142111325 1 100.86 < 2.2e-16 ***
AGE_REF 126672.74 1 0.09 0.76439
FAM_SIZE 674520.48 1 0.48 0.48922
ColDeg 16870552.02 1 11.97 0.00057 ***
MCwChldrn 15339867.62 1 10.89 0.00102 **
Residuals 987674795.07 701
Significance codes: 0 "***' 0.001 "**' 0.01 '*' 0.05".' 0.1 "' "' 1
..
.::NSPlRE #ALTERYX19 50
YOU - AMPLIFIED - 2019
Two Outputs
* Chooses best predictor variables Name Object Model
oae
StepModel 258349 Bytes
* Two Inputs
- Linear or Logistic Regression Model
- Estimation data set @ LT
* Model output can be saved for later execution Report
* Report output for review/analysis
o A
#NSPIRE #ALTERYX19 51
YOU + AMPLIFIED + 2018
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Score (34) - Configuration - X
Model Type
>
SCORE TOOL
% Alteryx Promote Model
@ Configure Local Model Options
b SCOI'CS data based on modeled input 9 The new field name (continuous target) or prefix (categorical target)
and validation data set score
° TWO Il’lputs The target field has an oversampled value
_ Model Non-regularized linear regression only options
_ Validation or data set consistent Wlth The target field has been natural log transformed
model field names/types Incluce a prediction confidence interval
* Output includes appended score(s) YO inpot spaciic aptons
Y TWO main uses Append scores to the input XDF file
- Valldatlon The number of records to score at a time
- Place model into production 256000 =
;ﬁuNﬂﬁﬂ!DRmEg #ALTERYX19 52
3.5 3.5
3 3
25 2.5
2 2
1.5 1.5
1 1
0.5 0.5
0 0
0 0.5 1 1.5 2 0 0.5 1 1.5
Good Model “Perfect” Model —
(but not really)
“#NSPIRE #ALTERYX19 53
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DATA MODELING
SUMMARY

D

Create Samples Linear Regression Stepwise Model

Create Samples for Models

Linear Regression for modeling a numeric variable
Stepwise chooses the best predictor variables for you
Score Tool appends modeled values to records

Score Tool

iNSPIRE
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BUSINESS
UNDERSTANDING -
PREDICTIVE TOOLS
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ICASE STUDY 2: COUPON MAILER

A restaurant chain has a store where they’d like to run a coupon mailer campaign. Given the provided
data, they have asked that you perform a logistic regression, forest, and decision tree model on some
customer data and determine who is most likely to respond to the campaign by using the coupon.

Data available:

- Customer data with length they’ve been a customer, whether they used the coupon in the last mailer, # of transactions in
the last year, sales during same time period, and the distance they live from their residence to the store.

Objectives:

- Determine which customers we should send coupon to in mailer.

: NISP|RE #ALTERYX19

MPLIFIED - 2019

WHAT’S NEXT?

ISPlRE #ALTERYX19
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DATA

INVESTIGATION

YOU : AMPLIFIED : 2019

NSPIRE
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Y(JEUNJ\%L?IL'DR”‘E, #ALTERYX19 59
Very important tool when modeling | Oversample Field (41) - Configuration g P
binary category.

. . . Configuration
Will need sufficient sample size to
appropriately model outcome. > Select the field you want to base the oversampling on
[y
. . . (L Responder v
Typically with surveys and mailers, D
response rate is very low The field value you wish to oversample
@ |‘fes
0 The percentage of recards that should have the desired value in the field of interest
50 =
ENSPIRE #ALTERYX19 60
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AND PREPARATION

Create new workflow and open “Customers_CompleteData.yxdb”
Start with Tool and explore data

Utilize investigative tools covered in prior section as well as
Oversample Field tool to prepare data for modeling.

Once complete, write out results to file named
“TargetCampaign_Modellnput.yxdb”.

