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SAS® Forecast Studio 13.2

= Automatically fits time series models which can at the
same time

= Detect and allow for outliers and level shifts

= Determine which model(s) optimize the chosen fit
criterion




Outline

= Use SAS® Forecast Studio to develop times series
models for New York City Yellow cabs

1. Dally taxi fare revenue
2. Daily taxi trips




Part 1. Daily taxi fare revenue in New York City

= We wish to develop a time series model for the daily taxi
fare revenue by Yellow Cabs in New York City using

publicly available data from 1/1/2011 until 5/31/2015 in
order to both

= Predict daily taxi fare revenue for June 2015

= Estimate the impact of events including
= Price increase
= Holidays
* One of events such as hurricanes




Daily taxi fare revenue in New York City
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Daily taxi fare revenue and trip data in New York City

Taxi & Limousine

Commission
Online Transactions (LARS) Printer Friendly Newsletter Sign-up Translate
Home TLC Trip Record Data
About TLC This dataset includes trip records from all trips completed in yellow and green taxis in

NYC in 2014 and select months of 2015. Records include fields capturing pick-up and
drop-off dates/times, pick-up and drop-off locations, trip distances, itemized fares, rate
types, payment types, and driver-reported passenger counts. The data used in the

* TLC Facilities attached datasets were collected and provided to the NYC Taxi and Limousine

* Research and Statistics Commission (TLC) by technology providers authorized under the Taxicab & Livery
Passenger Enhancement Programs (TPEP/LPEP). The trip data was not created by the
TLC, and TLC makes no representations as to the accuracy of these data.

» TLC Mission Statement
* Commission Room

» Annual Reports
» Employment Opportunities

» Interagency MOUs 2015
TLC Rules and Local Laws January Yellow Green
February Yellow Green
Li ing/Industry Inf i March Yellow Green
April Yellow Green
Passenger Information May Yellow Green
June Yellow Green
Frequently Asked Q i
2014
TLC News
January Yellow Green
TLC Site Map February Yellow Green
March Yellow Green
Contact/Visit TLC April Yellow Green
May Yellow Green
June Yellow Green
o July Yellow Green
'I g B !.l M - August Yellow Green
s September Yellow Green
October Yellow Green

) . November Yellow Green
= P, Online Transactions (LARS) Decombor Yellow ey

Source: http://www.nyc.gov/html/tlc/html/about/trip_record_data.shtml




New York City fare increase and weather events

&he New Jlork Times

As of Tuesday, Yellow Cabs Can Charge Higher Rates

By MATT FLEGENHEIMER  SEPT. 3, 2012

Yellow taxis may begin charging more on Tuesday, ushering in an approved

Emall fare increase for riders, whose rates have remained virtually unchanged
since 2006.

Share
The city’s Taxi and Limousine Commission announced late Monday that

W Tweet operators of yellow taxis would be allowed to put the new fares — which
increase rates by about 17 percent — into effect as of 12:01 a.m. on Tuesday,

Save once they have recalibrated their meters and updated external markings.

theguardian

M US world opinlon sports soccer tech arts  lfestyle fashion  business travel environment sclence = browse all sections

home 3 US
Hurricane Irene

News blog

Hurricane Irene hits New York - Sunday
28 August 2011

Storm Barrels Through Region, Le

By JAMES BARRON OCT. 29,2012

Hurricane Sandy battered the mid-Atlantic

B Email . .
region on Monday, its powerful gusts and storm
surges causing once-in-a-generation flooding in
B snare coastal communities, knocking down trees and
power lines and leaving more than five million
W Tweet people — including a large swath of Manhattan
— in the rain-soaked dark. At least seven deaths
Save in the New York region were tied to the storm.

New York Today: Updates on the Winter Storm

By ANDY NEWMAN  JANUARY 27, 2015 5:58 AWM N 25 Comments
The great blizzard of 2015 did not turn out to be a blizzard in New
York City. Only 7.8 inches had fallen in Central Park as of 7 a.m.
and not much more after that.

And so the region gradually stirred back to life. The travel ban was
lifted in the city and across New Jersey and southern New York at
7:30 a.m. New York City’s subway system resumed operating at 9
a.m.



