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What’s a time series?

Any data that change over time

e Typically continuous (including counts)
e Time gives natural ordering



What’s forecasting?

Regression

e Value of y given values for the predictors X
e Does not depend on time (or temporal effect is negligible)



What’s forecasting?

Regression

e Value of y given values for the predictors X
e Does not depend on time (or temporal effect is negligible)

Forecasting

e Value of y given previous values of y
e Some models can also incorporate exogenous predictors



Predictability

Can we forecast in changing environments?



Predictability

Predictability depends on...

e Availability of data
e Our understanding of contributing factors
e Whether our forecasts affect the process we’re trying to forecast
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A word of caution

What happened?



A word of caution




Motivation



Motivation

Home - opinioni

Dati come di guerra nell’ltalia 2015.
Attenti ai morti

Leggendo  dati foriti dalllstat sultotale dei mortin ltalia nei primi sette:
mesi del 2015 - ultimo aggiornamento a tuttogg! disponibile - s scopre
un aumento di 39mila decessirispetto agli stessi primi sette mesi del

14, : marginale se si o

aumento dell"119% e che, se confermato su base annua, porterebbe a
664mila morti nel 2015 contro i 598mila dello scorso anno. S tratterebbe
diun aumento di ben 66mila unit, che si annuncia in gran parte

residente nel nostro Paese.Il dato & impressionante. Ma cid che lo rende

del

mortalita,

sinoal 1943 e, prima ancora, occorre risalire agli anni tra l 1915 et 1915 OPINION!

due periodi

itere
delle gaffes che alimenta anche
Feuroscetticismo

di questotipo. Viceversa, in un‘epoca come quella attuale, in condizioni di
pace e con uno stato di benessere che, nonostante tutto, & da ritenersi

Esolola "

continuo allungamento della vita, - con guadagni sensibil anche in

Looking up oken. 5 =
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Motivation

In Italia nel 2015 sono morte 54mila persone
in pit1 (+9%). Ecco le possibili cause

‘mortali del
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Motivation
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Original data

Births, deaths, and net migration

Monthly resolution from January 2004 till November 2017

At municipality (comune) level
Stratified by sex
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Aggregated data

Deaths only

Monthly resolution from January 2004 till November 2017
At region level (N = 20)
Stratified by sex
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Start End Length

Training January 2004 June 2016 12.5 years
Test July 2016 November 2017 17 months
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Pre-processing

Data are unnormalised monthly counts

e Boundary changes
e Population size (pre-census vs post-census)
e Calendar adjustment
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Exploratory data analysis
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Family Method Package
Naive (RW) forecast

Baseline Seasonal naive forecast
Naive with drift forecast
Average forecast
ETS forecast

Univariate ARIMA forecast
BSTS bsts
Prophet prophet

Hierarchical HTS hts

14



Modelling




Naive and average methods

Forallh=12, ..,

Naive (RW) VrnT=Yyr
Seasonal naive with period m V7 ;7= Yrnm(|(h-1)/m|+1)
Naive with drift Vrsnr=yr+h(ye—y1)/(T—1)

Average Vrmr= /T
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Time series decomposition

Additive model
Common components

=T;+5+R
e Trend-cycle T, Vi e i
* Seasonal 5 Multiplicative model

e Remainder R; I xS xR
Ye= 1t Xt X Rt
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Modelling

Exponential smoothing



Simple exponential smoothing (SES)

Given a smoothing parameter 0 < x < 1,

;/t—l-l\t =y +(1- a)/yt\t—l

Veene = (e (forecast)
le=oye+ (1 — o)l q (smoothing)
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Holt’s linear trend method

Given a smoothing parameter 0 < f < 1,

Verme = le+ hb; (forecast)
o= e+ (1= ) (ler + be 1) (level)
by = B(lr — 1) + (1 — B)br1 (trend)
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Gardner and McKenzie’s damped trend method

Given a damping parameter 0 < ¢ < 1,

Verne=Lle+ (b +d% + ...+ d")by (forecast)
o= Y+ (1= Q)(le1 + dbye 1) (level)
by =B(lr— 1) + (1 = B)bbr 1 (trend)
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Holt-Winters’ seasonal (additive) method

Given a smoothing parameter 0 <y < 1 and a frequency m e N,

Verne = Le+ hbe+ Seon min1)/m 1) (forecast)
gt = 0((yt — St—m + (1 — 0()(61‘7]_ + bt,]_) (IeVEI)
(trend)

b =Bl —lee1) + (1 — B)bir

Se=YWe—Lle) + (1 —Y)Seem (seasonality)
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ETS methods

e Error

e Additive

e Multiplicative
e Trend

e None 2x3x3=18

* Additive - possible configurations
e Additive damped

e Seasonality

e None
e Additive
e Multiplicative
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Modelling