«* %

:iEleleE @ EXERCISE #ALTERYX19 61
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MODELING

Business
Understanding

N\

Understanding

1 I

Data
Preparation

h

Deployment

Evaluation

nnnnnnnnnnnnnnnn

LOGISTIC REGRESSION
MODEL
Three Outputs
MName Object
Predicting probability of binary category (yes/no) 1 _LogModel 616301 Bytes |  Model
Model output can be saved for later execution /
Report output for review/analysis Report
— \
P BT’;"‘“
“:'"’ * | Interactive
v [ Report
S -
EEENgPlRE #ALTERYX19 64

ALTERYX

NSPIRE
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LOGISTIC REGRESSION REPORT

Record Report
. Report for Logistic Regression Model LogModel
= Basic Summary
3 Call:
glm(formula = Responder ~ YearsCustomer + Transactions + Total_Spend + DistanceMiles, family = binomial(logit), data = the.data)
& Deviance Residuals:
: Min 1Q Median 3Q Max
-4.43e+00 -3.72e-02 -5.73e-06 2.69¢-01 2.92¢+00
- Coefficients:
' Estimate Std. Error z value Pr(>|z])
(Intercept) 0.45980 0.531893 0.86447 0.38733
YearsCustomer1-3 -0.03583 0.586570 -0.06109 0.95129
YearsCustomer3-5 -0.91436 0.541186 -1.68954 0.09112.
YearsCustomers or more 0.13261 0.610226 0.21732 0.82796
Transactions -0.01856 0.094272 -0.19690 0.84391
Total_Spend 0.01387 0.001905 7.28422 3.23e-13 **
DistanceMiles -2.56993 0.351561 -7.31006 2.67e-13 ***
Significance codes: 0 '"***' 0.001 '**' 0.01 '*'0.05".'0.1"'1
(Dispersion parameter for binomial taken to be 1)
g Null deviance: 596.02 on 429 degrees of freedom
Residual deviance: 174.74 on 423 degrees of freedom
McFadden R-Squared: 0.7068, AIC: 188.7
¢ Number of Fisher Scoring iterations: 9
= Type II Analysis of Deviance Tests
ALTERYX
.
NSPIRE #ALTERYX19 65
- AMPLIFIED - 2019
Three Outputs
Name Object Model
1 DecTree 18596 Bytes
Can be used for binary response or continuous target /
Model output can be saved for later execution = s Static
. . ' Dstance > 047 Diiance >4 R 1t
- . €po
Report output for review/analysis (R] _ }
- Static Fe % e ot to< 21
- Interactive @ &t
variable Importance
-~ [ e
Distancentes 404
] e
YearsCustomer |06
20 40
| Raze
“#iNSPIRE #ALTERYX19 66
YOU + AMPLIFIED » 2019

ALTERYX

:NSPIRE
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FOREST MODEL

Can be used for

binary response or

continuous target

Static Report output for review/analysis

Model output can be saved for later execution

Two Outputs

Model:

/7

Mame Object
1 ForModel 1210910 Bytes

Q Static
@J?? Report:

N\

=

Classteatin e

#NSPIRE

YOU : AMPLIFIED : 2019

#ALTERYX19 67
YOU - AMPLIFIED - 2019
Browse (52) - Configuratian cux
N O M B | ¢ recors displayed, 2 felds, , 75 kB @
B [Pepot | Potle
& 1o Fieids v Records 1109 |
‘ R
@ e Rapon
! Basic Summary
z Call
randomForest(formula = Responder ~ YearsCustomer + Transactions +
Total_Spend + DistanceMiles, data = the.data, ntree = 500, replace =
TRUE)
: Type of forest: classification
+ Evaluate model error Nomber o wee: 300
Number of variables tried at each split: 2
. . . 00B estimate of the error rate: 6.6%
° C f s Confusion Matrix:
onfusion matrix . —
No Yes Classification Error|
No 274 24 0.081
ves 16 208 0.053
’ Piots
s
Percentage Error for Different Numbers of Trees
e — 3:\ of Bag
s - Yes
@]
E e N
g 514
" 5 A
] ﬂ,,’w)..\‘-w,-. [ P o,
° -] i .
ALTERYX
..
]
s#NSPIRE @J? #ALTERYX19 68

ALTERYX

NSPIRE

YOU «- AMPLIFIED - 2019
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EVALUATION -