Open SAS Forecast Studio and click on New

Environment: Default

| Project /

[ | show my (Sheather) projects anly

| New... | | Open | | Eroperties... | | D




Enter a name for your project and click on Next

Name Your Project

Environment: | Default v

Name: |DailyhyCTaxiFareRevenue

Description:

{200 character limit)
[ Allow other users to view and edit this project

| start-up and Shutdown Code... |

< Previous Finish




Double click on SASUSER

Select the Data Set That You Want to Forecast

Eme Description

Selected: | View

< Previous | Mext = Finish Cancel | | Help |




Select the SAS data set and click on Next

Select the Data Set That You Want to Forecast

MName Description

AIRLINE_PASSENGERS_FROM_2002 Lilivery Nome:: SASUSER
AMAZONQUARTERLYNETSALES
APPLEQUARTERLYNETSALES Dataset Label:
APPLEQUARTERLYNETSALESTHRU2015
APPLE_SALES_FROM_1994 Creation Date: Mar 21, 2016 10:26:51 &M
APPLE_SALES_FROM_1994_LOGS
ARIMAPDQ

AUDUSDSINCE2005
AUSTINAIRLINEPASSENGERS
AUSTINAIRPORT AIRLINEPASSENGERSFR Rumber: of obacrvatlons:: 1, 612
CHARGEOFFDELINQUENCYRATES
CHIPOTLEEARNINGSSTORES Number of wvariables: 3
CHIFOTLE_QUARTERLY_EARNINGS
CHUCK_NORRIS_PROJECT_PROPOSAL_V2 Size: 131,072 KB
CO2_MONTHLY_TEMPERATURE_ANOMALY_
COSTCONETSALESTILL20150Q4
CRUDE_OIL_AND_GAS_PRICES_SINCE_2
DAILYNYCTAXIFAREREVENUE
DAILYTAXITRIPSFROM2011THRUMAY1S
DAILYTAXITRIPSFROM2011TIMEORDER
DAILYTAXITRIPSTHRUMAY15_EVENTS
DAILYTAXITRIPSTHRUMAY15_EVENTS2
EUROUSDSINCE2005
GOLDENGATEMONTHLYRECREATIONALVIS
GOLDMANSACHSEARNINGS
GOLD_DAILY_USD
GRANDCANYONMONTHLYRECREATIONALVI

Selected: | SASUSER::DAILYNYCT AXIFAREREVENUE

Modified Date: Mar 21, 2016 10:26:51 BM

< Previous | | Next > Einish




Click on Next since there are no Classification
BY) variables

Specify Classification (BY) Variables and Whether to Forecast a Hierarchy
Available variables: [ /4 (@ Classification (BY) variables selected:

[E Date F‘ t
(i@ DailyFareRevenue o

|| Foracast a hierarchy using the above classification (BY) variables:

":\ Reconcile the hierarchy W Advanced...

Preview...




Select the Time ID variable (in this case Date)
and click on Next

Specify the Properties of the Time Dimension of Your Data

Time 1D variable: R T

Interval: @ Weekend...
Multiplier: —IE
Shift: [ 1F
Seasonalgycle length:) 7%
Format: MMDDYYLO. (&.q. 03/21/2016) E

< Previous | | Next > Finish Cancel ‘ | Help




Select the Y variable (in this case DailyFareRevenue)
and choose Dependent for its role then click on Next

Assign Roles to Variables in Your Data
O You must specify at least one dependent variable
i Rol sage em-Genel Mode|
Adjustments... |
[[ e || Fnish [ concel ||




Click on Next (since there are no missing values

Specify How to Prepare the Data for Each Forecast

Select how to interpret embedded missing values: Missing W

Select which leading/trailing missing values to remove: None v

Select which leading/trailing zero values to interpret as missing: | None v
[ ] 1gnore data points earlier than the following date: 01012011 |

< Pravious | | Next > ‘ | Einish | ‘




Click on Change other forecasting settings

Finish Creating Project

The project is now set up and forecasts can be produced. Before producing forecasts, there are several optional steps that you may take:

Change the number of periods to forecast(horizon): ‘ 12E|

Import project settings
Change other forecasting settings
Export project settings

Create and import events

< Previous | [




Click on Diagnostics, then click on the box next to Detect
outliers change the settings to those below and then click on

Model Generation
" S - |

;:tj:;z;)araﬂon @ T changes are made to the geltings below, the project will be automatically diagnosed. For each series, new system-generated models will be /
created, all other models will be refitted, and a forecast model selected. /
Model Generation q
Model Selection Perform intermittency test. Sensitivity: EE]
Forecast
Combined Model [ Perform seasonality test. Sensitivity: 0.01 %
number of cycles for a model: ZE‘”
Minimum number of observations for a trend model: ZE
Minimum number of observations for a non-mean model: Zr—;_-f
Functional transformation (dependent): None £
Box-Cox parameter: (1=
Faecat
O inds dent variables Both v
Outlier detection{ARIMA models only):
Detect outliers:
significance level: 0.011%
Maximum percentage of series that can be outliers: ZE
[ Refine Parameters:
Significance level:
Factor option: v

ok || cancel || Help




Click on Model Generation, then choose Schwarz Bayesian
Information criterion as the Selection criterion (since we are
seeking a parsimonious model) and then click on Forecast

TTTTTT @ I changes are made to the settings below, models for each series will be automatically reselected. For each series, all models will be refitted,
and a forecast model selected.

Use the following settings to select a forecast model for each series:

[ ] use holdout sample for model selection: IZI

Maximum percentage of series that holdout sample can be: Ijl

["] Maximum number of ending zero values for non-zero model: 05

Maximum percentage of ending zero values for non-zero model: 0
=
=

Minimum number of observation to perform the end-zeros test: 1

Selection criterion: |5c||wam Bayesian information criterion




Click on Forecast, then change the Number of periods
to forecast to 30 and then click on OK

Time ID

Data Preparation
Diagnostics
Model Generation
Model Selection Use the following settings to select a forecast model for each series:

Forecast
Combined Model Number of periods to forecast (horizon):

Calculate statistics of fit over an out-of-sample range: 0 E

Confidence limit:

@ If changes are made to the settings below, forecast models will be updated(parameters will not be changed).

[] Allow negative forecasts

Create the component series data set

[ create a forecast data set for independent variables




Click on Create and import events

Finish Creating Project

The project is now set up and forecasts can be produced. Before producing forecasts, there are several optional steps that you may take:

Change the number of periods to foremst(horizon):| 30 E“

Import project settings

iChange other forecasting settings

Export project settings
Create and import events

< Previous | ‘ Next > | | Finish | | Cancel | ‘ Help




Click on New
- eentRepesy &

The project contains the following events, These can be used in system-generated models whenever a project or series is diagnosed, or manually added to custom models.

Event / [Type | occurrences | Description |usage in System Models
Press "New" to add an Event

Edit.... Copy Combine... Delete

Add events from a data set  Save events to a data set




Enter the Name of the event (Hurricanelrene) and

B umcanetrond Types Pubsa Change...
Desscription: |
Erofile: [
20 20 2 |20 13 WB\:I’ZDI? Lilre) 20 20 20 20
Date
Deeurrences: Add...
move
Options: | duration=0 Edfi
Recurrence: mone L e
Lsage in systergenerated models: Usa if significant
mmmmmmm
| Cancel || tielp




Select the Date of the Event, click on the top arrow
and then click on OK

Selected:

Sun Maon Tue Wed Thu i Sat 08/28/2011 ’EI

Abraham Lincoln's and George Washington's birthdays observed
Boxing Day

Canada Day

Canada Observed Day

Christmas Day

Columbus Day

Easter Day

Fathers Day




Click on OK

B8 iuricansirens Typa: Puise| Change. ..
[Descipton:
Erofile: 1
(LR
06
('¥]
62
momzon Tz [T oroe02 0203 oroe3 [Ty 072014 Moens 071208 012016
Drate
| Bemove
Options: | duration=0 | Eat.
" Recurrance: ‘m [ mae.
. /
Usage in system-generated madels: | Use if significant -
iew Code
o | concel || oo




Click on New add a level shift associated with the fare
Increase

The project containg the following events. These can be used in systerm-generated models whenever a project or series is diagnosed, or manually added to custom models,

Type Occurrences Description Usage in System-Generated Models

Pulse

Newe. || gdit. || gcopy || combine.. | pelete

Add events from a data set  Save events to a data set




Click on New add a level shift associated with the fare 2

Increase on 9/04/2012




Adding the other events and holidays and then click

on Close

The project contains the following events. These can be used in systerm-generated models whenever a project or series is diagnosed, or manually added to custom models.

