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Forecast setup
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Intro

It is di cult to make predictions, especially about the future.

(Niels Bohr; possibly an old Danish proverb)
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Intro

It is di cult to make predictions, especially about the future.

I 1t is fairly easy to make forecasts for variables that have a decently stable pattern
over time
I Weekly FMCG product sales, sensor of gadgets used regularly
I It is very hard to make forecasts of really interesting variables unexpected stu
may happen
| GDP with Recession, crisis,
| High tech gadgets with new products
I Stock market prices
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Forecasting basics

| Forecasting is a special case of prediction.

I Forecasting makes use of time series dataypand possibly other variables

I The original data used for forecasting is a time series from 1 throligisuch as
Y Y2, Bh YT

I The forecast is prepared for time periods after the original data ends, such as
PYr+1¥r+2, 09 +H. This is the live time series data.
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Forecast horizon

I The length of the live time series data (her® = the forecast horizon.

I Short-horizon forecasts are carried out for a few observations after the original time
series;
I 5-10 years of monthly data, forecast a 3-12 months ahead
I 10 years of quarterly data, predict ahead of a few quarters

I Long-horizon forecasts are carried out for many observations.
I Often: data on activity, operation
I 5 years of daily data, forecast daily ahead for a year
I 2 months of hourly activity data, predict weeks ahead
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Cross-validation in time series

| Cross-validation with time series is necessary
I It is tricky
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Cross-validation - option 1: test within data

| Forecast period relatively long
compared to data.

I example: predict for 1 year,
data 6 years

I long run serial correlation,
trend less of an issue

I Insert test sets + use all
remaining observations for the
training sets

| Green: training set, Blue: test
set, Yellow: holdout set
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Cross-validation - option 2 Rolling window

I Rolling windows. Training set
only before the test set

| Forecast period relatively
short compared to data.

I example: predict for 12
months, data 15 years

| Serial correlation matters

| Green: training set, Blue: test
set, Yellow: holdout set
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Cross-validation in time series

Consider a forecast for horizdt (e.g., 12 months, or 365 days).
| For the holdout set, reserve the lakt time periods in the original data and use
the rest as the work set.
I From the work set, seledt test sets as non overlapping complete time series of

lengthH.
I For each test set, select the corresponding training set in one of the following two
ways:
I for long-horizon forecasts that don't use serial correlation, select all other

observations, including those after the test set;
I for short-horizon forecasts that use serial correlation, select the time series preceding

the test set, in such a way that all training sets are of equal length.
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Long-horizon: Seasonality, trend anc
predictable events
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Long-horizon forecasting: Seasonality and predictable events

| Look for aspect of data that matter for long time
I Focus on predictable aspects of time series
I Trend(s) + Seasonality + Other regular events

I Two options to model trend: estimate average change or trend line

| Seasonality especially true for forecasts with a daily or higher frequency such as
hours or minutes

| Seasonality: model with set of variables (11 months), maybe interactions
I Other regular events - set of binary vars
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Long-horizon forecasting: Trends - option 1

I First model - estimate average change
Cy=n 1
I For prediction this means
Yre1=yr + Cy
Yreo=Hrs1+ Cy=yr+2 Cy

Yrew=yr+H Cy
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Long-horizon forecasting: Trends - option 2

| Estimate trend line

I The simplest trend line is linear in time, with an intercept and a slope multiplying
the time variable:

po=n "t (2)
I ~is predictedy whent = 0
| " tells us how much predicted changes it is increased by one unit.
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Long-horizon forecasting: Trends - compare options

I Dierence in models

I Model changes: assume thgtcontinues from the last observation and increase by
the same amount each time.

I If last observation unusually large or smpllvalue, a trend modeled as change
would continue from that unusual value.

I Model trend line, we assume thatremains close to the trend line. Last unusual
observation would not matter for the forecast, because it would be the trend line.

I Neither approach is inherently better than the other
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Long-horizon forecasting: Seasonality

| Capture regular uctuations
I Months, days of the week, hours, combinations
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Case study: ABQ swimming

| Swimming pool data

| Albuquerque (ABQ), New Mexico,
USA

| Big data, transaction level entry data
logged from sales systems

I 1.5m observations
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Case study: ABQ swimming

| Sample: Single swimming pool
| Aggregated: number of ticket sales
per day

| After some sample design - regular
tickets only
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Case study: Modelling

I Trend is simple use simple linear trendi
I Maybe not really important at all

| Seasonality is important and tricky
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Case study: Daily ticket sales

Daily sales - 1 year Daily sales - 5 years
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Case study: Monthly and daily seasonality in the number of tickets so

(a) Seasonality by months (b) Seasonality by days of the week
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Case study: Daily ticket sales: A heatmap

I Tool to model seasonality

I Each cell is average sales for a
given combination of day and
month over years

I Colors help see pattern
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Case study: Modeling

I Trend is simple - linear trend

| Seasonality is tricky - need to model and simplify
I Months
| Days of the week
| USA holidays
I Summer break
I Interaction of summer break and day of the week
I Interaction of weekend and month
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Case study: Model features and RMSE

trend months days holidays school*days days*months RMSE

M1 X X 32.35
M2 X X X 31.45
M3 X X X X 29.46
M4 X X X X X 27.61
M5 X X X X X X 26.90
M6 (log) X X X X X 30.99
M7 (Prophet) X X X X N/A N/A 29.47

Note: Trend is linear trend, days is day-of-the-week, holidays: national US holidays, school*days is school holiday
(mid-May to mid-August and late December) interacted with days of week. RMSE is cross-validated. Source:
swim-transactions dataset. Daily time series, 2010 2016, N=2522 (work set 2010 2015, N=2162).
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Case study: Modeling

I We build a set of models.
I The winner has all these ingredients:

I Months, days of the week, USA holidays
I Interaction of summer break and day of the week
I Interaction of weekend and month

I Tried level and log, level is better in terms of CV RMSE
I Took best model, re-estimated on full work and predicted for holdout
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Compared actual vs predicted on holdout set (2016)
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