PREDICTIVE TOOLS

NSPIRE

YOU - AMPLIFIED - 2019

INSPIRE #ALTERYX19 69
YOU - AMPLIFIED - 2019
Business
Understanding \
Data
Deployment Understanding
Dat:
Preparat
\ Modeling
l iINSPIRE #ALTERYX19 70
YOU « AMPLIFIED + 2019
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AMPLIFIED : 2019

Weighted Cumulative Response Captured
LIFT CHART - : .
*  Compare multiple models = =
*  Review response w/ and w/out model S
. . . £ o |
*  Only for binary classification g °
[:4
*  Union tool used to add models for comparison 2
*  Input models (Output of Union), and validation data set g °
d"’ —m
»  Static Report output for review/analysis o~ LogMode!
o~ —&— DecTree
° —— ForModel
StepModel
T T T T
02 04 0.6 08 1.0
Sample Proportion
LiftModel
Lot | e r
iNSPIRE 5 saLTERYX1S "
Gains Table
* Compare multlple models Decile LogModel_Cum_Pct  LogModel_Lift DecTree_Cum_Pct DecTree_Lift
0 00 0.000 oo 0000
. . . 10 523 529 523 5229
*  Review response with and without model x 83 303 05 352
30 1.7 1239 963 0872
. . . 40 995 0.183 96.8 0.046
*  Only for binary classification ot o s e ot
0 100 0.000 995 0082
. . . 80 100 0.000 995 0000
»  Static Report output for review/analysis “ 2 002 i o
1 1 1
Weighted Cumulative Response Captured Decile ForModel_Cum_Pct ForModel_Lift StepModel_Cum_Pct StepModel_Lift|
= — 0 0.0 0.000 00 0.000
— 10 523 5229 523 5229
20 .7 34 885 3624
- 30 977 1101 966 1009
| 40 995 0183 995 0082
k3 50 100 0.046 995 0.000
H 60 100 0.000 995 0.000
R 70 100 0.000 100 0.046
é 80 100 0.000 100 0000
= 90 100 0.000 100 0.000
PR 100 100 0.000 100 0.000
i Area Under the Lift Chart Curve and the Gini Coefficient
LR E E‘3:;'":‘ Model Area Gini
ool LogModal 0884404 0.478900
ﬂlz ﬂ" cls nlls " DecTree 0878440 0471083
ForModel 0886239 0.476989
oy Fraon StepModel 0888073 0.470035
“#iNSPIRE #ALTERYX19 72

YOoUu

ALTERYX

NSPIRE

« AMPLIFIED - 2019
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MODELING EXERCISE -
PREDICTIVE

INSTRUCTIONS:

Create new workflow, read in ‘TargetCampaign_Modellnput.yxdb’ dataset for model.
Create Logistic Regression model Stepwise

Create Decision Tree and Forest Model

Use Lift Chart to compare models

Choose “best” model and Score

Sort in descending order [Score_Yes], create label field using Formula tool

- if [Score_Yes]>.75 then "High" elseif [Score Yes]<=.75 && [Score Yes]>.5 then "Medium" else "Low" endif

YOu - A

«* e

EleleE @ EXERCISE #ALTERYX19 73

||||||||||||

EN'SPIRE #ALTERYX19 74

YOu : A

MPLIFIED :+ 2019

NSPIRE

YOoU

« AMPLIFIED - 2019
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DEPLOYMENT

Business

Understanding \
Data

Understanding

I

Data
Evaluation Preparation

AN i

Modeling

YOU : AMPLIFIED : 2019

NSPIRE

YOU «- AMPLIFIED - 2019

ifuNﬂﬁLE!DRmED #ALTERYX19 75
Appears as a “serialized object”
»  Use data preparation for future data to model Results - Browse (42) - Input
. . sm= 20of 2Fields - Cell Viewer 1 record displayed, 7929 bytes
*  You dqn’t have to rebuild model each time you need cecord 5 N“L mkd' | e
to run 1t 1 DecTres 13332 Bytes
*  Once a model is built it can be saved to an Alteryx
database to be used in other workflows. )
Save a Model in an Alteryx database
*  Running a model in production requires two things.
- The saved model
- A set of data to run it against
#NSPIRE #ALTERYX19 76
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ziilepl_RE #ALTERYX19 77