Event / Type Occurrences Description Usage in System-Generated Models

BLIZZARDOF2015 0 f2015 Use if significant

BOXINGDAY Pulse Use if ifi 4]
CHRISTMASDAY Pulse Christmas Day Use if 4]
FAREINCREASE Level Shift 09/04/2012 Use if 4
HURRICANEIRENE Pulse 08/28/2011 Use if significant 4
HURRICANESANDY Pulse 10/29/2012 Use ifi |
JuLy4 Pulse Day(US) Use if signifi 4
LABORDAY Pulse Labor Day Use if 4]
MEMORIALDAY Pulse Memorial Day Use if i 4
|NEWYEAR Pulse News Year Use if significant 4
THANKSGIVINGDAY Pulse [Thanksqiving Day Use. ifi 4l
[ New.. || Edt. || copy | combine.. || Delete

Add events from a data set  Save events to a data set

= .




Click on Finish

Finish Creating Project

The project is now set up and forecasts can be produced. Before producing forecasts, there are several optional steps that you may take:

Change the number of periods to forecast(horizon): | 30 E‘

Impeort project settings
Change other forecasting settings
Export project settings

Create and import events

< Previous ‘ ‘ Next > | | FEinish | | Cancel | | Help




Daily taxi fare revenue in New York City — Forecast Summary

DailyNYCTaxiFareRevenue
SBC Distribution Model Family Model Type Number of Forecasts
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Daily taxi fare revenue in New York City — Forecasting View

Eile Yiew Project Jeries Tools Window Help
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Daily taxi fare revenue in New York City — Forecasting View

File View Project Series Tools Window Help

B EhHE ?
Table View | Faded Forecasts |
Statistics. of it calculsted over an in-sample

Forecasing View | Modeling View | Serias View | Scanaric Analysis View|

Fier: AR
(1 of 1 seres) Refresh
S0C 5
a000000
A000000 -
4000000 |
OS3120S 0872015 0642015 oENMS DE282015 0705205
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Daily taxi fare revenue in New York City — Forecasting View
Click on the right most icon in line with “Active series”

Select data from the table that you want to copy to the clipboard:

() History and forecast

() History only




Daily taxi fare revenue in New York City — Actuals and Forecasts
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Daily taxi fare revenue in New York City — Modeling View
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Under the Modeling View, click on the right most icon to “View
Diagnostics”

Eile View Project Series Tools Window Help

S ElsE ?
Table View | Failed Forecasts_ Forecasting View Modeling View | Series View | Scenario Analysis ‘.-'iew_
Statistics of fit calculated over an in-sample ran... DailyFareRevenue, DailyFareRevenue: SBC= 41770

llErs |A“ ¥ ||[#] Active series Forecast Model: LEAF O{automatic selection) Set this model as forecast model

(1 of 1 series) Refresh Eﬁtﬁk%’>‘<b@[@'l@|l@

SBC /
Model View Diagnostics
Generated ARIMA Model (LEAF 0

Generated ARIMA Model (LEAF 1)
Generated Smoothing Model (LEAF_2)




Daily taxi fare revenue in New York City — Diagnostics (partial
output)

Functional Seasonality i

Variable Statistic

Transform Criterion
CailyFareRevenue |MOME 7 SBC 41770




Under the Modeling View, click on Tables and then click on
Parameter Estimates

File View Project Series Tools Window Help

A HhuE ?
Table View  Failed Forecasts Forecasting View Modeling View | Series View | Scenario Analysis Viewl
Statistics of fit calculated over an in-sample ran... DailyFareRevenue, DailyFareRevenue: SBC= 41770
Fiter: Al ¥ 1 /[T Active series Forecast Model: LEAF_0{automatic selection) Set this mo
(1 of 1 series) Refresh ﬁgh@}(b@ﬂg[ﬂ%| &5,
SBC / p—
Generated ARIMA Model (LEAF 0