ARIMA models



Backshift operator B

Let’s introduce the backshift operator B,

BYy: = Yi-1
Byt Vi 2

B"Y: = Yim
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Backshift operator B

We can rewrite first-order differences in terms of B,

Ye— Vi1 =Y:— By
=(1-B)y:
In general, B follows algebraic rules,

(L-B)(1-B")y;:=(1-B"— B+B’"+1)yt
=Yi—Yem— Y1+ Ye-m-1
=Ve—Vem) — (Vo1 — Vie-1)-m)
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Autoregressive and moving average models

Autoregressive AR(p) model of order p

Ve=Bo+BiyVe1+... +ByVept €

Moving average MA(gq) model of order g

Ye=Yo +¥1€t-1+ ... + Y€t g+ €
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ARIMA models

Non-seasonal ARIMA(p, d, g) model
(1-BB—... = B,B)(1—B)ye =+ (1+y,B+...+Y,Be€
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ARIMA models

Non-seasonal ARIMA(p, d, g) model
(1-BB—... = B,B)(1—B)ye =+ (1+y,B+...+Y,Be€

Seasonal ARIMA(p, d, q)(P, D, Q),» model

(1-B1B—...—B,B)(1—BiB" ...~ BpB")(1—B)41 - By,
=&+ (1+y;B+...+¥BY) (L +T1B"+ .. +ToB)e,
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Modelling

Other methods



Bayesian Structural Time Series (BSTS) models

e Introduced by S. L. Scott and H. Varian (Google)
e Ensemble method
e Structural time series model + regression component

Model evaluated
e |Local linear trend

e Seasonal model with m =12
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e Introduced by S. J. Taylor and B. Letham (Facebook)
e Curve fitting (similarly to GAMs)
e Decomposition into trend, seasonality, and holidays

Model evaluated
e Default settings

— No daily or weekly seasonality
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Hierarchical time series models

e Introduced by R. J. Hyndman et al. (Monash University)
e Independent forecasts + aggregation at different levels
e Many different aggregation methods

Models evaluated
e Forecasting methods: ARIMA, ETS, RW

e 5 aggregation methods x 4 weighting schemes

27



Modelling

Measures



Scale-dependent measures

Given the prediction errors er .y = Yrin — Vrens -

Measure

Mean absolute error mean(|e;|)

Root-mean-square error mean(e?)
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Percentage errors

Given the percentage errors p, = 100e;/y, ...

Measure

Mean absolute percentage error mean(|py|)

Symmetric MAPE mean(200|y: — V| /(ve + V1))
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Scaled errors

Given the scaled errors...

e e
t or qc = t

ac = = = ,

= T
% v Ve — Vo1

the mean absolute scaled error is simply mean(|g;|)
Interpretation

For g < 1, the forecast is better than the average (seasonal) naive
forecast (computed on the training data)
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Results




Seasonal naive forecasts
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ETS forecasts
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Univariate models
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HTS models
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And the winner is...

Method MAPE
BSTS 6.52%
Prophet 6.58%
ETS 6.62%
HTS (bottom-up ETS) 6.62%
ARIMA 7.49%
Seasonal naive 9.44%
Average 9.83%
Naive (RW) 11.4%

Naive with drift 11.8%
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Recommendations




Lessons learned

Time series are messy!

e Temporal resolution and spacing

e Calendar adjustment

e Model evaluation and cross-validation
e Hierarchical structure
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Lessons learned

Time series are fun!

e Data visualisation
e Models (often) interpretable
e Anomaly detection

36



Before you get started...

Ask yourself...

e Do I have enough data?
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Before you get started...

Ask yourself...

e Do I have enough data?

e Is my time series evenly spaced?
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Before you get started...

Ask yourself...

e Do I have enough data?
e Is my time series evenly spaced?

e Which measures do I care about?
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During modelling...

e Visualise — Trend? Seasonality? ‘Spikes’?
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During modelling...

e Visualise — Trend? Seasonality? ‘Spikes’?

e Start with a simple model
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During modelling...

e Visualise — Trend? Seasonality? ‘Spikes’?
e Start with a simple model

e Plot the ACF of residuals
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e Compare even more models (including neural networks)
e Include exogenous covariates such as temperature

e Build a user interface

39
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