YOU - AMPLIFIED - 2019

FORECASTING PREDICTING

z&ENISp_lRE #ALTERYX19

YOU : AMPLIFIED : 2019

NSPIRE
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s

=== Heart Rate

MY

Movement

@ Activity

Move IQ Event

@® Sleep

ALTERYX

#NSPIRE

#ALTERYX19

YOU - AMPLIFIED - 2019

e
EPS Surprise 4+ o
14
-1 @ Non-Fatal
- ® Fatal
e
2 a0
210 =
9
g 8 3
< Y]
0
2 %
5 2
E olume 150,000
<
] 100,000
= 5 &: rts by ‘
m m‘ 0,000
199 195 1960 1970 B 190 200 200 mrﬂlh|||.|||,|”||I|||||I|I||I.|u|.||‘|||...|I|I|I|||.I||JI|||||I||‘|I||||I|||Iun""|I|||IH|||.|I|J‘|||II|||||\I|I|m|‘mlh.|||||..|l il
Ve 2013 2014 2015 206 2007
Sydney, Australia (max. tidal range 1.98m 6.5ft)
Times are AEDT (UTC +11.0hrs). Last Spring Tide on Thu 07 Mar (h=1.60m 5.20). Next Spring Tide on Wed 20 Mar (h=1.80m 5.9%)
e I8 PO . . S . . R .
"
20m
o
5m o
an
e
an
05m =
"
0om on
L - S0 6 s0mm e s fre s2am e szam fresiam Resum s stam Westam  Sunvse
T Sonant O O S W O OOy SO Sunset
iNSPIRE 5 OCEIERTRIETETE  sarenvars

ALTERYX
4

NSPIRE

YOU « AMPLIFIED +« 2019
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CASE STUDY 3:
FORECAST MONTHLY RESTAURANT VISITORS

A restaurant wants to forecast the # of expected visitors over the next 12 months.

Run an ARIMA and ETS model to determine the best forecast to use. Heads up,
your manager will ask you about your data investigation and prep so that is
probably a good starting place.

Data available:
Monthly customer visits for the last 9 years. Fields contained: visits, month, and year.

Objectives:

Determine 12 month forecast for future visits.

'E‘NSL?I !LR_E #ALTERYX19

YOU

DATA PREPARATION -
IME SERIES

#ALTERYX19

NSPIRE

AMPLIFIED 2019
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FORECASTING

What tools do we use?
- Always start with

- Utilize combination of many tools used for other investigation

What am I looking for?

- First and foremost find any missing periods in historical dataset
- You MUST have consecutive periods between beginning and ending period

- Is there any trend and/or seasonality in data?

#NSPIRE

YOU - AMPLIFIED - 2019

TS FILLER

Take a data stream of time series data and
“fill in” any gaps in the series.

You must have a date or time field

#ALTERYX19

83

TS Filler (34) - Configuration

Configuration

Select Date or DateTime column
Date

Interval and Increment

1 X

Choose the time series interval and increment, e.g. for "every 3 weeks” choose "Week” and "3,

respectively.
Interval

Maonth

Increment
1 -

“NSPIRE

YOU : AMPLIFIED : 2019

NSPIRE

OoOuU - AMPLIFIED + 2019

< G080

= #ALTERYX19
R

84

37



alteryx ‘ ACADEMY

MODELING -

IME SERIES

INSPIRE #ALTERYX19 85

YOU - AMPLIFIED - 2019

TS Plot (1) - Configuration v 2
&3| {Configuration Graphics Options

<P Select the target field ~
N >

&

© Target field frequency

@ O Hourly

() Daily (all days)

() Daily (weekdays only)

The tool graphs historical data and -

rovides an interactive visualization of: ® worthy
p
O Quarterly
O Annually
- Seasonality O orer
[ Series starting period (valid only for Target field frequency sel
- Trend -
- Other data components ® Time seres piot