Generated ARIMA Model (LEAF 1)
Generated Smoothing Model (LEAF 2)

Plots - Tables - | 32 Full screen view

Parameter Estimates

Forecast Values
Statistics of Fit

Model Component Values

Unbiasedness Test




Component Parameter Estimate Etrrannrdard t Value SEEFTTT
DailyFareRevenue hl&1_1 2.06587 0.03711 56.67 =.0001
DailyFareRevenue hif1_2 -1.93025 0.04288 -39.49 =.0001
DailyFareRevenue hif1_3 0.79967 0.03001 26.65 =.0001
DailyFareRevenue hiA2_7 0.95528 0.01129 5464 =.0001
DailyFareRewvenue  |AR1_1 2.01692 0.04306 46.84 =.0001
DailyFareRevenue AR1_2 -1.94354 0.05280 -36.81 =.0001
DailyFareRevenue AR1_3 0.7 7606 0.04019 19.31 =.0001
DailyFareRevenue ARZ_T 0.99561 0.0040845 24376 =.0001
HURRICAMNEIREME |SCALE -2607042.8 [290485.7 -8.97 =.0001
FAREINCREASE SCALE 13604469 [401837.7F 3.36 0.000g
HURRICANESAMDY |SCALE -426E3159.6 [335583.4 -12.72 =.0001
BLIZZARDOFZ015 SCALE -2838506.2 [288736.6 -5.83 =.0001
CHRISTMAS DAY SCALE -1245637.6 14308271 -8.65 =.0001
JUILY 4 SCALE -833331.4 143794.7 -5.80 =.0001
LABORDAY SCALE -351218.0 1563208.0 -2.29 0.0220
MEMORIALDAY SCALE -652486.0 129617.8 -4.26 =.0001
THAMKEGMINGDAY |SCALE -916862.3 144265.6 -6.35 =.0001
LE01JANZOT40 SCALE 249808948 (3902791 §.40 =.0001
AD13FEBZ014D SCALE -2850060.9 |287751.8 -10.04 =.0001
LS05AUG2013D SCALE 25370554 |384868.4 §.59 =.0001
ADT1ALIG2013D SCALE -2921294.4 |28BVEYVE -10.15 =.0001
LE27AUG2011D SCALE -2379733.4 380531 -6.24 =.0001
LE04AFRZ011D SCALE 2EF38E1.4  [385258.8 £.94 =.0001
LEMAFRZ011D SCALE -3B3052.7 [385269.2 -8.26 =.0001
A1 BJANZOTED SCALE 42112875 [288236.3 14.61 =.0001
LEMDECZ014D SCALE JEER954.9  [38BRE12.T §.49 =.0001
AQINOCT20120 SCALE -3015633.0 [334561.0 -8.99 =.0001

g AQDTJANZOTZD SCALE S17TAON G (2876 -6.16 =.0001




Daily taxi fare revenue in New York City — Parameter Estimates
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Part 2. Daily taxi trips in New York City

= We wish to develop a time series model for the daily
number of taxi trips by Yellow Cabs in New York City
using publicly available data from 1/1/2011 until
5/31/2015 in order to both

= Predict daily taxi trips for June 2015

= Estimate the impact of events including
= Price increase
= Holidays
* One of events such as hurricanes




