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COMPLETE 
SESSION SURVEYS
ATTENTION

2

• A survey was placed at your seat. It should take less than 2 minutes to complete

• Please return your completed surveys A S YOU E X I T the room

• Surveys are anonymous, and we rely on your opinion for improvement 
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NETWORK NAME:
InspireTRN19

PASSWORD:
inspireTRN!
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FORWARD-LOOKING 
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

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. 

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

JOE 
MAHONEY

When I use Alteryx, I feel…

Smarter than I really am

.

.

.

A LT E RY X  U S E R  S I N C E  2 0 1 9
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With Alteryx, I can solve real problems

NICK
TUSSING

When I use Alteryx, I feel empowered

A LT E RY X  U S E R  S I N C E  2 0 1 3
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TODAY’S 
AGENDA

• 10:00 – 12:00 
• Introductions

• Data Investigation

• Data Preparation

• 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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OVERVIEW
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GOALS

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

11
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PREDICTIVE 
METHODOLOGY
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PREDICTIVE LIFECYCLE

13
Cross Industry Standard Process for Data Mining (CRISP-DM) 

Business 
Understanding

Data 
Understanding

Data 
Preparation

Modeling

Evaluation

Deployment
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PREDICTIVE LIFECYCLE (REALITY)

14
Cross Industry Standard Process for Data Mining (CRISP-DM) 

Business 
Understanding

Data 
Understanding

Data 
Preparation

Modeling

Evaluation

Deployment



7

# A L T E R Y X 1 9

DATA INVESTIGATION 
AND PREPARATION

15

Press, Gil. Forbes, Mar. 23, 2016: Cleaning Big Data: Most Time-Consuming, Least Enjoyable Data Science Task, Survey Says
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“WAX ON WAX OFF!”

16
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BUSINESS 
UNDERSTANDING

17
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CASE STUDY 1: 
RESTAURANT CHAIN

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.

18
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DATA 
UNDERSTANDING

19
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DATA INVESTIGATION 
PHASE GOALS:

22

• Find out what’s useful (significant)

• Get rid of what’s not useful

• Clean up the data

• Consolidate if necessary
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EXERCISE: 
DATA INVESTIGATION
& PREPARATION

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

01_spend_data_invest igation.yxmd
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DATA INVESTIGATION: 
BROWSE

25

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

• Zeros in numeric data? (Min=0)

• Numeric Fields w/ few unique values, 
is it categorical?

• Values w/ small counts, should they 
be combined with other categories?
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DATA INVESTIGATION: 
FIELD SUMMARY

27

• Same information as browse tool, 
but in one consolidated view

• Provides values as data, which can 
be used in calculations

Data

Interactive

# A L T E R Y X 1 9

FIELD SUMMARY 
THINGS TO LOOK FOR:

Remove field because it has no 
predictive value

Find missing value, Remove record or 
Impute value (zero or average)

Awareness: Will cause error if a log() 
transformation is done on that field.

Constants: A field where every 

row contains the same value.

Missing Values: NULLs

Zeros:

ACTION:

28
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IMPUTATION

29

• Nulls are invalid in data (not a number)

• $0 income/family size (maybe use average?)

• Imputation allows you to keep the record for your 
analysis and replace the NULL value with either the field 
average or another value.

• Many R based tools will error if you pass a NULL value.

# A L T E R Y X 1 9

DATA INVESTIGATION: 
SCATTERPLOT

30

Used to display data for 2 variables:

• Analyze the relationship between 
the 2 variables

• For example:
- Income vs. Spend Graph

One Output
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SCATTERPLOT

Linear regression line

Smooth curve line

Spread

31
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DATA INVESTIGATION: 
FREQUENCY TABLE

32

Provides info on each field in our 
data, useful to find:

• Counts and percentages of each 
value in a field

• Dig deeper to explore initial 
findings from FIELD SUMMARY

Data

Report

Interactive

Three Outputs
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PLOT OF MEANS

33

Compare two variables:

• Response field: numeric or binary 
categorical vs. categorical field

• For example:

- Spend versus educational attainment

One Output
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PLOT OF MEANS

34
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ALPHABETICAL ORDER DESIRED ORDER