() seasonal plot

(O seasonal deviation plot

(O Autoregression function plot

(O Partial autoregression function plot

(O Time series decompasition plot

#ALTERYX19 86

iNSPIRE

YOU : AMPLIFIED : 2019

NSPIRE
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TS PLOT

Time Saries Plat

.o Static
Two Outputs:
k Report
Generates 2 outputs: -
- Static Report / — —
3 w0 v
- Interactive Report m v
\ Interactive
Report
===
DNMSPLRE #ALTERYX19 87
Time Series Piot @ Decomposition Plot ;]
4 s
40 8 - ~
» N N \ N
— / r | [\ [\ [
© / / | I\ [\ /|
v £ Y AL S S L S
Thi fj \W ,‘r‘f‘ \W y‘v‘/\‘ “u
3 v V v V v
Seasonplot 6
m 1949 40 — —
| 1950 g i
o 1951 s B
. W 1952 R e
a -2 m1953 B
. 1954
- . m1955
s . W 1956 5
—o W 1957 T A T
—4: m 1958 & g N A
—*  m1959 g M
W 1960 -

ALTERYX

#NSPIRE

YOU : AMPLIFIED : 2019

#ALTERYX19

ALTERYX

NSPIRE
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Time Series Plot @

600

| I
) A
, AN

200
AN v \//‘/ N7~

1950 1960

This is a time series plot

Seasonplot @

P W 1949
H 1950

Decomposition Plot @
500 /\/
3 ol f/\/f/\”/\ f/\//
S = _ i N s Ve
}AAAAANN,
o o
s
400 _,,.//
o /
& =
S 200 —————
50 }’\\
g , . " /\
g 0 q\/\V\\ J‘/\/\//j\vv/ J\/r\\f\vﬂ\/\/\/—ﬁ AN \1\ \»f/ /\[ &
) 190 1960
This is a decomposition plot #ALTERYX19

ALTERYX

NSPIRE

YOU « AMPLIFIED +« 2019
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Seasonplot i ]

This is a season plot

#NSPIRE

YOU - AMPLIFIED - 2019

AND VALIDATION SAMPLE?

*  Since data follows periods in chronological order,
unable to use Create Samples tool

* Canuse Record ID to create unique ID

* Filter on periods for estimation

*  Alternative option is to use date field to filter

. ) W 1949
PR M 1950
) ' & ’ W 1951
. il . o W 1952
. . & NS o 2 ! —— o W ' ; B 1953
— - i ° i - il W 1954
= v " B v - % : 1955
- — . mmemmatonics S, .l W 1956

O — = S S e —e_ o
."“_-_' = —— o _,--’:: e————— :t—“_:_-__‘_‘:;;:____‘ 1957
———— e e e e  H1558
— . i T —p——— m1959
m 1960

#ALTERYX19

SO HOW DO | CREATE MY ESTIMATION

Unable to Create Samples since we're
working with time periods. Create Record
ID and filter last 12 records as validation set.
(F) Output will be used to Validate model(s).
(T) contains estimation for models.

=) @ P——

Create Record ID Estimation - 1st 8
for Estimation years, Validation -

and Validation. —last 12 months -

[RecordID] <= 96

“NSPIRE

YOU : AMPLIFIED : 2019

ALTERYX

iNSPIRE

-
YOU «- AMPLIFIED - 2019

#ALTERYX19

41



alteryx AcADeEMY

ARIMA AND ETS MODELS &) (©)

There are two model types available for times series.
ARIMA — Auto-Regressive Integrated Moving Average, more linear approach
Option for using covariates in model estimation

ETS — Exponential Time-Series Smoothing, applies weighting based on past observations, the more distant, the
less weighting, not limited by linearity

*  Try both and determine which fits better

*  Both Models will generate a model that can be saved or scored also a static and interactive report

EEENI§P|RE #ALTERYX19

DATA INVESTIGATION / PREP
FORECASTING DATA EXERCISE

*  New workflow, read in dataset “visits_data.yxdb”
*  Determine any missing period(s)
* Use TS Filler tool to “fill” any missing dates

*  Replace null value for [Visits] of missing period with average of period visits
before and after missing period. Hint Multi-Row Formula tool

*  Write out results “Forecast_Modellnput.yxdb”

«* %

ONA§PIDRE @ EXERCISE #ALTERYX19 04

ALTERYX

NSPIRE

YOU «- AMPLIFIED - 2019
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EVALUATION -

