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o Customer-Facing Data scientist @ DataRobot

e ~12 years of real-world business experience in machine learning

e Invarious industries, on many use cases

Previously...
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Infocomm Research
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AUTOMATED TIME
SERIES ANALYSIS
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Typical Machine Learning Flow
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Typical Machine Learning Flow
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Training Features Target Validation
Score
A

Common assumption #1:
Order of rows doesn’t matter
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Typical Machine Learning Flow
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Training Features Target Validation
Score
A

Common assumption #2:
Training and future data are similar
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Typical Machine Learning Flow

Training

Features

Target

Common assumption #3:

Models can be evaluated with a single row of data
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Forecasting

Date Sales El:zgzﬁtes Speﬁcclling Inv::tt:ry Weather
11/09/17 $432,897 16 $3,000 47% Rain
11/10/17 $474,306 19 $2,100 46% Heavy Wind
11/11/17 $415,434 17 $1,200 41% Cloudy
11/12/17 $289,290 20 $1,800 31% Cloudy
11/13/17 $355,786 15 $1,300 36% Cloudy
today | 11/14/17 $375,284 13 $600 39% Sunny
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11/15/17 ? 10 $1100 43% Sunny




Forecasting

today

tomorrow
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leakage!
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We Can Introduce Lags
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We Can Also Lag the Target

today

tomorrow
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We Can Also Mix Lags

today

tomorrow

Date Sales 3 dse;?/lsezgo E?ﬂ?ﬁﬁ: ° Spe':cclling Invs;t: Y Weather
11/09/17 $432,897 Rain
11/10/17 $474,306 $3,000 Heavy Wind
11/11/17 $415,434 16 $2,100 Cloudy
11/12/17 $289,290 $432,897 19 $1,200 47% Cloudy
11/13/17 $355,786 $474,306 17 $1,800 46% Cloudy
11/14/17 $375,284 $415,434 20 $1,300 41% Sunny
11/15/17 ? $289,290 15 $600 31% Cloudy




Why Does Lagging Work?

Because real world data has delays

4 whks
,’ Sales
A |
A\

A
dwks !0
s I,z"-.lll |
[ 1
| "

YR
}I I'l
A 4 whs | .\
| |
| .
| | Advertising

4 wks I|I \ lll
H . I
. A 'l ( \»-._L\"""- A - | | A
' . ' SENX X AR AY
L, r—\ [ | AVASAWA SN
f \/ W/ '»'.:.' P
» Time




Rolling Statistics (Numeric)

e | saes | Emples | EIFOMes | Eplojees | Enploees | Erpojes
(7 day mean) | (14 day mean) | (21 day mean) | (28 day mean)
12/09/17 $430,327 16 16.66 17.19 17.51 17.05
12/10/17 $572,309 19 17.33 15.75 18.39 18.40
12/11/17 $399,494 17 16.81 17.08 18.02 17.88
12/12/17 $250,290 20 17.74 17.98 18.76 18.44
12/13/17 $389,786 15 16.18 14.42 17.01 17.12
12/14/17 $366,284 13 15.60 17.35 16.33 16.92




Rolling Statistics (Categorical)

Weather Weather Weather Weather
Date Sales Weather (7 day (14 day (21 day (28 day

n_unique) n_unique) n_unique) n_unique)
12/09/17 $430,327 Rain 2 2 4 )
12/10/17 $572,309 Heavy Wind 2 3 7 8
12/11/17 $399,494 Cloudy 3 4 6 9
12/12/17 $250,290 Cloudy 1 4 5 6
12/13/17 $389,786 Cloudy 1 2 6 7
12/14/17 $366,284 Sunny 4 5 8 10




Rolling Statistics (Text)

Product Product Product
Date Sales Product Offers Offers Length | Offers Length | Offers Length

(2nd lag) (7 day mean) | (14 day std)
12/09/17 | $430,327 Home, Kitchen 14 15.44 4.49
12/10/17 | $572,309 Diary, Grocery, Personal Care 26 16.50 718
12/11/17 | $399,494 Frozen Food, Magazines 13 19.36 6.19
12/12/17 | $250,290 Beverages, Seafood 29 17.28 3.22
12/13/17 | $389,786 Wine, Home Appliances, 22 23.33 5.20

Cleaning Supplies

12/14/17 | $366,284 |  1ome Wine, Frozen Food, 18 20.85 2.12

Candy




Sample Cross Correlation
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Which Features Should | Use?

Sample Cross Correlation Function
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Automated Feature
Engineering

e Automated lag selection
e Automated window statistics

e Rolling numeric, categorical, text information

Automated Model
Backtesting

e Time-aware data partitioning and validation
e Automated or configurable backtesting strategies
e Refit on most recent data

Wait, is it just automated feature engineering?

Automated Target
Transforms

e Stationarity, exponential, periodicity detection
e Automated differencing, offsets, log transformations

e Additive or multiplicative models

Automated Time Series
Modeling

e Classical time series models (ARIMA, ETS, etc.)
e Time-aware xgboost, distance modeling, etc.

e Deploy to dedicated prediction service



Automated Target Transformation

Log Transform

Sales; log(Sales;)




Automated Target Transformation

Differencing

Sales;

12 Month Differenced
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Automated Model Backtesting

Training

Dataset |” >

Conventional machine learning approach?