ALTERING VALUES TO 
PROVIDE ORDER FOR 
PLOT OF MEANS

35
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ALTERING VALUES TO 
PROVIDE ORDER FOR 
PLOT OF MEANS

Some College / Assoc

Bachelor’s Degree

Grad / Prof Degree

HS Grad

LT HS

No Education

36

ALPHABETICAL ORDER
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ALTERING VALUES TO 
PROVIDE ORDER FOR 
PLOT OF MEANS

4 Some College / Assoc

5 Bachelor’s Degree

6 Grad / Prof Degree

3 HS Grad

2 LT HS

1 No Education

37

ALPHABETICAL ORDER
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ALTERING VALUES TO 
PROVIDE ORDER FOR 
PLOT OF MEANS

4 Some College / Assoc

5 Bachelor’s Degree

6 Grad / Prof Degree

3 HS Grad

2 LT HS

1 No Education

Some College / Assoc

Bachelor’s Degree

Grad / Prof Degree

HS Grad

LT HS

No Education

38

ALPHABETICAL ORDER DESIRED ORDER
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ALTERING VALUES TO 
PROVIDE ORDER FOR 
PLOT OF MEANS

39

ALPHABETICAL ORDER DESIRED ORDER
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ASSOCIATION ANALYSIS

40

Report

Interactive
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ASSOCIATION ANALYSIS

Association Analysis Results:

Association measure-strength of the 
relationship between 2 variables (-1 to 1)

P-value – Statistical Significance

Correlation Matric

41
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DATA INVESTIGATION & PREPARATION

42

Recap – What did we do to prepare for our first model

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

Impute
- Replace 0 values for Income variable with average

Filter
- Remove Nulls for Region variable

Formula
- 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_ModelInput.yxdb”

E X E R C I S E
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MODELING –
PREDICTIVE TOOLS

46
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MODELING

47

Business 
Understanding

Data 
Understanding

Data 
Preparation

Modeling

Evaluation

Deployment
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CREATE SAMPLES

48

• Designed for sampling data set for modeling 
estimation and validation

• Generates 2 or 3 random samples

- Estimation – data used to create model (1-99%)

- Validation – data used to validate model (1-99%)

- Holdout – any remaining percentage of records 
from estimation and validation 

# A L T E R Y X 1 9

LINEAR REGRESSION

49

• Aka Linear model or Least squares regression

• Creates linear model to determine expected value of target

• Numeric target (i.e. spending)

• Model output can be saved for later execution

• Report output for review/analysis

Model

Three Outputs

Report

Interactive
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LINEAR REGRESSION 
REPORT

50
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STEPWISE REGRESSION 
MODEL

51

• Chooses best predictor variables

• Two Inputs
- Linear or Logistic Regression Model

- Estimation data set

• Model output can be saved for later execution

• Report output for review/analysis

Model

Two Outputs

Report
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SCORE TOOL

52

• Scores data based on modeled input 
and validation data set

• Two Inputs
- Model

- Validation or data set consistent with 
model field names/types

• Output includes appended score(s)

• Two main uses
- Validation

- Place model into production 
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OVERFITTING

0

0.5

1

1.5

2

2.5

3

3.5

0 0.5 1 1.5 2

Good Model “Perfect” Model –
(but not really)

0

0.5

1

1.5

2

2.5

3

3.5

0 0.5 1 1.5 2

53
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DATA MODELING 
SUMMARY

54

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

Create Samples Linear Regression Stepwise Model Score Tool

# A L T E R Y X 1 9

BUSINESS 
UNDERSTANDING -
PREDICTIVE TOOLS

56
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CASE 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.

57
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WHAT’S NEXT?

58
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DATA 
INVESTIGATION

59
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OVERSAMPLE FIELD

60

Very important tool when modeling 
binary category.

Will need sufficient sample size to 
appropriately model outcome.

Typically with surveys and mailers, 
response rate is very low
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DATA INVESTIGATION 
AND PREPARATION

61

Create new workflow and open “Customers_CompleteData.yxdb”

Start with Field Summary 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_ModelInput.yxdb”.