Daily taxi trips in New York City — Forecasting View
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Component Parameter Estimate Etrannrdard t Value ’;EEFT,[T
TaxiTrips COMSTANT  [1935850.5 201454 463 =.0001
TaxiTrips MAT_7 0.BEGT3 0.020449 32.40 =.0001
TaxiTrips AR1 1 0.83603 0.01454 57.449 =.0001
TaxiTrips ARZ_T 0.954934 000463584 |213.31 =.0001
HURRICAMNEIREMNE SCALE -334459.4 177348 -18.86 =.0001
HURRICANESANDY  |SCALE -239077 6 1735449 -13.74 =.0001
BLIZZARDOF 2015 SCALE -184863.2 16136.8 -12.21 =.0001
BOXINGDAY SCALE -44047 .1 Hak7.B -4.70 =.0001
CHRISTMAS DAY SCALE -125750.3 894532 -14.045 =.0001
INDEFENDENCEDAY |SCALE -61274.3 7hE4.2 -3.10 =.0001
LABORDAY SCALE -40070.9 75829 -5.28 =.0001
MEMORLIALDAY SCALE -57867.3 BE79.1 -8.41 =.0001
MEVWYEAR SCALE 1421.8 8514.0 017 08674
THAMKSGIVINGDAY | SCALE -52018.4 23911 -6.20 =.0001
Best Model Specification
Variable B Constant p d q F ] Q Seasonality Cutlier Event s Statistic Status
Transform Criterion
TaxiTrips MOMNE YES 1 0 0 1] 1 7 32 10 SBC 32454 Ok
i ’ /,

P K
1




Component Parameter Estimate E?ﬂr}dard t Value szﬂm{
ACITFEBE2013D SCALE 673745 15201.2 4.43 =.0001
LS24NOV2011D SCALE -81926.9 195747 -4.19 =.0001
ADZFJANZOTID SCALE -118600.7 151604 -7.83 =.0001
LS01APR2Z0I1D SCALE -2E1735.4 189891 -13.78 =.0001
LE04MOV20120 SCALE TEE19.6 187248 4.03 =000
LS27DECZ014D SCALE -1389048.3 20/23.9 -6.74 =.0001
LS05AUGZ013D SCALE 209675.5 194327 10,79 =.0001
ACDSMARZOSD SCALE -7TEE47 15127.3 -5.15 =.0001
LS24DECZONID SCALE -795248.7 18588.7 -4.28 =.0001
ADOTJANZOT2D SCALE -1856341.6 173323 -10.69 =.0001
LS01AUG2013D SCALE -150976.6 19421.5 -7 =.0001
ADT1ALGZ013D SCALE -204879.4 152283 -13.45 =000
AQODEFEE2013D SCALE -118024.0 17396.2 -6.84 =.0001
LE01JANZOTSD SCALE 1701441 20114.2 3.46 =000
AQOYFEE2013D SCALE -160075.2 174545 =917 =.0001
ADT4ALGZONTD SCALE -1962145.0 15508.8 -12.65 =.0001
AC13FEE2014D SCALE -162237.5 151345 -10.06 =.0001
LS03JANZINID SCALE 24889487 190971 13.04 =.0001
LE02AJG20130 SCALE -71066.4 18475.4 -3.65 0.0003
LS04APR2011D SCALE 2456104 18997.8 1293 =.0001
ADZ1JANZOT 3D SCALE -73075.4 151377 -4.83 =000
L522MNOYV2012D SCALE -83898.7 19697.0 -4.26 =.0001
LS270CT2014D SCALE -112633.7 185933 -6.06 =.0001
AD30D0CTZ012D SCALE -166026.7 17381.5 -8.87 =.0001
AD21JANZ014D SCALE -145163.4 18131.8 -9.89 =.0001
ADOIJANZOT4D SCALE -123591 .6 15148.8 -3.16 =000
ADZTAUGZON1D SCALE -163790.8 156376 -10.86 =.0001
LE24MOV20140 SCALE -149887 .9 18693.5 -8.02 =000
ADZTAUGZONTD SCALE -237780.3 173942 -13.67 =.0001
AD1ZJANZONTD SCALE -113624.4 15149.7 -7.80 =.0001
LS01DECZ014D SCALE 205424.4 18672.3 11.00 =.0001
AQDTALIGZ014D SCALE -104115.9 151374 -f.88 =.0001




Daily taxi trips in New York City — Modeling View
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SAS® Forecast Studio 13.2

= Automatically fits time series models which can at the
same time

= Detect and allow for outliers and level shifts

= Determine which model(s) optimize the chosen fit
criterion
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