Validation

Holdout



Automated Model Backtesting

Problem!
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Interest over time
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Automated Model Backtesting

Using future data to predict the past

Interest over time > <




Automated Model Backtesting

T Backiest #1
TN Backiest 2
TN Backiest #:

Backtesting score = avg(validation score #1 + validation score #2 + validation score #3)

Validation Holdout



Time Series Learning Curves

more data is redundant .
Traditional

Test

Mo
Accuracy '€ data g harmg,

= Time Series

v

# of rows (age of data)



Automated Time Series Models

Integrated Models
CNCNCNONT N

Forecast Distance Models

Trends and Decomposition Models



Some Time Series Use Cases

Industry Use Case(s)
Aviation Predict frequent flyer points balance, demand for flights
Energy Predicting electricity demand
Entertainment Predict visitor number
Finance / Oil&Gas Predict commodity values

Predict the outbreak of a disease (e.g., Zika), patient health trajectory (5 years

Healthcare out), emergency / patient visits
Insurance Predicting the number of contracts and claims over time
Investments Predicting unemployment rates, market indices, stock or market volatility
Manufacturing Predicting production output, sensor values outside limits, machine failure
Marketing Predicting Google AdWords bid prices, marketing attribution
Restaurants Sales prediction per restaurant
Retail Sales prediction per product/store
Telco Predict cell (or service) usage, capacity planning
Utility Demand prediction (gas/electric)




Use Case:
Sales Forecasting
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Project Statement

Our 10 retail stores do around S$78k in sales per day on average. Average daily
sales can be as high as $273k during Black Friday or a low as SO when the store is
closed. You would like to be able to accurately forecast sales over the next week
as well as understand what factors impact sales and to what degree. If
successful, this information will used by executives as a baseline for judging store
performance and evaluating overall business operations.




DEMO
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Advanced Topics
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What level of aggregation should | model?

Granularity
What is the ° Minutely A
business question? e Hourly
e Daily
Should we predict the o Weekly
mean or the total? e Monthly

Quarterly v

Attributes:

Less stable target

More data to train models

Higher likelihood time series models
will capture interesting dynamics
Potentially too many zeros to model
data well

Attributes:

More stable target

Less data to train models
Dynamics are often damped
Tend to be worse ML problems

Explore adding features such as mean, total, min, max, slope while aggregating



Can hierarchical strategies help?

YES - Hierarchical modeling can improve performance for multi-series data
where many of the series are very low-volume.

SKU Category
sales sales

“ ’l N W W: I SKUA % == SKU Asales

| “ ’l m Category sales qty prediction W: 9 SKUB % == SKU B sales

I e = -

SKU sales % prediction o 3 SKUY % == SKU Y sales

“ ’l m @ @ I SKUZ % == SKU Zsales

SKU sales prediction




How does dynamic thresholding work?

n
@,
Time seriesmodelscan & | ¢ & % L« X o x
. o o X & e & Yo X
be used to monitor a 2 ° o Xy ¢ .
¥ X
process health = v
> Actual Data
_g Predicted Values / Anomalies
D)
Z o
1 % Limits
. ©
Difference between =
Actual - Prediction =




What goes wrong?

0.10 1
Sudden system change 0.08 1
- New product launch . -
0.06 - . . e %
- Competitor opens a new 5 . . S R
store L0 0.04- U . . :. 9. x’..“: .‘
- Regulatory changes T . . Mo
0.02 1 o ‘ '. ‘o- N ° Oo“.. i 0..0:-.' .... o'
o Soniln A e e —
0.00
200|9-07 200’9-10 2016-01 2012)»04 2016-07 tOIb-IO 201i-01

Good Performance  Suddenly Falls Apart



We Are Hiring in Seoul!

o Customer-Facing Data scientist @ DataRobot

e Do you have?

4-5+ years of real-world business experience in a Data science role
Hands-on experience building and implementing predictive models
using machine learning algorithms

Strong customer interaction and project management skills

Excellent organizational, communication, writing, interpersonal skills
Familiarity with variety of technical tools for manipulation of datasets
Fluency with scripting (Python / R)

*
*

L 2R 2R 2K 2

e Contact mel
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DataRobot PRODUCT SOLUTIONS RESOURCES PARTNERS ABOUT WE'RE HIRING CONTACT US

& VIEW ALL

Customer Facing Data Scientist
Q@ Seoul, South Korea

Customer Facing Data Scientists (CFDSs) are critical to making our customers
successful. An ideal CFDS candidate should have strong fundamentals of applied Data Science
data science in business setting, and should enjoy communicating and evangelizing
data science solutions to business stakeholders.

Roles and responsibilities :

e Product
o Representing the DataRobot product from a technical standpoint to
customers - including demonstrations, conducting proof-of-concept
trials, helping clients evaluate success criteria, and training users
o Providing the customer’s point of view to DataRobot’s Product team,

LY L N 1 SR LR T ol < TR [ T o TR [ [ 3

Our Data Science team is

composed of people from around
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DataRobot
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