INSTRUCTIONS:

E X E R C I S E

# A L T E R Y X 1 9

MODELING –
PREDICTIVE TOOLS

62
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MODELING

63

Business 
Understanding

Data 
Understanding

Data 
Preparation

Modeling

Evaluation

Deployment
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LOGISTIC REGRESSION
MODEL

64

Predicting probability of binary category (yes/no)

Model output can be saved for later execution

Report output for review/analysis

Model

Three Outputs

Report

Interactive

Report
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LOGISTIC REGRESSION REPORT

65
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DECISION TREE MODEL

66

Can be used for binary response or continuous target

Model output can be saved for later execution

Report output for review/analysis
- Static

- Interactive

Model

Three Outputs

Static

Report

Interactive

Report
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FOREST MODEL

67

Can be used for 

binary response or 

continuous target

Model output can be saved for later execution

Static Report output for review/analysis

Two Outputs

Model:

Static

Report:

# A L T E R Y X 1 9

FOREST MODEL

68

• Evaluate model error

• Confusion matrix
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EVALUATION –
PREDICTIVE TOOLS

69
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EVALUATION

70

Business 
Understanding

Data 
Understanding

Data 
Preparation

Modeling

Evaluation

Deployment
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LIFT CHART

71

• Compare multiple models

• Review response w/ and w/out model

• Only for binary classification

• Union tool used to add models for comparison

• Input models (Output of Union), and validation data set

• Static Report output for review/analysis

# A L T E R Y X 1 9

LIFT CHART
• Compare multiple models

• Review response with and without model

• Only for binary classification

• Static Report output for review/analysis

Gains Table

72
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MODELING EXERCISE -
PREDICTIVE

73

• Create new workflow, read in ‘TargetCampaign_ModelInput.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

INSTRUCTIONS:

E X E R C I S E

# A L T E R Y X 1 9

DEPLOYMENT

74
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DEPLOYMENT

75

Business 
Understanding

Data 
Understanding

Data 
Preparation

Modeling

Evaluation

Deployment
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SAVING A MODEL

76

• Use data preparation for future data to model

• You don’t have to rebuild model each time you need 
to run it

• Once a model is built it can be saved to an Alteryx 
database to be used in other workflows.

• Running a model in production requires two things.

- The saved model

- A set of data to run it against

Save a Model in an Alteryx database

Appears as a “serialized object”
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BUSINESS 
UNDERSTANDING –
TIME SERIES

77
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FORECASTING PREDICTING
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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.

81
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DATA PREPARATION –
TIME SERIES

82
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DATA INVESTIGATION -
FORECASTING

83

What tools do we use?

- Always start with Field Summary… 

- 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?

# A L T E R Y X 1 9

TS FILLER

84

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

You must have a date or time field
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MODELING –
TIME SERIES

85
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TS PLOT

86

The TS Plot tool graphs historical data and 
provides an interactive visualization of:

- Seasonality

- Trend

- Other data components
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TS PLOT

Generates 2 outputs:

- Static Report

- Interactive Report

Interactive

Report

Two Outputs:
Static

Report

87
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SO HOW DO I CREATE MY ESTIMATION 
AND VALIDATION SAMPLE?

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

• Can use Record ID to create unique ID

• Filter on periods for estimation

• Alternative option is to use date field to filter
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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

# A L T E R Y X 1 9

DATA INVESTIGATION / PREP 
FORECASTING DATA EXERCISE

94

• 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_ModelInput.yxdb”

INSTRUCTIONS:

E X E R C I S E
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EVALUATION –
TIME SERIES

95
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TS COMPARE

96

• 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
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DEPLOYMENT

97
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TS FORECAST

98

• Score forecasted model with projected values

• 1 Input

- Output of selected model (A R I M A or E T S )

• 3 Outputs

- Data table of forecasted periods

- Static report

- Interactive report
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TS COVARIATE FORECAST

99

• 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

# A L T E R Y X 1 9

FORECASTING MODEL EXERCISE

100

• Read in dataset “Forecast_ModelInput.yxdb”

• Explore TS PLOT tool to understand trend/seasonality

• Use FILTER tool to use 1st 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)

INSTRUCTIONS:

E X E R C I S E
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BUSINESS 
UNDERSTANDING -
PREDICTIVE GROUPING

What is  Predict ive Grouping?

101
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CLUSTER 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
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WHAT IS CLUSTER 
ANALYSIS?

# A L T E R Y X 1 9

WHAT IS CLUSTER 
ANALYSIS?

Clustered by Shape
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WHAT IS CLUSTER 
ANALYSIS?

Clustered by Color
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WHAT IS CLUSTER 
ANALYSIS?

Clustered by Size
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K-CENTROIDS
OVERVIEW

Start

Number of 
Cluster K

Centroid

Distance objects 
to centroids

Grouping based on 
minimum distance

No 
object 
move 

group?