IME SERIES

YOU : AMPLIFIED : 2019

NSPIRE

YOU - AMPLIFIED - 2019

ONMSF'lDRE #ALTERYX19 95
* Compare Multiple forecast models in plot
* 2 Inputs
- Use Union to add multiple models into one data stream
- Validation data stream
* 3 Outputs
- Data table of error results
- Static report
- Interactive report
* Choose model based on results
iINSPIRE #ALTERYX19 96
R
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iINSPIRE

YOU - AMPLIFIED - 2019

* Score forecasted model with projected values

#ALTERYX19

e IO .
(Y — —
ol 5
H—~ )3
.‘."_.-f( 1y

ARIMA Model Score forecast

YOU : AMPLIFIED : 2019

NSPIRE

YOU - AMPLIFIED - 2019

. L midel.
B ull historical
L]
nput data set.
- Output of selected model ( or
e 3 Outputs TS Forecast (36) - Configuration 31X
- Data table of forecasted periods Configuration  Graphics Optians
- Static I'CpOI't <> The field name for the point forecast
] ] ‘furecast
- Interactive report R The percentage value of the larger confidence interval
@ - O
0 The percentage value of the smaller confidence interval
80 =
The number of periods into the future to forecast
12 =
INSPIRE #ALTERYX19 98
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TS COVARIATE FORECAST

¢ Used to forecast covariate ARIMA model

*  Why use it? In some instances, model can be improved through use of
predictor variables other than past values of the target variable itself

* Two inputs
- Output from ARIMA or ETS model
- Stream in predictor variables

* Three outputs
- Forecasted data
- Static report
- Interactive report

YOU - AMPLIFIED - 2019

#NSPIRE .
;/\y #ALTERYX19 99

FORECASTING MODEL EXERCISE
I T —

* Read in dataset “Forecast_ Modellnput.yxdb”
* Explore TS PLOT tool to understand trend/seasonality

* Use FILTER tool to use 15 8 years of data for estimation and last year (2015) for validation data set.

* Build ETS and ARIMA models using 8 years of history.
- Target variable (visits)
- Series Starts Jan. 2007

+  UNION models, stream into TS COMPARISON along w/validation data set
* Determine model of choice, run model with entire historical dataset and score (TS FORECAST)

«*

ZNSPIRE @ EXERCISE #ALTERYX19 100

ALTERYX

iNSPIRE
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BUSINESS
UNDERSTANDING -
PREDICTIVE GROUPING

forgs ¥ AR

What is Predictive Grouping?

'E‘NSL?I !LR_E #ALTERYX19

ICLUSTER ANALYSIS

* Cluster analysis is simply the collections of data
objects based on likeness and similarities

* Clustering is unsupervised classification
Analysis with no pre-existing classes

'E‘NSL?I L'[RE #ALTERYX19

:NSPIRE
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WHAT IS CLUSTER
ANALYSIS?
J L — A A
® - . e
0 . R .J )
e A‘ , o 2,
A= »
muN,\%LE.ElDRU.EJ #ALTERYX19

WHAT IS CLUSTER
ANALYSIS?
Clustered by Shape

/HE 000 AA

e i e Pl I Y LAAAALL

| mm eL® Loee LAAALA

YOUNA:CELEI!DRWEJ #ALTERYX19

NSPIRE
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WHAT IS CLUSTER
ANALYSIS?
Clustered by Color
Yaee ‘.. .y 9! mRAA
AABRRALL A.A APVNnee Qee
))))) A.‘
vouN,\%LE.ElDRU.E, #ALTERYX19

WHAT IS CLUSTER
ANALYSIS?

Clustered by Size

‘ . _‘_‘_‘.._ aeeee
) J.__i 0L _ee

e0e M
AlA

ZEENISP|RE #ALTERYX19

NSPIRE
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K-CENTROIDS
OVERVIEW

Number of
Cluster K

Distance objects
to centroids

Grouping based on
minimum distance

EEEngleE #ALTERYX19

uuuuuuuuuuuuuuuu

K-MEANS VISUALIZED

9 EG5) * Step 1: Declare number of
clusters to do in your analysis (K).
®D: 24) * We will select 2 clusters (K=2)
* Begin analysis
* RANDOMLY and arbitrarily
select 2 points to be the

K2 Centroid: (0,2) ‘centroids’ of your 2 clusters
W C:(02) * Let’s say the algorithm selected
points B & C
K1 Centroid: (1,1)
®B: (L1
JA5 (1.0) #ALTERYX19

ALTERYX

NSPIRE

YOU «- AMPLIFIED - 2019
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K-MEANS VISUALIZED

Y E:3,5) * Fuclidian Distance is measured between

each centroid and data point
» After calculating distance, identify which
points are closest to which k-centroid.