End
yes

no
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K-MEANS VISUALIZED

A: (1,0)

B: (1,1)

C: (0,2)

D: (2,4)

E: (3,5)
• Step 1: Declare number of 

clusters to do in your analysis (K).

• We will select 2 clusters (K=2)

• Begin analysis

• RANDOMLY and arbitrarily 

select 2 points to be the 

‘centroids’ of your 2 clusters

• Let’s say the algorithm selected 

points B & C

K2 Centroid: (0,2)

K1 Centroid: (1,1)
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K-MEANS VISUALIZED

B: (1,1)

C: (0,2)

E: (3,5) • Euclidian Distance is measured between 

each centroid and data point

• After calculating distance, identify which 

points are closest to which k-centroid.

D: (2,4)

K2 Centroid: (0,2)

Point K1 Dist K2 Dist

A 1 2.2

B 0 1.4

C 1.4 0

D 3.2 2.8

E 4.5 4.2

Assignment

K1

K1

K2

K2

K2

A: (1,0)

K1 Centroid: (1,1)

# A L T E R Y X 1 9

K-MEANS VISUALIZED

B: (1,1)

C: (0,2)

E: (3,5)

D: (2,4)

• Yay we’re done!
…not

• Time to calculate the Means of the K-means

• For each cluster, let’s take the average of all 

points in each cluster to move the centroids!

X Y

A 1 0

B 1 1

C 0 2

D 2 4

E 3 5

New Point: 
(1,0.5)

New Point: 
(1.7,3.7)

A: (1,0)

K2 Centroid: (0,2)

K1 Centroid: (1,1)
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K-MEANS VISUALIZED

B: (1,1)

C: (0,2)

E: (3,5)

D: (2,4)

K2 Centroid: (1.7, 3.7)

K1 Centroid: (1, 0.5)

• Yay we’re done!
…not

• Time to calculate the Means of the K-means

• For each cluster, let’s take the average of all 

points in each cluster to move the centroids!

X Y

A 1 0

B 1 1

C 0 2

D 2 4

E 3 5

New Point: 
(1,0.5)

New Point: 
(1.7,3.7)

A: (1,0)

# A L T E R Y X 1 9

K-MEANS VISUALIZED

B: (1,1)

C: (0,2)

E: (3,5)

D: (2,4)

K2 Centroid: (1.7, 3.7)

K1 Centroid: (1, 0.5)

• Now we iterate! Go through the process again.

• Calculate distance and find points closest to each 

centroid.

Point K1 Dist K2 Dist

A 0.5 3.7

B 0.5 2.7

C 1.8 2.4

D 3.6 0.5

E 4.9 1.9

Assignment

K1

K1

K1

K2

K2

• Recalculate the mean and continue to 

repeat until points cease to switch groups

A: (1,0)
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K-MEANS VISUALIZED

Our final result!
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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 all data points, with the points assigned to the cluster for 
which the centroid is being constructed receiving the greatest weight.
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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.

Objectives:

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

115
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K-CENTROIDS 
DIAGNOSTIC

121

• Used to determine # of clusters 
for K-Centroids Cluster Analysis

• One input

- Data stream for model

• Two outputs

- Data stream w/appended PC

- PC model report
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K-CENTROIDS DIAGNOSTIC 
RESULTS

122
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K-CENTROIDS 
CLUSTER ANALYSIS

123

• After running K-Centroids Diagnostic, run 
K-Centroids Cluster Analysis

• Select same variables used for Diagnostic

• Use same settings

- Standardize?

- Clustering methodology

• Select # of clusters
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APPEND CLUSTERS

124

• 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

# A L T E R Y X 1 9

FIND NEAREST 
NEIGHBOR

127

• Find like data as it compares to query data set

• Two inputs

- Data stream

- Query stream 

• Two outputs

- All records with Query or Data assignment

- Query results with appended neighbor results and distance
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QUESTIONS?

129
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BEFORE YOU 
LEAVE

ATTENTION

130

•B E F OR E  YOU L E AV E…
Please take a moment to complete your evaluation survey. 
Hand it to the room monitors on your way out. 
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PRESENTED BY
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THANK
YOU

Joe Mahoney

jmahoney@alteryx.com

Nick Tussing

ntussing@alteryx.com
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