Point K1 Dist K2 Dist Assignment
K2 Centroid: (0, A 1 29 K1
P 02) B 0 1.4 K1
C 1.4 0 K2
/ Centroid: (1,1) D 32 28 K2
( E 45 4.2 K2

#ALTERYX19

K-MEANS VISUALIZED

*  Yay we’re done!

JE: (3.5 ...not
*  Time to calculate the Means of the K-means
) D: (2,4) *  For each cluster, let’s take the average of all

points in each cluster to move the centroids!

X Y

A 1 0 New Point:

K2 Centroid: (0,2) B 1 1 (1,0.5)

29 C:(0,2) C 0 2

New Point:

. D 2 © (1.7,3.7)
Centroid: (1,1) E 3 5
®B: (1.1
LA (1,0) #ALTERYX19

iNSPIRE
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K-MEANS VISUALIZED

*  Yay we’re done!

) E (3.5) ...not
*  Time to calculate the Means of the K-means
) D: (2.4) *  For each cluster, let’s take the average of all

points in each cluster to move the centroids!
.¢ K2 Centroid: (1.7, 3.7)

X Y
A 1 0 New Point:
B 1 1 (1,0.5)
0 C:(0:2) C 0 2
New Point:
v 2 i (1.7,3.7)
E 3 5

#ALTERYX19

K-MEANS VISUALIZED

*  Now we iterate! Go through the process again.
O E: (35 + Calculate distance and find points closest to each

centroid.
o D:(2,4)
Point K1 Dist K2 Dist Assignment
.¢ K2 Centroid: (1.7, 3.7) A 05 37 K1
B 0.5 2.7 K1
C 1.8 2.4 K1
D 3.6 0.5 K2
E 4.9 1.9 K2

¢ Recalculate the mean and continue to

repeat until points cease to switch groups
(1,0.5)

#ALTERYX19

:NSPIRE
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K-MEANS VISUALIZED

Our final result!

J / #ALTERYX19

CLUSTERING ALGORITHMS

* K-Means uses the mean value of the fields for the points in a cluster to define a centroid, and
Euclidean distances are used to measure a point’s proximity to a centroid.

* K-Medians uses the median value of the fields for the points in a cluster to define a centroid, and
Manhattan (also called city-block) distance is used to measure proximity.

* Neural Gas clustering also uses the Euclidean distance. However, the location of the centroid for a
cluster involves a weighted average of al/l data points, with the points assigned to the cluster for
which the centroid is being constructed receiving the greatest weight.

vELNSI:’II:!E #ALTERYX19

OU + AMPLIFIED : 2019
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CASE STUDY 4:
CREATE STORE GROUPING

A restaurant chain would like to have all of its stores grouped into clusters for business decision making
purposes and strategic planning. You’ve been provided a list of stores, their sq. footage and surround
demographics within a 15 minute drive time. Use clustering techniques to create store groupings.

Data available:
Store list and surrounding demographics within a 15-minute drive time.

Objectiv
Create grouping of stores based on cluster analysis for business strategic planning.

INSPIRE #ALTERYX19

YOU - AMPLIFIED - 2019

115

Configuration  Graphics Options

> Fields (select two or more) All None

N -

[ Inca_u2spct

k] IncB_25to50Pct
[] IncC_S50to100Pct
[ IncD_108t0150Pct

e Used to determine # of clusters A IncE. 150P1useet v

Standardize the fields

(@ z-score
* One input ) Unit interval

- Data stream for model Clustering methad
(®) K-Means

® Two Outputs O K-Medians
- Data stream w/appended PC O Newral Gas

(X IRy
3]
g
g
g

- PC model report Minimum number of clusters
: :

Maximum number of clusters

5 z

Bootstrap replicates

50 =

MNumber of starting seeds

: -

K-Centroids Diagnostics (36) - Configuration TRX

INSPIRE #ALTERYX19

YOU « AMPLIFIED » 2019
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K-CENTROIDS DIAGNOSTIC

* After running K-Centroids Diagnostic
K-Centroids Cluster Analysis

» Select same variables used for Diagnostic

» Use same settings
- Standardize?

- Clustering methodology

* Select # of clusters

R E s u L I s Adjusted Rand Indices
— —
] . ' - -
£ 3 — '
S - '
x © - v
- T '
4 . I '
k] i —_ [l
Repot ER. ! H —
K-Means Cluster Assessment Report 2 o — ! —t
Summary Statistics )
Adjusted Rand Indices T T T T T T
3 4 5 6 7 8 3 4 5 6 7
Minimum 0249 0.5244 03394 0.3855 04302 0.4823
15 Quartile 0.6847 0.7404 0.5457 0.4689 05331 0.5945]
Hedian a.7925 0.8303 0.7144 0.5935 0.6324 0.6939| Number of Clusters
Hean a.7455 08017 0.7075 0.6437 0.6488 0.7024]
3rd Quartile 0.8922 0.9008 0.9052 0.8224 0.7426 0.8273
Haximum 0.9969 0.9488 0.9865 0.9658 00311 0.935|
Calinski-Harabasz Indices: Calinski-Harabasz Indices
3 4 5 6 7 L
Minimum 5191 6561 743 68 6103 370.1
15t Quartile 7738 8519 8249 766.3 709.6 6642 N o T -
Median 794.2 875.3 B42.3 789.2 765.2 7411 5 © - ! i
Mean 3.4 8616 841 8277 8473 8483 s = 9
3rd Quartile 8128 8856 856.8 8141 1058 1098 5
Hawimum 5266 8961 1032 1158 1225 1220 T 1 —
T 2 e g g e
z 4 = %
s i 8 ° — :
o g 8
[ 1 T T T T T
3 4 5 6 7 8
Number of Clusters
ALTERYX
NSPIRE #ALTERYX19 122
¥OU - AMPLIFIED « 2019 R
K-Centroids Cluster Analysis (41) - Configuration X
Configuration  piot Options  Graphics Options
|
Solution name
)
CLUSTER ANALYSIS - I |
Fields (select two or more) All None

~
TotPop

PopDens

IncA_U25Pct

IncB_25t050Pct

IncC_50to100Pct

IncD_100to150Pct

IncE_150PIusPct v

Standardize the fields

(® z-score

(O Unit interval

Clustering method
(® K-Means
O K-Medians

(O Meural Gas

Number of clusters
4

MNumber of starting seeds

ALTERYX

NSPIRE

YOU : AMPLIFIED : 2019
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APPEND CLUSTERS

No configuration, create field name for cluster assignment

Two Inputs

- Model from K-Centroid Cluster Analysis

- Use original data set

*  One Output — appended cluster codes
onsplDRnE . #ALTERYX19 124
I\.
Find Nearest Neighbors (46) - Configuration - X
NEIGHBOR
&> Unique key field
% store v
. . . Fields (select two or mare) All None
*  Find like data as it compares to query data set g S
l
® T i t (] PopDens
Wo 1nputs [] 2gettospet
- Data stream Ex:gﬁ:gx
- ] Age30to3oret
Query stream [ y
[] standardize the fields..
* TWO Outputs The b f ighbors to find
number ofnear nelghbors fo
- All records with Query or Data assignment i
- Query results with appended neighbor results and distance g"'“"m'”“ useTor finding the nearest neighiors
Cover Tree
@ KD-Tree
Owr
Ocr
(D Linear search
0NSP”QNE @ #ALTERYX19 127
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iINSPIRE

YOU - AMPLIFIED - 2019

YOU
LEAVE

‘BEFORE YOU LEAVE ..
Please take a moment to complete your evaluation survey.
Hand it to the room monitors on your way out.

#ALTERYX19 129

1

iINSPIRE
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You

PRESENTED BY

LLLLLLLLLLLLL

| 4

Joe Mahoney
jmahoney@alteryx.com
Nick Tussing

ntussing@alteryx.com

NSPIRE
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